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Abstract

This thesis deals with minimum mean square error (MMSE) speech enhancement schemes
in the short-time Fourier transform (STFT) domain with a focus on statistical models for
speech and corresponding estimators.

MMSE speech enhancement approaches taking speech presence uncertainty (SPU) into
account usually consist of a common MMSE estimator for speech and an a posteriori speech
presence probability (SPP) estimator. It is shown that both estimators should be based
on the same statistical speech model, as they are in the same estimation framework and
assume the same a priori knowledge. In order to give a synopsis of consistent MMSE
estimation under SPU, typical common MMSE estimators and a posteriori SPP estimators
are recapitulated. Furthermore, a new specific a posteriori SPP estimator is derived based
on a novel statistical model for speech. Then, a synopsis of approaches to consistent MMSE
estimation under SPU is given.

In the context of statistical modeling, we enhance a modern a posteriori SPP estimation
approach based on fixed parameters. More precisely, the conservative speech model of this
reference approach is replaced by an improved one. Then, a new a posteriori SPP estimator
is derived and its fixed parameters are trained. The resulting proposed approach unifies the
advantages of fixed parameters and a novel statistical speech model.

Although both speech enhancement and error concealment deal with distorted (speech)
signals, there has not yet been an attempt to relate both fields to each other. However,
since there are many commonalities between these disciplines, many interesting links be-
tween them are discussed based on recursive MMSE estimation. Furthermore, besides these
commonalities, also interesting differences are analyzed and a general advantage of error
concealment is identified. Based on this finding, research perspectives for the field of speech
enhancement are sketched, inspired by error concealment.

This thesis provides a new statistical framework for recursive MMSE speech enhancement.
This advantageously allows for applying the improved statistical models from classical, non-
recursive speech enhancement to the recursive case. As a specific enhancement scheme, we
extend recursive MMSE estimation by taking SPU into account.

Finally, a new reference-free signal-to-noise ratio (SNR) measurement approach is pro-
posed in this thesis. This approach aims at estimating the SNR of a speech signal distorted
by car noise as close as possible to reference-based measurement approach according to I'TU-T
Recommendation P.56, but in a reference-free fashion. The proposed approach achieves small
estimation errors and shows high correlation with the ITU-T P.56 measurement within a
typical SNR range. Furthermore, it provides relaxed computational complexity and can be
applied to narrowband and wideband signals. Within ITU-T Study Group 12, the Focus
Group on Car Communication (FG CarCOM) has decided to adopt the new reference-free

SNR measurement approach for the draft of a recommendation proposal.
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Zusammenfassung

Die vorliegende Arbeit beschiftigt sich mit Storgerduschreduktion (engl. speech enhance-
ment) fiir Sprachsignale mittels frequenzbereichsbasierter MMSE-Schétzer (minimum mean
square error, engl. fiir kleinster mittlerer quadratischer Fehler). Hierbei liegt ein besonderer
Fokus auf den statistischen Sprachmodellen und den resultierenden Schétzregeln.

Spezifische MMSE-Verfahren, die die Unsicherheit der Sprachprisenz (engl. speech
presence uncertainty, SPU) berticksichtigen, bestehen aus einem allgemeinen MMSE-
Sprachschétzer und einem Schétzer der Wahrscheinlichkeit von Sprachanwesenheit (engl.
speech presence probability, SPP). Es wird gezeigt, dass beide Schitzer auf demselben statis-
tischen Sprachmodell basieren, zudem werden iiblicherweise verwendete allgemeine MMSE-
und SPP-Schéitzer rekapituliert. Dariiber hinaus wird ein neuer SPP-Schétzer hergeleitet,
der auf einem verbesserten statistischen Sprachmodell basiert. Danach wird ein Uberblick
iiber konsistente MMSE-Schétzverfahren mit SPU gegeben.

Im Kontext der statistischen Sprachmodellierung wird auch ein spezifisches, auf festen Pa-
rametern basierendes SPU-Verfahren weiterentwickelt. Das konservative Sprachmodell die-
ses SPU-Verfahrens wird durch ein verbessertes ersetzt und ein weiterer neuer SPP-Schétzer
wird hergeleitet. Anschliefend werden die festen Parameter der resultierenden Schétzregel
trainiert. Dieses weiterentwickelte Verfahren vereint die Vorteile der festen Parameter und
des verbesserten Sprachmodells.

Obwohl sich Stérgerduschreduktion und Fehlerverdeckung (engl. error concealment) mit
der Aufgabe beschiftigen, gestorte (Sprach-)Signale zu verbessern, werden diese Verfahren
typischerweise nicht in Beziehung zueinander gesehen. Da es jedoch viele Gemeinsamkei-
ten zwischen beiden Disziplinen gibt, werden bisher unbekannte Beziige diskutiert. Dariiber
hinaus werden auch Unterschiede behandelt und ein grundsétzlicher Vorteil von Fehlerverde-
ckungsverfahren identifiziert. Motiviert durch diese Erkenntnis werden Forschungsperspek-
tiven fiir das Themenfeld der Storgerduschreduktion aufgezeigt.

Ferner wird eine neue, statistische Darstellung von rekursiver MMSE-Schétzung der Spra-
che présentiert. Diese ermoglich es, die modernen statistischen Modelle der klassischen,
nicht-rekursiven Verfahren auf den rekursiven Fall anzuwenden. In diesem Kontext wird
die rekursive MMSE-Schétzung mit einem SPU-Verfahren erweitert.

Schlieflich wird ein neues, referenzfreies Messverfahren fiir das Signal-Rausch-Verhéltnis
(SNR) vorgestellt. Das Ziel des Verfahrens ist, das SNR eines von Fahrzeuggerduschen ge-
storten Sprachsignals referenzfrei zu schitzen. Das Schétzergebnis soll so nah wie moglich
am referenzbasierten Messverfahren nach ITU-T Recommendation P.56 liegen. Das neue
Verfahren zeichnet sich durch kleine Messfehler und eine hohe Korrelation der Messwerte
zum Referenzverfahren aus und kann mit Schmalband- sowie Breitbandsignalen verwendet
werden. Die Focus Group on Car Communication (FG CarCOM) der ITU-T Study Group 12

hat beschlossen, das Verfahren in den Entwurf eines zukiinftigen Standards aufzunehmen.
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Chapter 1
Introduction

Speech communication nowadays is widely supported by electronic devices which aim at,
e.g., enhancing speech intelligibility (hearing aids), enabling speech conversations between
distant users (telephones), or even reducing the distraction of communicating drivers in
vehicles (hands-free systems). These devices are becoming increasingly popular, for example
mobile phones are usually considered as personal assistants by their users, and are often
meant to allow for robust speech communication also under harsh acoustic conditions. Speech
enhancement deals with speech signals distorted by acoustic noise and aims to reduce the
level of the distorting noise as much as possible, while keeping speech as unaffected as

possible. Since these are conflicting goals, speech enhancement is a challenging task.

It is typically assumed in speech enhancement that speech is only observable through
an acoustic channel adding distortion by superimposed acoustic noise. Commonly, both
speech and acoustic noise are modeled as random processes, therefore, speech enhancement
is typically a probabilistic approach. Generally, the goal is to estimate speech using the
observed noisy speech and some a priori knowledge about the statistics of speech and the

acoustic channel. This is the basic idea of Bayes estimation.

Being a specific Bayesian approach, minimum mean square error (MMSE) estimation
is maybe the most popular estimation approach in speech enhancement and it is typically
carried out in the short-time Fourier transform (STFT) domain. MMSE speech enhance-
ment utilizes a statistical model of speech called speech prior and a statistical model of
the acoustic channel called likelihood as a priori knowledge. Speech is then estimated by
means of the observations and the underlying a priori knowledge. While first publications
about MMSE speech enhancement were based on a Gaussian assumption for speech, e.g.,
[McAulay and Malpass, 1980], |[Ephraim and Malah, 1984], it was later shown in [Porter
and Boll, 1984], [Martin, 2002|, and |Lotter and Vary, 2005| that the speech prior is ac-

tually a more heavy-tailed probability density function (PDF) than a Gaussian. Such a
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PDF is also called super-Gaussian. Furthermore, speech enhancement approaches based
on a super-Gaussian speech prior are shown to outperform approaches with a Gaussian
assumption, e.g., [Martin, 2002|, [Lotter and Vary, 2005|, [Andrianakis and White, 2006],
|[Erkelens et al., 2007|. In [Dat et al., 2005] and |Erkelens et al., 2007] a generalized distribu-
tion is introduced which covers often employed speech spectral amplitude models as special
case. Using typical assumptions, we will extend this so-called generalized gamma PDF for
complex-valued speech STFT coefficients, resulting in a bivariate generalized gamma speech
prior being a parametric statistical model. Usually employed (Gaussian or super-Gaussian)
speech priors turn out as special case, each with an individual parameter set. Utilizing the
new bivariate generalized gamma speech prior, a synopsis of typically employed speech sta-
tistical models and corresponding MMSE estimators will be given. Moreover, redefining the
MMSE estimation formula by a further generalization step, the synopsis will be extended by
the so-called estimation domains, namely the short-time spectral (STS), short-time spectral
amplitude (STSA), and the log-spectral amplitude (LSA) domain. As a consequence, the

synopsis will cover typically employed speech priors and estimation domains.

Common MMSE speech enhancement assumes that the speech signal is always present.
This is clearly not fulfilled for natural speech as uttered by human beings, e.g., during
natural speech pauses. Therefore, it is shown, e.g., in [McAulay and Malpass, 1980] and
|Ephraim and Malah, 1984|, that MMSE speech enhancement can be improved by taking
speech presence uncertainty (SPU) into account. MMSE speech enhancement under SPU
turns out to be a combination of two estimators: A common MMSE estimator for speech
and an a posteriori speech presence probability (SPP) estimator. Similar to the former,
the latter estimator also utilizes a priori knowledge about speech and the acoustic channel
which, according to estimation theory, is the same as that of the common MMSE estima-
tor [Middleton and Esposito, 1968]. Accordingly, we argue that both estimators have to
be based on the same signal spectral assumptions, henceforth called consistent assumptions.
Therefore, employing MMSE estimation under SPU, the same PDF assumptions should be
employed for both the common MMSE estimator and the a posteriori SPP estimator. In
order to see which a posteriori SPP estimator known from literature can be combined in a
PDF-consistent way with respective common MMSE estimators, we will give a clear synopsis
of SPP estimators. Furthermore, based on the new bivariate generalized gamma speech prior
we will derive a new generalized a posteriori SPP estimator covering specific a posteriori SPP
estimators from literature based on either Gaussian or super-Gaussian speech priors [Fodor
and Fingscheidt, 2012a]. Moreover, we will derive a new specific a posteriori SPP estimator
based on a super-Gaussian speech assumption. Then, a synopsis of PDF-consistent MMSE

speech enhancement approaches under SPU will be given in different estimation domains.

Common a posteriori SPP estimators typically suffer from the random fluctuations of



the observations, often resulting in estimation outliers which may be perceived as annoying
musical noise. In order to enhance estimation robustness and reduce estimation outliers, it
is proposed in, e.g., [Suhadi and Fingscheidt, 2007| and |Gerkmann et al., 2008], to base
a posteriori SPP estimation on averaged observations. This approach, however, does not
take into account the super-Gaussian nature of speech STFT coefficients. The derivation
of a posteriori SPP estimators using averaged observations and assuming super-Gaussian
speech models turns out to be mathematically complex, therefore, only approximate solutions
have been proposed yet [Fodor and Gerkmann, 2014a|. In this thesis, however, we will
provide a closed-form solution instead of the approximate one [Fodor and Gerkmann, 2014b].
Furthermore, while common a posteriori SPP estimators are able to robustly achieve values
close to one in speech presence, they typically output the a priori SPP during speech absence.
Since values of 0.5 or larger are generally chosen as a priori SPP [McAulay and Malpass,
1980], the resulting a posteriori SPP estimates are less accurate in speech absence. To
overcome this issue, fixed prior parameters (a fixed a priori signal-to-noise ratio (SNR) and
a fixed a priori SPP) will be employed for SPU estimation as in [Gerkmann et al., 2008],

resulting in more precise a posteriori SPP estimates.

MMSE estimation is a widely employed approach to, e.g., estimate signals which can
only be observed through an error-prone channel. Therefore, it is often used in speech en-
hancement, but also in error concealment dealing with speech (or audio) signals distorted
while passing through a transmission channel. While both disciplines seem to have similar
tasks, there has rarely been an attempt to relate these disciplines to each other. In this
thesis, we will show interesting links between speech enhancement and error concealment
based on recursive MMSE estimation [Fodor et al., 2015]. In particular, utilizing the same
PDF-based description as for the synopses, we will recapitulate recursive MMSE estimation
in speech enhancement [Fodor et al., 2015] and recursive MMSE estimation in error conceal-
ment [Fingscheidt, 1998|, [Pflug and Fingscheidt, 2013b], [Pflug, 2013] in strong analogy.
Then, we will show interesting commonalities and differences between these disciplines and
identify a specific strength of error concealment. Motivated by this finding, we will sketch
possible research perspectives for speech enhancement. Please note that, to the best of our
knowledge, the PDF-based description of recursive MMSE speech enhancement presented
in this thesis is new; in speech enhancement rather a state-space representation is usual
based on matrix notation. The new PDF-based framework allows for applying enhance-
ment schemes of classical non-recursive speech enhancement to the recursive case. Such a
PDF-related enhancement of recursive MMSE estimation is proposed in [Esch and Vary,
2008a|, where the update step of the Kalman filter is intuitively recognized as a classical
MMSE estimation step. Accordingly, the Kalman gain was replaced in a heuristic way by
more modern spectral weighting rules based on a super-Gaussian assumption for the speech.

We will show that this replacement is indeed optimal in an MMSE sense, if the employed
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spectral weighting rule belongs to an MMSE STS estimator.

As a further PDF-related enhancement scheme, the recursive MMSE speech enhancement
framework will be extended by SPU estimation in this thesis for the first time. Both a
general recursive MMSE estimation formula under SPU and a general a posteriori SPP
formula taking signal history into account will be derived. Moreover, specific a posteriori
SPP estimators will be provided based on either Gaussian or super-Gaussian speech PDF
assumptions. Different from the non-recursive case, the a priori SPP will turn out to make

use of the signal history, therefore, a tracking algorithm will be proposed.

The knowledge of the SNR of speech signals plays an important role in speech signal pro-
cessing. A possible example is the measurement of SNR improvement of speech enhancement
approaches or, as an automotive example, the optimization of hands-free microphone posi-
tions with respect to (w.r.t.) the acoustic SNR. A typical reference-based SNR measurement
approach is provided by Recommendation P.56 of the Telecommunication Standardization
Sector of the International Telecommunication Union (ITU-T). Here, the term reference-
based means that the SNR of a noisy speech signal is measured signal-component-wise, i. e.,
the SNR is computed by measuring the signal level of the speech and noise components
separately. In this thesis, we will propose an SNR measurement approach which aims at
estimating the SNR of a speech signal distorted by car noise as close as possible to the
ITU-T P.56 reference, but without using a reference. The proposed approach, therefore,
is able to measure the SNR by using the noisy speech signal only and can be applied to
both narrowband and wideband signals. Within ITU-T Study Group 12, the Focus Group
on Car Communication (FG CarCOM) has decided to adopt the new reference-free SNR

measurement approach within the draft of a current recommendation proposal.

1.1  Outline of the Thesis

Chapter 2 will give a short introduction of MMSE speech enhancement, focusing on usual
statistical models for speech STFT coefficients in the polar domain. Furthermore, using
some assumptions, a new bivariate generalized gamma speech prior will be derived which
covers typically employed Gaussian or super-Gaussian speech priors as special case. A further
generalization will cover typical estimation domains, such as the STS, the STSA, and the LSA
domain as special case. Utilizing the new bivariate generalized gamma prior, a synopsis of

common MMSE estimators for speech enhancement will be given in each estimation domain.
Chapter 3 will introduce instrumental measures for speech enhancement and the simula-
tion setup employed in this thesis. In particular, first employed databases, simulation setup,

and a white box test setup will be described which are employed in this thesis for performance
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evaluation of speech enhancement approaches. This will be followed by the introduction of
performance measures used for evaluation. Finally, a reference-based SNR measurement
approach according to ITU-T Recommendation P.56 and a proposed reference-free SNR

measurement approach will be introduced.

Chapter 4 will provide a synopsis of a posteriori SPP estimators w.r.t. statistical as-
sumptions for speech in analogy to the synopsis of common MMSE estimators in Chapter 2.
This synopsis will be based on a new generalized a posteriori SPP estimator which covers
a posteriori SPP estimators from literature as special case. Furthermore, a new specific a
posteriori SPP estimator will be proposed based on a super-Gaussian speech prior. Finally,
both the new SPU-based approach as well as non-SPU and SPU-based approaches from

Chapter 2 will be assessed by performance measures.

Chapter 5 will deal with an enhancement scheme of a posteriori SPP estimation. More
precisely, we will replace the Gaussian speech prior of a state-of-the-art a posteriori SPP
estimator based on averaging and fixed prior parameters by a modern, super-Gaussian speech
prior. First, we will derive the new estimator which will be followed by a training of its
parameters. Finally, the performance of the proposed approach along with some SPU-based

approaches from Chapter 4 will be evaluated.

Chapter 6 will aim at revealing links between speech enhancement and error concealment
based on recursive MMSE estimation. First, we will recapitulate recursive MMSE estimation
in speech enhancement and the Kalman filter in a PDF-based manner, similar to the notation
in the previous chapters. Then, we will introduce recursive MMSE estimation in error
concealment, presented in analogy to speech enhancement. Next, some interesting links
between those two disciplines will be shown and a general strength of error concealment will
be identified. Based on this finding, possible research directions for speech enhancement will
be sketched.

Chapter 7 will deal with the extension of recursive MMSE speech enhancement by SPU
estimation. Using the new PDF-based recursive MMSE framework from Chapter 6, a general
recursive MMSE estimation formula under SPU and a general a posteriori SPP estimation
formula will be derived. Furthermore, the a priori SPP turns out to take signal history
into account, thus, a tracking algorithm will be provided. Moreover, specific a posteriori
SPP estimators will be derived utilizing either Gaussian or super-Gaussian speech PDF
assumptions. Finally, the performance of recursive MMSE estimation under SPU with a

Gaussian signal assumption will be evaluated.

Finally, Chapter 8 will shortly summarize this thesis.
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Chapter 2

Synopsis of
Minimum Mean Square Error

Speech Enhancement Approaches

In this chapter a synopsis of speech enhancement approaches will be given based on MMSE
estimation and carried out in the STFT domain. Accordingly, Section 2.1 will give an intro-
duction to the problem of speech enhancement and will shortly recapitulate the idea behind
Bayesian estimation which is a typically employed solution to this problem. Section 2.2 will
give a short overview of MMSE estimation which is widely employed in speech enhance-
ment. As a specific Bayesian approach, MMSE estimation is carried out by means of the
observed noisy speech and the underlying a priori knowledge about the speech signal to
be estimated and the acoustic channel. Generally used a priori knowledge will be intro-
duced in Section 2.3, where a generalized, parametric statistical model will be employed
for speech, nicely covering all commonly employed statistical speech models as special case,
each with an individual parameter set. This new bivariate generalized gamma speech prior,
being a real-valued PDF with a complex-valued argument, is an extension of the univariate
generalized gamma probability density, often employed for modeling the speech spectral am-
plitudes. MMSE speech enhancement is typically carried out in the STS, the STSA, or the
LSA estimation domain which will be introduced in Section 2.4. Based on the generaliza-
tion w. . t. the speech model, we will derive general (parametric) MMSE estimators for each
estimation domain. This allows for a hierarchical overview of MMSE speech enhancement
approaches in Section 2.5: Applying the parameter set of a specific speech spectral model to
the generalized (parametric) estimator leads to a specific MMSE estimator from literature.
By this means, relations among the resulting estimators can easily be shown. In Section 2.6
we will extend the parametric MMSE estimation formula from Section 2.2 by taking SPU
into account. This allows for an overview of SPU estimation in the STS, STSA, and LSA



8 2 Synopsis of MMSE Speech Enhancement Approaches

estimation domain. Furthermore, state-of-the-art a posteriori SPP estimators will shortly be
reviewed. Finally, Section 2.7 will briefly recapitulate state-of-the-art SNR and noise power

spectral density (PSD) estimators.

2.1 Introduction

Reduction of annoying background noise is a non-trivial task and implies a big challenge for
the design of speech enhancement systems. In speech enhancement the following model is
widely employed: We have an acoustic speech signal (e.g., that of the user of a hands-free
system) and acoustic background noise signals (e.g., engine noise, wheel noise, wind noise,
etc. in a vehicle which the user of the hands-free system is located in), both propagating in
air and both captured by the microphone(s) of the, e.g., hands-free device. The (analog)
electrical signal at the output of the microphone is subsequently digitized and the resulting
digital signal is commonly modeled on signal level as follows: The samples of a time-domain
random speech process s(n) with n being the discrete time index are transmitted through
an acoustic channel which distorts these samples by superimposing statistically independent
samples d(n) being outcomes of a random noise process. While the speech and noise samples
are inaccessible in practice, the resulting noisy speech samples y(n) = s(n) + d(n) can be
observed. The aim of a speech enhancement system is to reduce the background noise
component d(n) of the observed noisy speech signal y(n) in such a way that the desired

speech component s(n) remains as unaffected as possible.

The speech may be distorted in a different manner along the frequencies, thus, speech
signals are usually processed in the frequency domain, in order to allow for a corresponding
fine, frequency-dependent processing. More specifically, most often the STFT domain is
employed [Vary and Martin, 2006]. This means, that the noisy speech samples y(n) are
processed block-wise and sequentially, within so-called frames. Frames are built by applying
an analysis window function w, of the length L to a portion of speech samples s with the same
length L. The frame length L is normally chosen from the range of 5-30 ms. This range is
justified by the fact that although the speech signal s(n) is naturally non-stationary [Brehm
and Stammler, 1987, the resulting short-time speech portions can be assumed to be quasi-
stationary [Vary and Martin, 2006]. As a next step, the noisy speech samples within the
frame can be transformed into the STFT domain by, e. g., a discrete Fourier transform (DFT)
of the size L. Then, the analysis window is shifted forwards AL samples and the process
starts over. These steps in summary are called signal analysis and can be expressed by
the STFT as [Vary and Martin, 2006]

L-1 o

Yi(k) = Z wa(n') - y(0- AL +n')-e7%F (2.1)

n'=0
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Figure 2.1: Block diagram of speech enhancement with an underlying signal and channel

model

with ¢ = 0,1,2,... being the frame index, k = 0,1,..., L — 1 denoting the frequency bin
index, n’ indexing samples within the frame, and AL standing for the frame shift in samples.
Please note that a possible criterion for choosing the frame overlap (L — AL)/L and the
employed analysis window w, is that the STFT coefficients Y;(k) yield exactly the original
signal y(n) after signal synthesis which is the inverse operation to signal analysis. Signal

synthesis is commonly divided into an inverse discrete Fourier transform (IDFT) operation

Z; P 01, L1, (2.2)

and, e. g., an overlap-add (OLA) step
y(l-AL+n") =yl - AL+ n) + wy(n') - ve(n') (2.3)
with n’ =0,1,..., L—1 being the sample index within a frame and w; denoting the synthesis

window. Please note that (2.3) only holds for (L — AL)/L < 50 %.

Due to the DFT properties [Proakis and Manolakis, 2007] the acoustic noise remains
additive in the STFT domain resulting in the signal and channel model as depicted in
Figure 2.1: The unobservable random, complex-valued speech STEFT coefficient S,(k) passes
through an acoustic channel which distorts it by superimposing a random, complex-valued
acoustic noise STFT coefficient Dy(k), i.e.,

Yu(k) = Su(k) + De(k). (2.4)
Employing polar notation, (2.4) can equivalently be written as
Re(k)e?" ™ — A, (k)ede® 4 Dy(k) (2.5)

with Re(k) = |Yi(k)|, Ye(k) = arg{Ye(k)}, Ae(k) = [Se(k)|, and a,(k) = arg{S,(k)} being
the noisy speech spectral amplitude, the noisy speech spectral phase, the speech spectral
amplitude, and the speech spectral phase, respectively.

It is widely assumed (and will be assumed in the following chapters of this thesis) that

the speech STFT coefficients S, (k) are statistically independent of each other both along the
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frequency bins k and frames ¢. The same assumption holds for the noise and the noisy speech
STFT coefficients [Ephraim and Malah, 1984]. However, employing a dynamic speech model
in the form of an autoregressive (AR) process, temporal correlation of STFT coefficients can
be exploited as we will see in Chapters 6 and 7. Furthermore, it is widely assumed in speech
enhancement that the speech STFT coefficient Sy(k) and the noise STFT coefficient Dy(k)

are statistically independent.

While the speech STFT coefficient S¢(k) and the noise STFT coefficient Dy(k) are unob-
servable, the resulting noisy speech STFT coefficient Y;(k) can be observed, thus, it is also
called observation. The aim of a speech enhancement system is to recover the speech com-
ponent Sy(k) when only its distorted replica Y;(k) is observed. For this purpose, generally

the well-known Bayesian estimation theory is employed.

While there are approaches utilizing merely the observations for the estimation process,
Bayesian estimation further exploits a priori knowledge to enhance the estimation perfor-
mance [Kay, 1993]. More specifically, besides the observations Y;(k), statistical models of
both the desired speech STFT coefficients S;(k) and the channel including the noise STFT
coefficients Dy(k) are employed prior to the observation for the estimation process. The
underlying a priori knowledge, i.e., the signal and the channel models will be discussed

in Section 2.3.

As a next step, we wish to carry out an estimation of the clean speech STFT coeffi-
cient Sy(k) using some a priori knowledge and the observation Y;(k). According to Bayesian
estimation theory, this can be achieved by minimizing the so-called Bayes risk which is
defined as! [Eykhoff, 1974], [Lotter and Vary, 2005]

R(S) = E{E{C(S,5 = f(Y)}} (2.6)

Y S

with g{} and g{} being the expectation operator w.r.t. the noisy STFT coefficient YV
and the speech STFT coefficient S, respectively, and with C(S,S = f(Y)) being a (mostly
real-valued) cost function, e.g., C'(S, §) = \Sf§|2. The function f(-) models the estimation
process which maps each observation Y to a speech estimate S. The goal is to find a speech
estimate S which minimizes the risk R(S) as [Eykhoff, 1974|

S

S = arg min R(ﬁ) = arg mjnJJC(S, §) “psy(S,Y)dSdy (2.7)
5
cc

with pgy(S,Y) being the joint PDF of the clean speech STFT coefficient S and the noisy
speech STFT coefficient Y and C being the set of complex-valued numbers. Employing
Bayes’ rule pgy (S,Y) = py (Y)ps;y (S|Y), (2.7) can be rewritten as [Vary and Martin, 20006

Please note that for ease of simplicity the indices ¢ and k will be omitted in the remainder of this chapter.
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5= argngnfpy(Y) fC(S,g) pspy (S[Y)dS dy (2.8)
C C

with py(Y) and pgy (S|Y") being the so-called evidence and the so-called posterior, respec-
tively. The posterior pgy (S[Y) is the PDF of the speech STFT coefficient S given a specific
observation Y (being an outcome of the random speech process after passing through the
acoustic channel), thus, it contains a priori knowledge about the speech and the channel.
The inner integral in (2.8), namely E{C/(S, s )|Y'}, is called the conditional mean error, the
outer integral is called the total mean error. Substituting a specific cost function C/(S, g )
into (2.8), the minimization problem could be solved. Considering, however, that we want
to minimize the total mean error w.r.t. S , the evidence py (y) is non-negative by definition,
and in this case an integral is minimal, if its integrand is minimal, it is sufficient to minimize
the conditional mean error as [Van Trees, 1968, [Vary and Martin, 2006]

S = arg mginJC(S, 9) psy (SY) dS. (2.9)
C

This is the basic concept of Bayesian estimation and (2.9) is its general formula. Now in

order to solve the minimization problem (2.9), a specific cost function C(S, §) is needed. In

this thesis we employ the cost function according to the MMSE criterion. This cost function

and a few more will briefly be introduced in the next section.

2.2 FError Criteria

2.2.1 Minimum Mean Square Error (MMSE) Criterion

The cost function of the MMSE criterion is generally defined as [Van Trees, 1968, [Hendriks
et al., 2009a]

— 2

Canise(9(5),9(5)) = |o(9) = 9(5)| (2.10)

with ¢(-) being an arbitrary function?. This means, that a linearly increasing absolute

estimation error produces quadratically growing costs. Applying (2.10) to the Bayes esti-

o 0]
mator (2.9) and using that E{g(X)} = § g(X) - p(X)dX [Papoulis and Pillai, 2002|, we
—0

obtain

p—

o(8) = axgauin [ [o(5) - 5] - par(SIY) dS: (211)
9(5) 2

2Please note, that this generalization allows for introducing later in Section 2.4 the so-called estimation
domains, i.e., the STS, the STSA, and the LSA estimation domain. Applying, e.g., the STS estimation
domain g(X) = X with X € C results in the cost function Cyinvsg sts (S, §) =|5- §|2 which is widely used
in literature, e.g., in [Vary and Martin, 2006].
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This means, that the cost function |g(S) — g/(S\)\2 is calculated for all possible g/(S\) values,
while the posterior pgjy (S|Y) is fixed. The optimal g/(—ST) results by minimizing the integral of
the product |g(S) — (]/(§)|2 -ps|y (S]Y). Please note the special case g(X) = X leading to the
parabolic cost function |S — S |2. Within the optimization process, this paraboloid is shifted
through the whole complex plain by changing the value of g , while the posterior pg)y (S]Y) is
fixed. Still assuming g(X) = X, the integral (2.11) is minimal, if S is equal to the argument
of the maximum of the posterior, assuming that the latter is a rotationally symmetric PDF.
Accordingly, the optimal speech estimate turns out to be S = arg max pspy (S|Y) which
coincides with the maximum a posteriori (MAP) solution, as we will see in Section 2.2.2 (cf.

(2.14)).

Assuming that Cyvse (g(S),@) is a convex function (which is fulfilled for usually
employed functions g(-)), the solution of the optimization problem in (2.11) turns out to
be [Porter and Boll, 1984], [Hendriks et al., 2009a|

§9(9) - pyis(Y[S) - ps(5) dS

- . |
93 = E@(SIV) = [ 9(5) - pay (SIY)dS T e | ¢

C

with pys(Y|S) being the likelihood which can be associated with the underlying channel
model for observation Y, pg(S) being the prior which can be associated with the underlying
(speech) signal model, as well as with § pys(Y]S) - ps(S)dS = py(Y) being the evidence
which is usually calculated by marginal?zing the PDF product in the numerator of (2.12).

Please note, that the well-known Wiener filter is optimal in the MMSE sense [Kay, 1993].

Common priors and likelihoods are recapitulated in Section 2.3, then, typical functions g(-)

in (2.12) are discussed in Section 2.4.

2.2.2 Other Error Criteria

There are other error criteria which are utilized in speech enhancement. Assuming linearly
growing costs as a consequence of linearly increasing absolute estimation errors, i.e., em-

ploying [Van Trees, 1968|

. 0, if [S—38|=0,
Cuar(S,9) = (2.13)
1, otherwise

for the Bayesian estimation formula (2.9), leads to the MAP estimation formula [Van Trees,
1968|

~

S = arg ngxps‘y(S\Y) = arg m§1xpy|5(Y\S)pS(S). (2.14)



2.3 Signal PDF Assumptions 13

Please note that the Wiener filter is optimal also in a MAP sense [Vary and Martin, 2006].
However, in speech enhancement the MAP estimator is employed in a slightly modified form

either merely for the spectral amplitude |S| = A [Lotter and Vary, 2005]

A=arg mjpr‘A(R\A) -pa(A) (2.15)
or separately for the speech spectral amplitude A = |S| and phase o = arg{S} |Lotter and
Vary, 2005|

& = argmax py|a.q(Y|A, a)paa(A, a), (2.16)

A\ = arg mf'XpY\A,a(Y|A7 d)pA,a(Aa d)* (217)

respectively, leading to estimators such as those in [Wolfe and Godsill, 2003b|, [Lotter and
Vary, 2005|, [Dat et al., 2005].

There are perceptually motivated error criteria taking psychoacoustics into account, e. g.,
[Wolfe and Godsill, 2000], |Gustafsson et al., 2002|, [Wolfe and Godsill, 2003a/, and |Loizou,
2005].

In [Fingscheidt et al., 2008, Eq. (17)] the cost function ||S| — |AS\|2/\Y|2 is proposed in
the context of data-driven speech enhancement. It is interesting to note that employing
this cost function for (2.9) leads to the MMSE solution (2.12) with ¢(X) = |X]|, because
the denominator |Y|? in the cost function has only a scaling effect on the integrand in (2.9)

(being optimized w.r.t. S) which does not influence the position of its extrema.

2.3 Signal PDF Assumptions

As can be seen in (2.12), the estimation is based on statistical models for the clean speech
STFT component S and the acoustic channel in the form of the prior pgs(S) and the likeli-
hood py(s(Y'|S), respectively. In this section, typically employed priors and likelihoods are

recapitulated.

2.3.1 Speech Spectral PDF Assumptions

The prior pg(S) in (2.12) provides a statistical model of the (unobservable) speech STFT
coefficient S and is a bivariate PDF, i.e., a real-valued function with a complex-valued
argument S. Usually, however, the prior is described as a function of either the real part S, =
Re{S} and the imaginary part Sy, = Im{S} of the speech STFT coefficient S or the spectral
amplitude A = |S| and phase v = arg{S}, i.e., S = Sie+7Sm = Ae/®. While there are speech

enhancement schemes based on models for the real and imaginary parts, e. g., [Martin, 2002],
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[Martin, 2005], [Erkelens et al., 2007, in this thesis we consider approaches based on the
polar representation using A and «, just as in, e. g, [McAulay and Malpass, 1980|, [Ephraim
and Malah, 1984|, [Wolfe and Godsill, 2003b|, |Lotter and Vary, 2005|, [Erkelens et al., 2007].

Histogram measurements and corresponding contour plots in [Lotter and Vary, 2005],
[Erkelens et al., 2007] showed that the PDF of the speech STFT coefficients pg(S = Ael®)
is approximately circular. Thus, it can be assumed that the speech prior is rotationally

symmetric which implies for its polar description that |[Erkelens et al., 2007]

e the speech spectral amplitude A and the speech spectral phase a are statistically

independent and

e the speech spectral phase o is uniformly distributed on [0,27), i.e., po(0) = =

for 0 < a < 2.

Note that these are very commonly employed assumptions in speech enhancement. Conse-
quently, the following relationship turns out between the bivariate speech spectral PDF pg(.9)

and the polar representation with A and « (the derivation is given in Appendix A)

Ps(Ac) = - paa(A,0) = - pa(4) - pala). (215)
This means that under the aforementioned assumptions the prior ps(S = Ae®) can fully
be described by the speech spectral phase PDF p,(«) and the speech spectral amplitude
PDF pa(A). Furthermore, since p,(a) is commonly modeled by a constant, it has a
rather marginal role in speech spectral modeling. Meanwhile, the speech spectral ampli-
tude PDF p4(A) has a very significant role in the description of the prior pg(S = Ael®).
Moreover, it is rather unusual to describe the prior by a bivariate PDF. Instead, mostly a
(univariate) speech spectral amplitude PDF p4(A) is employed in conjunction with a sta-
tistically independent and uniformly distributed speech spectral phase assumption which
allows for a full description of the speech prior pg(S) according to (2.18). Thus, whenever
the prior is modeled by merely p4(A) in literature, the assumptions leading to (2.18) are

implicitly made.

In speech enhancement the following priors are generally utilized which also have great

influence on the speech spectral amplitude model:

e A Gaussian prior [McAulay and Malpass, 1980|, [Ephraim and Malah, 1984], [Ephraim
and Malah, 1985, [Wolfe and Godsill, 2003b,

e a super-Gaussian prior [Martin, 2002, [Lotter and Vary, 2005|, [Andrianakis and
White, 2006], [Erkelens et al., 2007], [Hendriks et al., 2009b], or

e a generalized prior which covers Gaussian and super-Gaussian priors as special case
[Dat et al., 2005|, [Erkelens et al., 2007].
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Figure 2.2: PDF of Rayleigh-distributed speech spectral amplitudes

Gaussian Prior

The assumptions that the speech spectral amplitude and phase are statistically independent,

with the latter being uniformly distributed, are fulfilled, if we assume a bivariate Gaussian

distribution for the speech STFT coefficient S as [Martin, 2002|

G 1 -
S)y= —_. 4
pS( ) 7!'0'?;; €

2

(2.19)

0l

SeC

with superscript G denoting the Gaussian assumption and ¢ = E{|S|?} being the PSD
of the speech STFT coefficient S. This assumption is widely used in literature, e.g.,
in [McAulay and Malpass, 1980, [Ephraim and Malah, 1984], [Ephraim and Malah, 1985,
[Wolfe and Godsill, 2003b| and is usually justified by the asymptotic properties of STFT
coefficients [Brillinger, 2001]: Assuming that the DFT length is sufficiently large and the
span of correlation of the random samples to be transformed is sufficiently short, the central
limit theorem can be applied. Thus, the STFT coefficient S can be modeled by a zero-mean
bivariate Gaussian with statistically independent and identically distributed (i.1.d.) real and
imaginary parts, each being a univariate Gaussian with variance 0%/2. The corresponding
speech spectral amplitude A = |S| follows the Rayleigh distribution [Papoulis and Pillai,

2002| and its PDF is defined as [Ephraim and Malah, 1984]
(2.20)

PHA) = 2Bp- A e Br>0, A= 0
with index R denoting the Rayleigh distribution and 8z = 1/0%. Please note that besides A
the omitted indices (¢, k) also apply to Bz and o%. As can be seen, this PDF only has the
parameter S which is basically related to the width of the PDF (cf. Figure 2.2). Please
note that a Rayleigh-distributed speech spectral amplitude A always implies a bivariate

Gaussian-distributed speech STFT coefficient under the assumptions that the speech spectral
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Figure 2.3: PDF of chi-distributed speech spectral amplitudes with o2 = 1

amplitude and the phase are statistically independent and that the speech spectral phase is

uniformly distributed [Papoulis and Pillai, 2002].

Super-Gaussian Priors

The asymptotic assumptions for speech STFT coefficients are not fulfilled in practice, e. g.,
due to a limited frame length (cf. Section 2.1). Accordingly, it is shown in [Martin, 2002]
that the real and imaginary parts of a speech STFT coefficient S rather follow a distribution
with a sharper peak and heavier tails compared to a Gaussian. Furthermore, histogram
measurements in [Porter and Boll, 1984] and [Lotter and Vary, 2005] showed that the speech
spectral amplitudes can better be modeled by a more heavy-tailed distribution than the
Rayleigh one. Accordingly, it can be assumed that speech STFT coefficients rather follow a
super-Gaussian distribution instead of a Gaussian. An arbitrary random variable X (e.g.,
a speech STFT coefficient) is super-Gaussian distributed (or leptokurtic or heavy-tailed), if
its excess [Abramowitz and Stegun, 1972|

B{(X - E{X})"}

V(X)) = P{X - B{X})7] 3 (2.21)

is positive [Vaseghi, 2008|. If X is Gaussian distributed, its excess yields zero.

Please note that the adjectives Gaussian and super-Gaussian will be related to the bivari-
ate speech prior pg(S) in the rest of this thesis. The Rayleigh distribution and the speech
spectral amplitude distributions which will be introduced in the following all belong to the

class of super-Gaussian distributions, i.e., have a positive excess.

In the context of super-Gaussian priors, most often the chi distribution [Andrianakis
and White, 2006], [Hendriks et al., 2009b] or the gamma distribution [Martin, 2002, [Lotter
and Vary, 2005], [Andrianakis and White, 2006], [Erkelens et al., 2007] is employed as speech
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Figure 2.4: PDF of gamma-distributed speech spectral amplitudes with 0% = 1

spectral amplitude model together with a statistically independent and uniformly distributed

speech spectral phase assumption.

The PDF of chi-distributed speech spectral amplitudes is defined as [Andrianakis and
White, 2006], [Hendriks et al., 2009b|

28
p(A) = B gone e B 50,1, >0, A= 0 (2.22)

T(vy)
with index x denoting the chi distribution, I'(-) being the gamma function [Abramowitz
and Stegun, 1972, Chapter 6|, and 8, = I/X/va. Please note that besides A the omitted
indices (¢,k) also apply to o% and B,. Compared to the Rayleigh PDF (2.20), the chi

distribution has an additional (frequency-independent and time-invariant) parameter v,.
The influence of parameter v, on the shape of the chi PDF is illustrated in Figure 2.3.
Please note the following special case: Applying v, = 1 to (2.22) results in the Rayleigh
PDF (2.20) (cf. Figures 2.2 and 2.3).

Based on histogram measurements, in [Lotter and Vary, 2005] a new parametric PDF
is proposed for modeling the speech spectral amplitudes. However, it was later shown
in [Erkelens et al., 2007| that Lotter et al. implicitly modeled the speech spectral ampli-
tudes as gamma distributed by the new PDF with the proposed parameters. The PDF of
the gamma-distributed speech spectral amplitudes is defined as [Andrianakis and White,

2006], |[Erkelens et al., 2007]

vr
PhA)= 2L Al e A B0, >0, A0 (2.23)
F(Z/F)
with index I" denoting the gamma distribution and fr = 4/vr(vr + 1)/os. Please note that
besides A, the omitted indices (¢, k) also apply to og and Sr. Similar to the PDF of the chi

distribution (2.22), (2.23) has a (frequency-independent and time-invariant) parameter vp
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Figure 2.5: Hierarchy of typically employed speech spectral amplitude PDFs p4(A)

which influences the shape of the gamma PDF (cf. Figure 2.4), offering a nice flexibility in

modeling the distribution of speech spectral amplitudes.

As mentioned earlier, Rayleigh-distributed speech spectral amplitudes with statistically
independent and uniformly distributed speech spectral phases can be associated with bivari-
ate Gaussian-distributed speech STEFT coefficients with Gaussian i. 1. d. real and imaginary
parts. However, this does not hold for super-Gaussian speech STFT coefficients: Assuming
chi- or gamma-distributed speech spectral amplitudes with statistically independent and uni-
formly distributed speech spectral phases, the real and imaginary parts of the corresponding
super-Gaussian speech STFT coefficient will not be statistically independent [Erkelens et al.,
2007).

An overview of approaches to PDF parameter identification is given in Appendix B.

Generalized Prior

In [Dat et al., 2005] and |Erkelens et al., 2007| a generalized probability density, the so-called
generalized gamma PDF is introduced to classify commonly employed distributions for speech
spectral amplitudes. This is a parametric PDF which nicely covers the previously mentioned
distributions as special cases, each with an individual parameter set. This generalized gamma
PDF is defined as [Erkelens et al., 2007]

Py (A) = 1:](5) CATLL e BT 50, >0, v>0, A=0 (2.24)
v
with superscript ¢gI' denoting the term ’generalized gamma’ as well as with 7, 3, and v
being the parameters of the generalized gamma PDF. Please note that parameter g is a
function of the speech spectral variance: From the second moment of (2.24) being E{A%} =
S A% p (A)dA = E{|S*} = o2 results

5 (w , i)% . (2.25)
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Parameters of the

Speech Spectral )
Generalized Gamma PDF (2.24)

Amplitude PDF

(Prior) n Ié; v
aylei . 1
Rayleigh (2.20) 5 Bu= L .
(Gaussian Prior) 03
Chi (2.22 v.
i ) 2 By = % Uy
(Super-Gaussian Prior) Ts
Gamma (2.23) ) P ve(op + 1) ”
(Super-Gaussian Prior) o og

Table 2.1: Parameter sets of the generalized gamma PDF leading to a Rayleigh, chi, or

gamma speech spectral amplitude model

Please note that while  and v are modeled to be frequency-independent and time-invariant,

the omitted indices (¢, k) apply to A4, 3, and o%.

A summary of PDF dependencies and the respective parameters can be seen in Fig-
ure 2.5 and Table 2.1. The (univarite) generalized gamma distribution covers all previ-
ously recapitulated speech spectral amplitude models as special case, i.e., the Rayleigh,
the chi, and the gamma distribution. By choosing n = 1, the gamma distribution results
with 8 = fr = \/m /os and the shape parameter v = vp. The chi or the Rayleigh
distribution is obtained by setting n = 2: While the chi distribution results with the shape
parameter v = v, the Rayleigh PDF is obtained if v = v, = 1 is employed. Thus, the chi
distribution can be considered as a generalization of the Rayleigh distribution.

Still assuming statistically independent speech spectral amplitudes and phases with the

latter being uniformly distributed, the prior pg(S) can be modeled by a bivariate generalized

gamma distribution by applying (2.18) to (2.24), leading to [Fodor and Fingscheidt, 2012a]

1 ., 1 np” o
sl _ . el — ! nv—2 ,—B|S["
PE () = pale) - g (8D = 5 1917 e (226)

with 7, 8, and v referring to the same parameters as those in the univariate case (2.24).
A specific (bivariate) prior with a Rayleigh-, chi-, or gamma-distributed speech spectral
amplitude and statistically independent, uniformly distributed speech spectral phase turns
out if corresponding parameter sets from Table 2.1 are applied to (2.26). Thus, we will employ
the generalized prior in this thesis which covers the speech spectral amplitude models from
Table 2.1 and maps them into a (bivariate) prior ps(S = Ae®) which is needed for MMSE

estimation in (2.12).
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2.3.2 Noise Spectral PDF Assumptions

It is a generally employed model in speech enhancement that the speech STFT coefficient S
is superimposed with a statistically independent noise STFT coefficient D while passing
through the acoustic channel, resulting in the noisy speech STFT coefficient Y = S + D
(cf. Figure 2.1). Usually, the noise STFT coefficient D is modeled by a bivariate Gaussian
distribution and its PDF is defined as (cf. (2.19))

1 1o

pp(D) = eb, DeC (2.27)

o
with 0%, = E{|D|*} being the PSD of the noise STFT coefficient D. Similar to the as-
sumptions for speech STFT coefficients, the Gaussian assumption is commonly justified by
the central limit theorem |Brillinger, 2001]. Consequently, the real and imaginary parts
of the noise STFT coefficient are assumed to be univariate Gaussian i.i.d. each with the

variance 0% /2. Accordingly, (2.27) is a rotationally symmetric PDF.

The a priori knowledge about the acoustic channel is contained in the likelihood pys(Y[S)
which is a bivariate PDF describing the probability density of the complex-valued noisy
speech STFT coefficient Y given a specific speech STFT coefficient S. The specific speech
STFT coefficient S can be interpreted as a deterministic point in the complex plain and
the noisy speech STFT coefficients Y scatter around this point according to the distribution
of the noise STFT coefficient D = Y — S. Thus, the likelihood actually describes the
distribution of the noise and by applying (2.27), the likelihood can be written as [McAulay
and Malpass, 1980]

1 \y}s\?
py‘s(Y|S) = W e D (228)
D

which is still a rotationally symmetric PDF centered at S. Please note that besides Y, S, and
D, the omitted indices (¢, k) also apply to o%,. Due to the property of rotational symmetry,
the Gaussian likelihood (2.28) can be rewritten as (the proof can be found in Appendix C)

R?4+A%2_2ARcos(¥—a)
R24A"-24Rcos(9=a)

e 7D : (2.29)

pyis(Y|S = Ae®) = PyjaaY = Reﬂ?\A,a) =
D

It is common to use (2.29) for the derivation of specific estimators. Nevertheless, in the

following we will employ the likelihood (2.28) instead.

2.4 Estimation Domains

In Section 2.2 we introduced a general MMSE estimation formula (2.12) with an arbitrary

function g(+). This function corresponds to estimation domains of speech enhancement, such
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as the STS estimation domain with ¢(X) = X, the STSA estimation domain g(X) = | X|,
and the LSA estimation domain g(X) = In |X| with In(-) being the natural logarithm, which

will be introduced in the following.

2.4.1 Short-Time Spectral (STS) Estimation Domain

Employing the simple function g(X) = X, the general MMSE estimation formula (2.12)
turns out to be the general MMSE STS estimation formula (cf. [Erkelens et al., 2008])

R és pyis(Y]9) - ps(S) dS
Ssrs = E{S|Y} = épY\S(Y‘S) a(5)d5

(2.30)

which estimates the complex-valued speech STFT coefficient §ST5. Please note that the well-
known Wiener filter [Scalart and Filho, 1996] is a typical MMSE STS estimator. Further
MMSE STS estimators can be found in, e. g., [Erkelens et al., 2008].

Please note that employing a polar representation using (2.18), (2.29), and polar integra-
tion with S = Ae’* and dS = AdadA [Papoulis and Pillai, 2002|, (2.30) can be rewritten
as |[Erkelens et al., 2008]

A pyjaa(Y]A ) - pa(A) - paer) dAdo

o8
oy

Serg = (2.31)

2m

Spy‘Au Y|A &) - pa(4) - pa(a) dAda
0

e 8

However, in order to have a consistent notation with Section 2.6, we will use (2.30) in the

following.

2.4.2 Short-Time Spectral Amplitude (STSA) Estimation Domain

Motivated by the fact that human perception is rather insensitive to the speech phase [Lim
and Oppenheim, 1979], many speech enhancement proposals focus on estimating the speech
spectral amplitude A = |S| only, i.e., employ g(X) = | X| in the general MMSE estimation
formula (2.12). The resulting MMSE STSA estimation formula is as follows (cf. [Ephraim
and Malah, 1984])

§1S]-pyis(Y]S) - ps(S) ds

Asrsa = E{|S||y} =& (2.32)

épv\s(YIS) -ps(S)dS

MMSE STSA estimators are very successful which is reflected by their variety and the

considerable number of publications on these estimators, e.g., [Ephraim and Malah, 1984,
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[Andrianakis and White, 2006], [Erkelens et al., 2007], [Chen and Loizou, 2007|, [Fodor and
Fingscheidt, 2012a].

Again, employing polar representation using (2.18), (2.29), and polar integration as
for (2.31), (2.30) yields [Ephraim and Malah, 1984]

2

3

A-pyjaa(Y14,0) - pa(A) - pa(a) dAda

SIS
o8 loe—m

Aspsa = 22 (2.33)

§pY\Aa YA, @) - pa(A) - pala) dA da

which is the well-known MMSE STSA estimation formula. However, we will use (2.32) in

the following in order to have a consistent notation with Chapter 2.6.

Employing MMSE STSA estimation, the speech spectral phase a is out of focus. How-
ever, in order to obtain complex-valued STFT coefficients for the signal synthesis step, the
estimated speech spectral amplitudes are typically combined with the noisy spectral phase.
Tt is shown in [Ephraim and Malah, 1984 by minimizing the error criterion E{1—cos(a—a)}

w.r.t. & that the noisy spectral phase is indeed an optimal speech spectral phase estimate

(2.34)

Please note that this optimization result is independent of (2.32). Interestingly, it is shown
in |Erkelens et al., 2008| that (2.34) is also optimal in the MMSE sense by minimizing
S(Q)W(a —&)% - pajy(a]Y)da w.r.t. &, under the assumption that the speech and noise STFT
coefficients are statistically independent, the speech spectral amplitudes and phases are also
statistically independent with the latter being uniformly distributed. Moreover, Gaussian
i.1.d. real and imaginary parts of the noise STFT coefficient D are assumed. Please note that
(2.34) holds independently of any assumptions on the speech spectral amplitude PDF p4(A).
Finally, the estimated speech STFT coefficient is obtained by §STSA = A\STSA eV,

It is worthwhile to mention that speech spectral amplitude estimation can further be
improved by exploiting information carried by the spectral phase for the estimation process,
as shown in [Gerkmann and Krawczyk, 2013|, [Mowlaee and Saeidi, 2013].

2.4.3 Short-Time Log-Spectral Amplitude (LSA)

Estimation Domain

Motivated by the logarithmic sensitivity of human perception of sound, in [Ephraim and
Malah, 1985] the LSA estimation domain is proposed. Applying ¢g(X) = In|X| to the
general MMSE estimation formula (2.12), the MMSE LSA estimation formula is obtained
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by (cf. [Ephraim and Malah, 1985])

S n(|9)) - pyis(Y]S) - ps(S) dS
épy\s(YIS) -ps(9)dS

ln(|SD = ln = E{In(|S) |V} = (2.35)

Further publications dealing with MMSE LSA estimation are, e. g., [Hendriks et al., 2009b],
[Borgstrom and Alwan, 2011], [Fodor and Fingscheidt, 2012b|, [Fodor and Fingscheidt,
2012d]|. Please note that employing polar representation using (2.18), (2.29), and polar
integration as for (2.31), (2.35) can be rewritten as [Ephraim and Malah, 1985]
T prualY14,0) - pa(4) - pafa) dadA

In|S| =In(A) = - (2.36)
§ Pyiaa(Y]A @) - pa(A) - pala) dadA

which is widely used in literature. However, we will use (2.35) in the following in order to

SIS
oy

cem¥

have a consistent notation with Section 2.6.

Please note that different from the MMSE STSA estimate from (2.32) or (2.33), the
MMSE LSA estimate from (2.35) or (2.36) is commonly transformed back from the loga-
rithmic domain into the linear domain. Accordingly, the speech STFT coefficient is then

generally computed as
§LSA = A\LSA AR exp (lﬂ)) e’ (2.37)

where the speech spectral amplitude is approximated by /TLSA x exp (1@)) and the

term 7% is the optimal spectral spectral phase estimate according to (2.34).

2.5 Synopsis of MMSE Estimation

As outlined before, for MMSE estimation an underlying signal and channel model (cf. Sec-
tion 2.3) as well as an estimation domain (cf. Section 2.4) are required. The combination
of a specific speech prior and a specific likelihood leads then to a specific MMSE estimator
in each estimation domain. Assuming a Gaussian likelihood (2.28), the three speech priors
from Section 2.3 and the three estimation domains from Section 2.4 lead to nine specific
MMSE estimators which will be introduced in this section. First, we will give a generalized
estimation formula for each estimation domain employing the bivariate generalized gamma
PDF (2.26) as prior, and then, each specific estimator turns out as special case. By this

means, the relation among the resulting estimators can easily be shown.

The resulting speech spectral (amplitude) estimates usually feature a multiplicative rela-

tionship of the noisy speech spectrum (spectral amplitude) and a spectral gain which is also
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called spectral weighting rule, typically denoted by G. Weighting rules are always real-valued
and non-negative, if we assume that the speech spectral amplitude and phase are statistically
independent, the speech spectral phase is uniformly distributed, and the noise STFT coeffi-
cients are bivariate Gaussian distributed (2.28) (circular symmetry of the likelihood) |Erke-
lens et al., 2008|. Furthermore, spectral weights are time-varying and frequency-dependent,

i.e., are a function of the omitted indices (¢, k).

2.5.1 MMSE STS Estimation
Generalized Prior

Employing the bivariate generalized gamma distribution (2.26) for the speech STEFT coeffi-
cients and a Gaussian likelihood (2.28), the general MMSE STS estimation formula (2.30)
turns out to be

{5 exp (ML) - |52 exp (- BIS|) dS

p)
D

C
Sgr-sts =

_ (2.38)
fexp (B522) - [SPw=2 - exp (~g]S|) ds
C

with subscript g['-STS denoting the generalized gamma prior and the MMSE ST'S estimation
domain. After employing polar integration as for (2.31) and integrating w.r.t. the spectral
phase « using |Gradshteyn and Ryzhik, 1965, Eq. (8.431.5)], the MMSE STS estimation
formula (2.38) yields

@ 2
Ser-sTs = % ; : e (2.39)
§ A1 exp (fij - ,ﬁAn) I (2%*) dA

——

Spectral amplitude estimate Spectral phase estimate

with Io(-) and I(-) being the modified Bessel function of the zeroth and first or-
der |[Abramowitz and Stegun, 1972, Chapter 10.2|, respectively. Since the integrands
of (2.39) are real-valued (Iy(-) and I;(-) are real-valued if their arguments are real and posi-
tive [Abramowitz and Stegun, 1972]), both integrals turn out to be real-valued. Therefore,

their ratio can be associated with the spectral amplitude estimate A\gr_sTs.

It is interesting to note that integrating the numerator of (2.38) w.r. t. the spectral phase a
results in the product of the numerator in (2.39) and a spectral phase term e/V. Thus, the
noisy speech spectral phase ¢ turns out to be the optimal speech spectral phase estimate dgrs
for STS estimation in general, as the denominator of (2.38) does not influence the spectral
phase estimate. Interestingly, this result coincides with the speech phase estimate in STSA
estimation, cf. (2.34).
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Figure 2.6: MMSE STS weighting rule with an underlying Rayleigh speech spectral ampli-
tude model (Wiener filter) (2.41)

In the following, each of the speech spectral models from Section 2.3.1, i. e., the Rayleigh,

chi, and gamma distributions, will be employed to derive specific MMSE STS estimators.

Gaussian Prior

Assuming the Rayleigh distribution (2.20) for the speech spectral amplitudes (Gaussian
speech prior), i.e., using the parameters n = 2, 8 = 1/0%, and v = 1 (cf. Table 2.1), the
general MMSE STS formula (2.39) results in

oo (2[5 +a]) 0

do ([ 5]) 0 (2%) 4

ARY A

S5

0
§
Srsts = =
§
0

e? (2.40)

with subscript R-STS denoting a Rayleigh-distributed speech spectral amplitude model
(Gaussian assumption for the complex speech spectral value) and the MMSE STS esti-
mation domain. By using [Gradshteyn and Ryzhik, 1965, Egs. (6.631.1), (8.406.3)|, (2.40)
yields the Wiener filter [Scalart and Filho, 1996]

Skests = Grosts - Re?? = %—i—ﬁ Y (2.41)

with the so-called a priori SNR which is defined as [McAulay and Malpass, 1980]

2
Os
= . 2.42
e- 2 (242)
Please note that besides of 02 and ¢% the omitted indices (¢, k) also apply to €. The resulting

MMSE speech spectral estimator turns out to be a product of the weighting rule Gg.sts and
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Figure 2.7: MMSE STS weighting rule with an underlying chi speech spectral amplitude
model (2.43)

the noisy speech STFT coefficient Y. The spectral weights of the Wiener filter (2.41) are
depicted in Figure 2.6 as a function of the a priori SNR £. As can be seen, noisy speech
STFT coefficients are penalized by low spectral gains if the a priori SNR is low. In contrary,

they are less attenuated in case of high SNRs.

Super-Gaussian Priors

Assuming the chi distribution (2.22) for the speech spectral amplitudes, i.e., utilizing the
parameters ) = 2, v = v, and 3 = I/X/a§ (cf. Table 2.1), the general MMSE STS estimation
formula (2.39) can be rewritten by means of |Gradshteyn and Ryzhik, 1965, Egs. (6.631.1),
(8.406.3)| as [Erkelens et al., 2008]

F <u 12 2 )
~ Uy - 151\ Px a3
Systs = Gysrs - Y = =% £ : (2.43)
wt€& R (uX; 1 Tjﬁg)

where subscript x-STS denotes the chi-distributed speech spectral amplitude model and the
MMSE STS estimation domain and ;F(-) is the confluent hypergeometric function |Grad-
shteyn and Ryzhik, 1965, Chapter 9.21]. In addition to the a priori SNR &, the resulting
estimator (2.43) is a function of the so-called a posteriori SNR v = |Y'|?/0%, [McAulay and
Malpass, 1980]. Please note that besides Y and 0%, the omitted indices (¢, k) also apply to
the a posteriori SNR ~.

Again, the MMSE STS estimator (2.43) is a product of the weighting rule G,.grs and the
noisy speech STFT coefficient Y. The resulting spectral weights are plotted in Figure 2.7.
Please note that for v, = 2, spectral weights larger than one occur in case of small a
posteriori SNRs and large a priori SNRs. We will observe this phenomenon for several
estimators which can be explained by the phase relationship of the speech and noise STFT
coefficients: If the speech PSD is large enough (reflected by a large a priori SNR), but a

destructive phase relationship produces a small observed noisy spectral amplitude (indicated
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Figure 2.8: MMSE STS weighting rule with an underlying gamma speech spectral amplitude
model (2.45)

by a small a posteriori SNR), large spectral weights amplify the attenuated speech spectral
amplitudes. Please note the following special case: Applying v, = 1 to (2.43), the Wiener
filter (2.41) results (cf. [Gradshteyn and Ryzhik, 1965, Eq. (9.215.1)]).

Assuming the gamma distribution for the speech spectral amplitudes (2.23), i. e., employ-

ing the parameters n = 1, v = v, and § = /vp(vr + 1)/0g (cf. Table 2.1), the general
MMSE STS estimation formula (2.39) turns out to be (cf. [Erkelens et al., 2008, Eq. (18)])

0

§ AT exp (—%Az . 7\/(“)A> L (QA;A) dA
~ 0 D as 553

Srsts = 3

§ An=1 . exp (f%m — Nl ”F:;F“)A) o (Q%A) dA

0

el (2.44)

with subscript I-STS denoting the gamma-distributed speech spectral amplitude model and
the MMSE STS estimation domain. Unfortunately, the integrals in (2.44) do not have closed-
form solutions. Therefore, in |[Erkelens et al., 2008| some approximations are given and two
different closed-form solutions are derived for low and high SNRs. Different from this we
will employ numerical methods to solve the integrals. Assuming that—similar to (2.41) and
(2.43)—the estimator (2.44) is a product of a (real-valued) weighting rule and the noisy
speech STFT coefficients, (2.44) can be rewritten using variable substitution with A = g- R
and dA =dg - R as

0
§g7 - exp (fw? —/vr(vr + 1)\/?9) -1y (2vg) dg
S - 0 79
Sr.sts = Grsts - Y = 5 - Re??,
§ g1 exp <7'yg2 —+/vr(vr + l)ﬁg) - Iy (2vg) dg
0
(2.45)

By this means, the integrands can be obtained as a function of the a priori SNR & and
the a posteriori SNR ~. These integrals can be calculated numerically, e.g., by using the
Gauss-Kronrod quadrature [Brass and Petras, 2011]. The resulting approximated weighting
rule is depicted in Figure 2.8. Please note that although the exemplary spectral weights in

Figure 2.8 are not larger than one, values Gr.grs > 1 are generally possible.
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Figure 2.9: MMSE STSA weighting rule with an underlying Rayleigh speech spectral am-
plitude model (2.48)

2.5.2 MMSE STSA Estimation
Generalized Prior

Employing the bivariate generalized gamma distribution (2.26) as speech prior and a Gaus-
sian likelihood (2.28) for the general MMSE STSA estimation formula (2.32) leads to

§15] - exp (522 - 572 - exp (~5IS]") dS
C

|Slar-srsa = Agr-stsa = (2.46)

§ exp (%) - |Sw=2 - exp (—B|S|) dS
c

where subscript g['-STSA denotes the generalized gamma prior and the STSA estimation
domain. Utilizing polar integration as for (2.31) and integrating w.r. t. the spectral phase «
using [Gradshteyn and Ryzhik, 1965, Eq. (8.431.5)], (2.46) turns out to be [Fodor and
Fingscheidt, 2012a

R ZSOA”” - exp (7% — /ﬁA”) -1 (2‘%{) dA
Agrstsa = ; AR .
§ A1 exp (—;LU . BA’W) A (26) dA

(2.47)

Note that different from the MMSE STS estimation formula (2.39), (2.47) uses a Bessel
function of zeroth order in the nominator and naturally does not have a spectral phase term
(due to the different estimation domain). As a similarity, its integrals are real-valued, just

as those in (2.39).

In the following, each of the speech spectral models from Section 2.3.1 (Rayleigh, chi, and
gamma) will again be reemployed to derive specific MMSE STSA estimators.
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Figure 2.10: MMSE STSA weighting rule with an underlying chi speech spectral amplitude
model (2.49)

Gaussian Prior

Assuming the Rayleigh distribution for the speech spectral amplitudes (2.20) (Gaussian
assumption for the speech), i.e., using the parameters n = 2, 8 = 1/o%, and v = 1 (cf.
Table 2.1), the general MMSE LSA estimation formula (2.47) can be rewritten by means
of [Gradshteyn and Ryzhik, 1965, Eqgs. (6.631.1), (8.406.3)| as [Ephraim and Malah, 1984|

14+¢

i _ R— 3 o518 Y
Ag.stsa = Grsrsa - R =T(1.5) 7(1+£)1F1< 0.5; 1; ) R (2.48)

with subscript R-STSA denoting the Rayleigh speech spectral amplitude model and the

STSA estimation domain. The resulting weighting rule Gg.srsa is depicted in Figure 2.9.

Super-Gaussian Priors

Assuming a chi-distributed speech spectral amplitude model (2.22), i.e., utilizing the pa-
rameters 7 = 2, v = v,, and 8 = v, /0% (cf. Table 2.1) as well as using |Gradshteyn and
Ryzhik, 1965, Egs. (6.631.1), (8.406.3)|, the general MMSE LSA estimation formula (2.47)
yields [Andrianakis and White, 2006|, [Erkelens et al., 2007]

~ (v, +0.5) ¢ 1 ("x +05 1 ulfg) .

A stsa = Gysrsa - R =
X X [(vy) 1+ R <Vx; L %)

(2.49)

where subscript x-STSA denotes the chi-distributed speech spectral amplitude model and the
STSA estimation domain. The resulting weighting rule G,.grsa is illustrated in Figure 2.10.
Please note that employing v, = 1, (2.49) yields the MMSE STSA estimator (2.48) with an

underlying Gaussian speech prior as special case.

Assuming a gamma-distributed speech spectral amplitude model (2.23), i.e., incorporat-
ing the parameters n = 1, v = vp, and f = +/vr(vr + 1)/og (cf. Table 2.1), the general
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Figure 2.11: MMSE STSA weighting rule with an underlying gamma speech spectral ampli-
tude model (2.51)

MMSE LSA estimation formula (2.47) can be reformulated as (cf. [Andrianakis and White,
2006, Egs. (7) and (8)], [Erkelens et al., 2007, Eq. (13)])

@ 2 1%

§ AT exp (—% - 7VF§ZFH)A) 1o (24£) da
~ D
Arsrsa = o

§ A1 exp (7’4—2 -y wﬁ:‘l‘ﬂ)A) -1 <2%) dA
0

P)
D

with subscript I'-STSA denoting the employed gamma speech spectral amplitude model
and the STSA estimation domain. Similar to (2.44), the integrals in (2.50) do not have
closed-form solutions, therefore, in [Erkelens et al., 2007] some approximations are applied
in order to yield an analytical solution. Due to the corresponding approximations, two
separate speech spectral amplitude estimators are obtained one for low and one for high
SNRs. However, we will employ numerical methods to solve these integrals just as in the
STS estimation case. First, we reformulate (2.50) by variable substitution as for (2.45)
leading to [Fodor and Fingscheidt, 2012a]

0

g -exp (—19° = /orlr + D)y [29) - o (299) dg

0
R : :
§ g1 exp (—’yg2 - mﬁg) 1o (2vg) dg
0

R.

AI‘-STSA = GF-STSA R=

(2.51)

By this means, the integrands can be obtained as a function of the a priori SNR £ and the
a posteriori SNR ~y. Again, solving these integrals by the Gauss-Kronrod quadrature [Brass

and Petras, 2011] results in the approximated weighting rule in Figure 2.11.
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2.5.3 MMSE LSA Estimation
Generalized Prior

Employing the bivariate generalized gamma PDF (2.26) as speech prior and a Gaussian
likelihood (2.28), the general MMSE LSA estimation formula (2.35) yields

§in(18)) - exp (222 - || 2 - exp (~gIS|7) dS
C

fow (B5) - spw2 - exp (—-BIS]) ds

In (‘SDgl‘—LSA = ln(A)gI‘—LSA = (2.52)

where subscript gI'-LSA denotes the generalized gamma prior and the LSA estimation do-
main. Utilizing polar integration as for (2.31) and integrating w.r.t. the spectral phase «
using [Gradshteyn and Ryzhik, 1965, Eq. (8.431.5)], (2.52) turns out to be

J—

< 2

{In(A) - A7~ oxp (~ & — pan) - 1y (228 da
D

n(A),ppsa = -

(2.53)
gAnv 1. exp (—— —6A77> (2”) dA

Similar to the STS and STSA estimation domains (cf. (2.39) and (2.47)), its integrals are
real-valued, thus, (2.53) is also real-valued. Using variable substitution as for (2.45), (2.53)
can be rewritten as [Fodor and Fingscheidt, 2012d, Eqs. (6) and (7)]

N e e R
n(A),rpsa = In(R) + 4 . (2.54)

Sg"” ! exp( ) (29 ) dg

Furthermore, the introduced MMSE LSA estimators will turn out to the general form

In(A), g, = In(Grsa) + In(R) = In(Gysa - R) (2.55)

with Gpga being an LSA spectral weighting rule. Therefore, instead of the approxima-

tion Apga ~ exp(l;(—/T)) in (2.37) we can write
Apsa =Gisa R (2.56)

which generally holds for MMSE LSA estimation. Accordingly, (2.54) can be rewritten as

Sln g™ 1 exp <7925—; — g"ﬁR”) -1y <g20i;2) dg
Agrisa = exp ° ’ ‘R, (257)
§g””*1 - exp (—9 - g”BR”) Iy ( ) dg

In the following, each of the speech spectral models from Section 2.3.1 (Rayleigh, chi, gamma)
will again be employed to derive specific MMSE STSA estimators.
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Figure 2.12: MMSE LSA weighting rule with an underlying Rayleigh speech spectral ampli-
tude model (2.58)

Gaussian Prior

Assuming a Rayleigh-distributed speech spectral amplitude model (2.20) (Gaussian assump-
tion for the speech), i.e., using the parameters n = 2, 8 = 1/02, and v = 1 (cf. Table 2.1),
(2.53) can be solved by means of the moment generating function [Papoulis and Pillai, 2002,
Chapter 5-5] and the result turns out to be [Ephraim and Malah, 1985

A\ =G R = E X 71 Jie_t dt R (2 r8)
. 7 I .
R-LSA R-LSA 1 fe p D) 7 o

v

with subscript R-LSA denoting the Rayleigh speech spectral amplitude model and the LSA
estimation domain as well as with v = - &/(1 + £). The resulting weighting rule Ggr.psa is

depicted in Figure 2.12.

Super-Gaussian Priors

Assuming a chi-distributed speech spectral amplitude model (2.22), i.e., utilizing the pa-
rameters ) = 2, v = vy, and 3 = v, /o¥ (cf. Table 2.1), (2.53) can also be obtained in closed

form by means of the moment generating function [Hendriks et al., 2009b|

) _ . p_ £ (1) T(vy,7:6) ‘
Ayrsa = Gyrsa - R = AL exp 5 + " (VX . 72) R (2.59)
P Ut
with
o Dy + 1) VX+t)—w(VX)]( ~E )fi 560
o=y 2] nve) wp B0
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Figure 2.13: MMSE LSA weighting rule with an underlying chi speech spectral amplitude
model (2.59)

9 (+) being the psi function [Abramowitz and Stegun, 1972, Chapter 6], and subscript y-LSA
denoting the chi-distributed speech spectral amplitude model and the LSA estimation do-
main. Please note that employing v, = 1, (2.59) yields the MMSE STSA estimator with
an underlying Rayleigh speech spectral amplitude model (2.58) as special case. The func-
tion T'(vy,7,§) is calculated by means of an infinite series which is commonly truncated
for practical implementations to an upper limit. In [Hendriks et al., 2009b| an upper limit

of 1.5 - 10* iterations is found to be sufficient.

The spectral weights G.1sa can also be solved by quadrature: Using (2.57) and the PDF
parameters of the chi distribution from Table 2.1, the estimator (2.59) can be also be written

as

Ogln(g) g? Tt exp (792 [v + VX%]) 1o (27g) dg
%

§ gt exp (—92 [”/ + VX%]) Iy (2vg) dg
0

A\X_LSA = Gx-LSA‘R = exp ‘R. (261)

Solving these integrals by the Gauss-Kronrod quadrature |Brass and Petras, 2011| results in

the approximated weighting rule G.1ga in Figure 2.13.

Assuming a gamma-distributed speech spectral amplitude model (2.23), i.e., employing
the parameters n = 1, v = vp, and 8 = y/vr(vr + 1)/og (cf. Table 2.1), (2.53) turns out to

be
w . (o
fIn(A) - A" exp (7:—; - @A) 1y (2%) dA
0 L °

S P 14

A1 exp (*% - 7WA> I (2%) dA

0

o

(2.62)

with subscript I-LSA denoting the employed gamma speech spectral amplitude model and
the LSA estimation domain. Similar to the MMSE STS and MMSE STSA equivalents (cf.
(2.44) and (2.50)), the integrals in (2.62) do not have closed-form solutions. Therefore,
in |[Borgstrom and Alwan, 2011] some approximations are applied in order to obtain an (ap-

proximated) analytical solution. However, just as in the STS and STSA estimation domains,
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Figure 2.14: MMSE LSA weighting rule with an underlying gamma speech spectral ampli-
tude model (2.63)

we utilize numerical methods to solve these integrals. Using the generalized MMSE LSA es-
timation formula (2.57) and the PDF parameters of the gamma distribution from Table 2.1,
the MMSE LSA estimator assuming gamma-distributed speech spectral amplitudes can be
obtained by (cf. [Fodor and Fingscheidt, 2012d, Eq. (7)])

A\F-LSA = GF-LSA R
0
§In(g) g - exp (*“/y2 — V(o + 1)\@9) 1o (279) dg
0
e0]
ng‘fl - exp (—fyg? — A /I/r(l/r + 1)\/§g) I (Q’Vg) dg
0

= exp - R.

(2.63)
Solving these integrals by means of the Gauss-Kronrod quadrature [Brass and Petras, 2011|

results in the approximated weighting rule Gr.sa depicted in Figure 2.14.

An overview of MMSE estimators recapitulated in this section is given in Table 2.2. It
can be concluded that the hierarchy of speech spectral amplitude PDFs in Figure 2.5 is also
true for corresponding MMSE estimators. This is due to the fact that MMSE estimators

based on a specific speech spectral amplitude PDF inherit its hierarchy properties.
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2.6 MMSE Estimation
Under Speech Presence Uncertainty (SPU)

The general MMSE estimation formula (2.12) and the resulting specific estimators in Sec-
tion 2.5 (summarized in Table 2.2) assume that speech is always present. However, this is
not fulfilled for natural speech as uttered by human beings, e. g., during speech pauses or in
frequency bins located between spectral harmonics of voiced speech sounds which generally
have extreme low energy. Therefore, it was shown in several publications, e.g., [McAulay
and Malpass, 1980|, [Ephraim and Malah, 1984|, [Azirani et al., 1996, |[Cohen and Berdugo,
2001], |Gerkmann et al., 2008|, that speech enhancement approaches can successfully be

enhanced by taking speech presence uncertainty (SPU) into account.

Accordingly, extending the Bayesian estimation formula (2.9) in terms of total probability
by the hypotheses Hy and H; denoting speech absence and speech presence, respectively,
results in the general Bayesian estimation formula under SPU (cf. [Middleton and Esposito,
1968])

5= argmjnJC(S7 5)- psjy (S|Y) as
5
c

He{Ho,H1}

argmin [ C(8,8):" Y} PUHY) - pspen(SIY. H) dS (2.64)
C

= arg HEHJC(& S)- [P(H0|Y) P8y (S1Y, Ho) + P(HA[Y) - psyv,m (S]Y, Hl)} ds
C
with P(H1]Y), P(Ho|Y) = 1 — P(H\|Y'), psyv.m, (SY, Hy), and pgjy,u, (S|Y, Hp) being the
a posteriori speech presence probability (SPP), the a posteriori speech absence probability
(SAP), the posterior under speech presence H; and absence Hy, respectively. Applying the
MMSE cost function (2.10) to (2.64), leads to the general MMSE estimation formula under
SPU

9(S) = P(H|Y) - E{g(S)|Y, Ho} + P(HL|Y) - E {g(S)|Y; H.} (2.65)

—

with E{g(S)|Y, Ho} and E{g(S)|Y, H:} being the MMSE estimate for speech ¢(S) under
the hypothesis of speech absence H, and speech presence Hi, respectively. As can be seen,
the MMSE estimation formula under SPU is a sum of two products: Each product consists
of an MMSE estimate E{g(S)|Y, H} and an a posteriori SPP or SAP P(H|Y) with H €
{Hy, Hi}. The latter is also called soft weight. Please note that since the MMSE estimation

formula (2.12) assumes permanent speech presence, it corresponds to E{g(S)|Y, H;} in (2.65).

In the following, we will focus first on the soft weights, then we will take a look at the
MMSE estimates E {g(S)|Y, Ho} and E {g(S)|Y, H1} as well as the final MMSE estimators

under SPU. In Section 2.6.1, a very common description of the soft weights is presented, while
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in Section 2.6.2 a more sophisticated soft weight computation with averaging and fixed prior
parameters is introduced. Finally, the application of the soft weights into the final MMSE

estimation under SPU in different estimation domains will be presented in Section 2.6.3.

2.6.1 A Posteriori SPP Estimation with Adapted Prior Parameters

In terms of total probability, the relationship between the a posteriori SPP and the a pos-
teriori SAP is P(H1|Y) + P(Ho|Y') = 1. Furthermore, the a posteriori SPP can be written
as [Middleton and Esposito, 1968, [Ephraim and Malah, 1984]

A
PH,|)Y) = —— 2.
(HIY) = 1o (2.66)
with the so-called generalized likelihood ratio (GLR)
P(H Y|H
A~ P pyim (YIH) (2.67)

P(Ho)  pym,(Y|Ho)
where P(Hy), P(Ho) = 1—P(Hy), py|a, (Y|Hy), and py g, (Y|Ho) are the a priori SPP, the a

priori SAP, the PDF of the noisy speech assuming speech presence and absence, respectively.
The PDFs pyu,(Y'|Ho) and py s, (Y'|Hy) are also called the likelihood of speech absence and
speech presence, respectively. The a priori SPP and SAP are usually modeled as constant
quantities with, e.g., P(H;) = 0.5 [McAulay and Malpass, 1980|, or P(H;) = 0.8 [Ephraim
and Malah, 1984], but there are also approaches based on adaptive tracking of the a priori
SAP |Malah et al., 1999], [Cohen and Berdugo, 2001|. In this thesis, we will employ P(Hy) =
P(Hy) =0.5.

The conditional PDF py |y, (Y|Hp) models the probability density of the noisy speech
STFT coefficient in absence of speech. That means that only the noise is present, i.e.,
Y = D, therefore,

Py, (Y(Ho) = pp(Y) (2.68)
with pp(-) being, e.g., (2.27). Under hypothesis H;, however, the speech STFT coefficient .S

is non-zero, thus, the likelihood of speech presence is defined as

pyim (Y[H) =py (Y =S+ D) = JPY\S(Y‘S) “ps(8)dS. (2.69)
C

It turns out that the desired PDF py|g, (Y|H,) is identical to the evidence in the general
MMSE estimation formula (2.12) and can be calculated by marginalizing the product of the
likelihood pys(Y'|S) and the prior pg(S). In the following, we will recapitulate common a

posteriori SPP estimators P(H|Y').
Analog to the PDF assumptions of the speech spectral amplitude estimator (2.48),
in [Ephraim and Malah, 1984 a Gaussian speech spectral model (2.19) (Rayleigh-distributed
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speech spectral amplitude assumption) and a Gaussian likelihood (2.28) are proposed for
calculating the likelihood of speech absence (2.68) and speech presence (2.69), respectively.
Utilizing |Gradshteyn and Ryzhik, 1965, Eq. (6.631.1)] for determining the former, the like-
lihoods finally yield

1 Y ? 1 P ¢
py‘Hl(Y|H1)|R = % - exp (E . Tt - exp gm ,

(2.70)

1 Y2
(V) =~ e (o
D

with subscript R denoting the Rayleigh-distributed speech spectral amplitude model. Sub-
stituting the likelihoods (2.70) into the GLR (2.67) results in [Ephraim and Malah, 1984]

PH,) 1 ¢
ray e (e =

Please note that (2.71) and the corresponding a posteriori SPP P(Hl\Y)|R = Ar/(1+ Ag)

Ag =

are a function of the a priori and the a posteriori SNR & and -, respectively, just as the

spectral weighting rules in Section 2.5.

Arguing that the speech STFT coefficients rather follow a super-Gaussian distribution
than a Gaussian, in [Breithaupt and Martin, 2011] the chi distribution (2.22) is utilized for
modeling the speech spectral amplitudes. The corresponding GLR is calculated as |Brei-
thaupt and Martin, 2011]

_ P(Hl) V. " 1. 3
A= P(Ho) . (”xig) o (UX’LVX"'g) @72)

with subscript x denoting the chi-distributed speech spectral amplitude assumption. The

corresponding a posteriori SPP is computed straightforwardly by (2.66).

A gamma-distributed speech spectral amplitude model in conjunction with SPU estima-

tion will be proposed in Section 4.2.

2.6.2 A Posteriori SPP Estimation

with Averaging and Fixed Prior Parameters

The estimators in the previous section yield a posteriori SPP values close to one relatively
robust during speech presence. In absence of speech, however, they typically output the a
priori SPP which is usually not close to zero (cf. P(H;|Y) in (2.66) tends to the a priori
SPP P(H,) instead of zero, if the a priori SNR in (2.71) or (2.72) approaches zero). To
overcome this issue, an adaptive tracking of the a priori SPP is proposed in [Cohen and

Berdugo, 2001]. Different from this adaptive solution, an approach with fixed a priori SPP
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and fixed a priori SNR for SPU estimation is introduced in [Gerkmann et al., 2008] arguing
that these quantities should be independent of the observations and, thus, reflect true a
priori knowledge. Furthermore, it is shown that the use of a fixed a priori SPP and a fixed a
priori SNR can enhance SPU estimation and can outperform approaches with adapted prior

parameters by achieving a posteriori SPP estimates close to zero when speech is absent.

Since the a posteriori SPP estimator (2.66) is a function of the noisy observations (cf.
(2.71) or (2.72)), the random fluctuations of the observations may result in estimation outliers
which may be perceived as musical noise |Gerkmann et al., 2008|. In order to improve
estimation robustness and reduce estimation outliers, in [Gerkmann et al., 2008| averaged
observations are employed for SPU estimation. As can be seen in (2.71) or (2.72), the a
posteriori SPP estimator (2.66) is not a function of the spectral phase of the noisy speech
STFT coefficient Y. Therefore, assuming that hypothesis H; is independent of the spectral
phase of the noisy speech STFT coefficient Y, the a posteriori SPP can also be written as
a function of ~, i.e., P(H,|Y) = P(H,|y). Employing averaged a posteriori SNR values 7
for SPU estimation, the corresponding GLR (2.67) and the corresponding likelihoods (2.68)
and (2.69) have to be determined. The averaged a posteriori SNR 7 is simply obtained
by calculating the moving average of v. However, the choice of the averaging window size
is crucial: The larger the window, the more random fluctuations of v can be reduced, but
simultaneously the more speech distortion occurs since averaging strongly affects the fine
spectral structure of speech. As a tradeoff, two averaging processes of different window sizes,
i.e., a small local window and a large global window, can be applied and combined [Cohen
and Berdugo, 2001]. Accordingly, the averaging is carried out as follows [Gerkmann et al.,
2008|

You(k) = ol Kol IKe\ DD ok = ko) (2.73)

XocLe kocKe
with © standing for either local or global, Le = {{— Alg,{ —Alg+1,...,0—1,(} and Kg =
{k — Ake,k — Ako +1,...,k—1,k,k+1,....k+ Ako — 1,k + Ako} being a set of frames
and a set of frequency bins within the corresponding averaging window, respectively, as well
as with |Lg| and |Kg| being the number of these frames and frequency bins, respectively.
Besides the current frame ¢, the previous Alg frames are also considered for averaging,
thus, each averaging window covers |Lg| = Aflg +1 frames. Furthermore, each window
utilizes |Kg| = 2-Akg + 1 frequency bins for averaging, comprising the current frequency
bin k, Ake lower frequency bins, and Akg upper frequency bins. By this means, each
averaging window has the size [Kg|-|Leo|. Please note that at low and high frequency bins,
where the shape of the averaging windows would be reduced due to side effects, the missing
observations are replaced by mirroring available ones using the smallest and largest frequency
bins, respectively, as symmetry axes. Moreover, at k=0 and k= L/2 + 1 no averaging is

applied.
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The corresponding local and global a posteriori SPPs driven by the averaged a posteriori
SNRs 7 are multiplicatively combined to a final a posteriori SPP estimate [Gerkmann et al.,
2008| (cf. also [Cohen and Berdugo, 2001] and [Sgrensen and Andersen, 2005])3

P(th/) = P(Hl‘;flocal) : P(Hllﬁglobal)‘ (274)

Please note that (2.74) estimates speech presence H; in a robust way: The a posteriori

SPP P(H,|v) only achieves values close to one, if both the local and the global a posteriori

SPPs are close to one. The local and global a posteriori SPPs are calculated as (cf. (2.66))
Ao

P(H[e) = 15 (2.75)

with the GLR for the averaged observations (cf. (2.67))

/_\() _ P(Hl) 'p:Y(-)‘III (:V(‘)‘Hl)
P(HO) p”Y(-)\H(J(:V@‘HO)

(2.76)

where psgm, (Fo|H1) and pygm, (7e|Ho) are the likelihood of speech presence and the like-
lihood of speech absence, respectively, both for averaged observations. These PDFs can be
determined similar to those in (2.67) and the derivation steps will briefly be described in the

following.

Starting with hypothesis H;, the noisy speech STFT coefficient Y turns out to be Gaus-
sian distributed, if statistically independent Gaussian-distributed speech and noise STEFT
coefficients are assumed. Accordingly, |Y| is Rayleigh distributed (cf. (2.20)), and |Y|* is
exponential distributed [Papoulis and Pillai, 2002]. The a posteriori SNR (being only a
scaled version of |Y|?) is also exponential distributed. The sum of exponential-distributed
random variables (averaged 7 values) can be modeled by the gamma distribution [Papoulis
and Pillai, 2002|. Thus, after derivation, the PDF of averaged a posteriori SNR values under
hypothesis H; is obtained as (cf. (2.23) and [Gerkmann et al., 2008, Eq. (6)])

re  —pe—1 —
R - He Yo HeYe
Prolin (Yo H) = (1 T 5) T(e) P (71 + f) (2.77)

with superscript R denoting the Rayleigh assumption for the speech spectral amplitudes
(Gaussian speech prior) and with the shape parameter p1g. Please note that if the a posteriori
SNRs are uncorrelated the shape parameter yields po = |Leg| - [Ke|. Furthermore, if no

averaging is applied pug = 1 results.

3Please note that in a strict mathematical sense, (2.74) should be written as P(Hi|y) =
& - P(HiPiocal) - P(H1|Fgloba) With C' such that P(Hy|y) + P(Holy) = 1. Using (2.74), we implicitly
assume that P(Holy) = 1 — P(Hi|Yoca1) - P(H1|¥giobat) resulting in C'=1. Please note that we obtain then
P(Holy) =1—[1=P(Ho|Yoca1)]- [1 = P(Ho|Fgiobal)] = P(Ho|Mocal) + P(Ho|Vgiobal) — P(Ho| Yocal) - P(Ho |[Yglobal)
# P(Ho[Noca1) - P(Ho|Yglobal)-
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| 0 | Ako | Ao | Kol Lol | po | =8 | P(HY) |
local 1 2 9 54 [8dB | 05
global 8 2 51 25.7 | 3dB 0.5

Table 2.3: Parameters of the a posteriori SNR, averaging framework with a Gaussian speech
prior (cf. [Gerkmann et al., 2008|) assuming a frame length of 32ms, 50% frame overlap, and

a Hann window

In speech absence £ = 0 holds and (2.77) reduces to (cf. [Gerkmann et al., 2008, Eq. (4)])

_ 4o _
P, (Yol Ho) = pet® - 72— - exp(—peTe) (2.78)

[(pe)

with pe being the same parameter as in (2.77).

Finally, using the likelihood of speech presence (2.77) and absence (2.78), the correspond-
ing GLR can be calculated by (2.76) resulting in (cf. |Gerkmann et al., 2008, Eq. (7)])

r _ P(H) 1 \" nef
W=t (e) e ({5 7) =)

with superscript R denoting the Rayleigh assumption for the speech spectral amplitudes

(Gaussian speech prior). Please note that if no averaging is applied, i.e., ug = 1, (2.79)

reduces to the GLR (2.71) assuming also Rayleigh-distributed speech spectral amplitudes.

Although the averaging approach can nicely reduce estimation outliers, the a posteri-
ori SPP still does not approach zero at low a priori SNRs |Gerkmann et al., 2008|: The
GLR (2.79) still tends to the value of P(H,)/P(Hy) and, thus, the a posteriori SPP delivers
a value close to P(H;) if € — 0. To overcome this issue, it is proposed in [Gerkmann et al.,
2008] to use a fixed a priori SPP and a fixed a priori SNR for SPU estimation as summarized
in Table 2.3 together with the parameters for a posteriori SNR averaging. Please note that

the fixed a priori SNR Z8 is used now in (2.79) instead of the adapted one &.

The derivation of likelihood functions for averaged observations assuming a super-
Gaussian speech model is mathematically challenging. Nevertheless, a new a posteriori
SPP estimator using averaged observations and a chi-distributed speech spectral amplitude

model in conjunction with fixed prior parameters will be proposed in Section 5.

So far, we have introduced the soft weights assuming different spectral assumptions for the
speech prior as well as adapted and fixed prior parameters for MMSE speech enhancement
under SPU. In the following, we will take the estimation domains STS, STSA, and LSA (cf.
Chapter 2.4) into account, employing g(X) = X, ¢(X) = |X|, and ¢(X) = In|X]| for (2.65),

respectively.
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2.6.3 Estimation Domains
MMSE STS Estimation Under SPU

Employing ¢(X) = X for the general MMSE STS estimation formula under SPU (2.65)
and considering that the expectation E {S|Y, Hy} is zero under hypothesis Hy (in absence of
speech), the general MMSE STS estimator under SPU yields

|Sstsspu = P(EL|Y) - E{S|Y, Hi} = P(HL]Y) - Gsrs - Y| (2.80)

with subscript STS-SPU denoting MMSE STS estimation under SPU. In (2.80) it is eligible
to compute E {S|Y, H,} by (2.30), because a permanent speech presence has already been
assumed for (2.30). It turns out that a specific MMSE STS estimator from Section 2.5.1
with the weighting rule Gsrs and an a posteriori SPP estimator P(H,|Y) are required for

MMSE STS estimation under SPU, both with the same underlying signal PDF assumptions.

An MMSE STS estimator under SPU with an underlying Gaussian speech prior, i.e., a
combination of the common MMSE STS estimator (2.41) and the a posteriori SPP esti-
mator (2.66) with the GLR (2.71) is proposed in [Azirani et al., 1996]. To the best of our
knowledge, approaches based on super-Gaussian speech priors have not been published yet

in literature and will be proposed in Section 4.2.1.

MMSE STSA Estimation Under SPU

Employing ¢(X) = |X| for the general MMSE STSA estimation formula under SPU (2.65)
and considering that £ {\S | }Y, HU} is zero under hypothesis Hy (in absence of speech), the
MMSE STSA estimator under SPU is computed as [McAulay and Malpass, 1980, Eq. (22)]

Slsrsaspy = Astsaspu = P(H1|Y) - E{A|Y, Hi} = P(H1[Y) - Gsrsa - R (2.81)

with subscript STSA-SPU denoting MMSE STSA estimation under SPU and with
E {A]Y, H,} being (2.32), due to the assumption of permanent speech presence.

An MMSE STSA estimator under SPU with an underlying Rayleigh-distributed speech
spectral amplitude assumption, i.e., a combination of the common MMSE STSA esti-
mator (2.48) and the a posteriori SPP estimator (2.66) with the GLR (2.71), is pro-
posed in |[Ephraim and Malah, 1984]|. A further PDF-consistent proposal with an un-
derlying chi-distributed speech spectral amplitude model, i.e., a combination of the com-
mon MMSE STSA estimator (2.49) and the a posteriori SPP estimator (2.66) with the
GLR (2.72), is introduced in [Breithaupt and Martin, 2011]. To complete the picture, a new
proposal for MMSE STSA estimation under SPU with an underlying gamma-distributed
speech spectral amplitude model will be introduced in Chapter 4 [Fodor and Fingscheidt,
2012a).
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MMSE LSA Estimation Under SPU

Employing g(X) = In |X]|, the general MMSE estimation formula (2.65) turns out to be
In|S| = In(A) = P(H|Y) - E {In(A)|Y, Ho} + P(H,|Y) - E {In(A)|Y, Hy} . (2.82)
Using the approximation in (2.37), (2.82) can be rewritten as

[S]isaspu = Arsaseu (2.83)

~ exp(In(A)) = exp (P(HO\Y) - E{n(A)|Y, Ho} + P(H,|Y) - E {In(A)]Y, Hl})

with subscript LSA-SPU denoting MMSE LSA estimation under SPU. Unfortunately, the
MMSE estimate for speech absence F {In(A)|Y, Hy} tends to minus infinity, since the speech
spectral amplitude A approaches zero under hypothesis Hy. Consequently, if P(Ho|Y) is
larger than zero, the speech spectral amplitude estimate Apgs in (2.83) tends to zero. Several

approaches are proposed to overcome this issue which will be recapitulated in the following.

Nonlinear MMSE LSA Estimation In this approach proposed in [Ephraim and Malah,
1985] the term E {In(A)|Y, Ho} is implicitly assumed to be zero. Therefore, (2.83) reduces
to exp(P(H,|Y) - E{In(A)|Y, H,}) which can be rewritten as exp(P(H;|Y) - In(Grsa - R))
according to (2.55). After rearranging this expression, the MMSE LSA estimation formula
under SPU results in [Ephraim and Malah, 1985

Anpisa = exp (P(Hl\Y) - E{In(A)]Y, H1}> = (Giga - R)PUHM) (2.84)

with subscript NL-LSA denoting the nonlinear MMSE LSA estimator under SPU. As can be
seen, the speech spectral amplitude estimate ANL_LSA turns out to be a nonlinear function

of the noisy speech spectral amplitude R.

It is worthwhile to mention that in [Ephraim and Malah, 1985] the nonlinear MMSE LSA
estimator under SPU was not found to achieve convincing results due to a low-pass effect on
the enhanced signal. In [Fodor and Fingscheidt, 2012b], however, this low-pass effect could
not be observed, but a strong noise attenuation in conjunction with a slight degradation of
the speech quality is reported. This different observation may be produced due to the use

of a different, modern noise PSD estimator in [Fodor and Fingscheidt, 2012b].

Multiplicatively Modified MMSE LSA Estimation Since the nonlinear MMSE LSA
estimator under SPU was reported to be not worth to use in [Ephraim and Malah, 1985|, the
multiplicatively modified MMSE LSA estimator under SPU was proposed in [Malah et al.,
1999]. Following the concept of the other estimation domains (cf. (2.80) and (2.81)), this

estimator is forced to be a linear function of the noisy speech spectral amplitude R as

AMM-LSA = P(Hl‘Y) . exp (E{hl(A)|H1}) = P(H1|Y) . GLSA . R (285)
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with subscript MM-LSA denoting multiplicatively modified MMSE LSA estimation under
SPU. Please note that according to (2.64), this modification is not optimal in the MMSE

sense.

Optimally Modified MMSE LSA Estimation To overcome the issue that the mul-
tiplicatively modified MMSE LSA estimator is not optimal in the MMSE sense, optimally
modified (OM) MMSE LSA estimation was introduced in [Cohen and Berdugo, 2001]. Tt
provides an optimal MMSE estimate and, simultaneously, a nice solution for the concep-
tional issue in speech absence. Contrary to the previous approaches, optimally modified
MMSE LSA estimation assumes that E {In(A)|Y, Hy} = In(Gy - R) (cf. (2.55)) is not zero.
Allowing for a small constant spectral weight G in absence of speech Hy results in a low,
naturally sounding residual noise level. Accordingly, applying E {In(A)|Y, H;} = In(Grsa- R)
and E {In(A)|Y, Hy} = In(Gp- R) to the general MMSE estimation formula under SPU (2.65)
and using (2.55) leads to [Cohen and Berdugo, 2001]

AOM—LSA = (GIL;EX”Y) . G(I))(HO‘Y)) ‘R (2486)

with subscript OM-LSA denoting optimally modified MMSE LSA estimation under SPU. It
turns out that the speech spectral amplitude estimate Aowirsa is a linear function of the
noisy speech spectral amplitude R. Similar to the previous MMSE STS estimator under
SPU (2.80) and MMSE STSA estimator under SPU (2.81), the noisy speech spectral ampli-
tude R is weighted by a total spectral gain consisting of a weighting rule and a soft weight.
Different from the previous estimators, the relationship between Gpsa and P(H;|Y) is not
multiplicative but nonlinear. Moreover, the total spectral gain also contains a new multiplica-

tive term G(};(H”‘Y) where the exponent is generally calculated as P(Hy|Y) =1 — P(H:|Y).

Optimally modified MMSE LSA estimators under SPU are employed in, e.g., [Cohen
and Berdugo, 2001] using a Gaussian speech prior. New, super-Gaussian variants with a
chi-distributed and a gamma-distributed |[Fodor and Fingscheidt, 2012d| speech spectral
amplitude model will be introduced in Chapter 4 (cf. Table 4.2).

2.7 Estimation of Noise Power, A Priori SNR,
and A Posteriori SNR

So far, we have introduced various MMSE estimators for speech enhancement both with and
without taking SPU into account. All estimators have in common that they are driven by
the a priori SNR & (k) and/or by the a posteriori SNR ~,(k), both being a function of the
noise PSD o3, ,(k) = E{|D,(k)|*}. Although the noise process Dy(k) is assumed to be quasi-

stationary, the noise PSD is naturally time-varying in practice. Therefore, it is necessary to
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track the noise PSD during processing time. Typical tracking approaches are introduced in
Section 2.7.1.

The a posteriori SNR is a function of the instantaneous value of the observations Yy (k)
and the noise PSD which is usually estimated by a noise PSD estimator. While the calcu-
lation of the a posteriori SNR is rather simple, the computation of the a priori SNR is not
straightforward: Being a function of the speech PSD % (k) = E{|S,(k)[*}, it is a strongly
time-varying quantity and, therefore, its estimation is challenging. Typical a priori and a

posteriori SNR estimators are recapitulated in Section 2.7.2.

2.7.1 Noise Power Estimation

As mentioned above, the noise PSD is essential in speech enhancement. Therefore, the
accuracy of the noise PSD estimate is crucial: Underestimation may result in annoying
residual noise, while overestimation may lead to a degradation of speech intelligibility due
to speech distortions. The estimation of the noise PSD is a nontrivial task, since it can be
estimated by merely the observations Y;(k) and some a priori knowledge, but without any
useful reference. In the following, typical noise PSD estimation approaches will briefly be

summarized.

Noise PSD Estimation Based on Voice Activity Detection (VAD)

A very simple noise PSD estimation approach is based on the fact that the observations Y;(k)
are dominated by the noise spectrum Dy(k) in speech pauses. This approach measures the
PSD of Yy(k) first, e.g., by recursive averaging of the noisy periodogram. Then, a voice
activity detection (VAD) is used to control whenever the noise power estimate should be
updated by the measured power of the observations Yy(k). Such an approach will fully
be described in Section 3.3.2. Further VAD-based noise PSD estimators are proposed in,
e.g., [McAulay and Malpass, 1980|, [Compernolle, 1989]. A disadvantage of VAD-based

approaches is that they are only able to track the noise power in speech pauses.

Noise PSD Estimation Based on Minimum Statistics (MS)

Noise PSD estimation based on minimum statistics (MS) is proposed in [Martin, 1994] and
[Martin, 2001]. Based on a statistical independence assumption between the speech and the
noise STFT coefficients, this approach makes use of the fact that even during speech activity,
the power of the noisy speech STFT coefficients Y;(k) often decreases to the level of the noise
power. Therefore, the noise PSD can be estimated by tracking the minimum of the noisy

speech PSD which can be measured by calculating the recursive average of the periodogram



46 2 Synopsis of MMSE Speech Enhancement Approaches

of the observations |Y;(k)|?>. Therefore, no VAD is required and—as a clear advantage over

VAD-based approaches—the noise PSD estimate can even be updated during speech activity.

Since there are different requirements regarding the smoothing of the noisy peri-
odogram |Y,(k)|? in speech absence and speech presence, the MS approach employs
an adaptive, frequency-dependent smoothing parameter. Furthermore, since the mini-
mum of smoothed |Y,(k)|* values is generally smaller than (or equal to) their desired
mean E{|Y;(k)[2|Hy}, tracking the minimum of power spectral values leads to an underesti-
mation of the noise PSD. Therefore, a bias compensation is utilized to obtain an unbiased

estimate ‘;%z(k)

Noise PSD Estimation
Based on (Improved) Minima Controlled Recursive Averaging ((I)MCRA)

Minima controlled recursive averaging (MCRA) is proposed in [Cohen and Berdugo, 2001].
Similar to the MS approach, MCRA noise PSD estimation is based on recursive averaging
2

of the periodogram |Y;(k)|* with an adaptive smoothing factor. Different from the MS

approach, this smoothing factor is driven by the SPP which is controlled by the smoothed
2.

periodogram |Y;(k)[*. Analog to MS, the MCRA approach is also able to update its noise

PSD estimate during speech activity.

The improved minima controlled recursive averaging (IMCRA) is proposed in [Cohen,
2003]. In this paper the minimum tracking during speech activity and the SPP estimation
of the MCRA approach is further enhanced and a new bias compensation factor is derived.
According to [Cohen, 2003], the strengths of the IMCRA approach arise in presence of non-

stationary noise or in low input SNR conditions.

MMSE Noise PSD Estimation Based on Speech Presence Probability

This approach is published in [Gerkmann and Hendriks, 2012] and it is based on an MMSE
noise PSD estimator. Similar to the ()MCRA approach, the MMSE noise PSD estimation
employs also a recursive average with a smoothing factor controlled by SPPs. Different from
the (I)MCRA solution, the SPP is calculated based on the a posteriori SPP using fixed
prior parameters as in Section 2.6.2, but without any averaging of the a posteriori SNR. A
considerable advantage of this approach over the previous ones are low estimation delay and

low computational complexity.
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2.7.2 A Priori and A Posteriort SNR Estimation

Once the noise PSD has been estimated, the a priori SNR and the a posteriori SNR can be

computed.

A Posteriori SNR Estimation

The a posteriori SNR is defined as a function of the noisy speech STFT coefficient Y;(k) and

the noise PSD o7, ,(k), and it is usually estimated by means of the estimated noise PSD as

Ae(k) = w (2.87)
”sz,z(k)

Decision Directed A Priori SNR Estimation

For sure the most prevalent a priori SNR estimator is the decision directed (DD) approach
[Ephraim and Malah, 1984]

&(k) = (1 — Bpp) - max{F,(k) — 1,0} + fop (2.88)

with Spp € [0, 1] being the smoothing parameter. Please note that the a priori SNR esti-
mate (2.88) is a weighted sum of the maximum likelihood (ML) a priori SNR estimate (k)1
and an instantaneous SNR of the last frame based on estimated values \gg_l(k)\‘z/(;%\)‘zfl(k).
The ML a priori SNR estimation assumes a Gaussian-distributed noisy speech STFT coef-
ficient (with statistically independent, Gaussian-distributed speech and noise spectral com-
ponents) and it maximizes the resulting exponentially-distributed likelihood [Ephraim and
Malah, 1984, Eq. (20)]

1 gl
016 = g o (-1 (25

w.r.t. & resulting in EMu(k) = 7,(k) — 1. The lower bound of the ML estimate enforced
by max{-,0} ensures a plausible, non-negative SNR estimate. Since the a posteriori SNR
is of a random nature, the ML a priori SNR estimate ~,(k)—1 suffers from its fluctuations
which can result in unnatural sounding musical noise [Cappe, 1994]. Therefore, the ML
estimate is combined with the fraction |§4,1(k)|2/r%,£71(k) which can be interpreted as a
very conservative a priori SNR estimate with significantly less estimation variance. On the
other hand, this conservative a priori SNR estimate introduces a delay, thus, speech may
be distorted, especially during speech onset or offset. Therefore, the smoothing factor fpp
in (2.88) controls the tradeoff between musical noise and speech distortion during speech

transition. A typical choice for Spp is 0.98 [Ephraim and Malah, 1984], however, it is shown
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in [Yu and Fingscheidt, 2011] and [Yu, 2013] that Spp = 0.98 is not a universally best choice
for all speech enhancement approaches in terms of the amount of noise reduction, the amount

of musical noise, and the quality of the speech component.

Please note that under SPU the a priori SNR is defined slightly different from (2.42),
i.e., B{|S|*|H1}/0%. However, a priori SNR estimators, such as the DD approach (2.88),
measure E{|S|?}/o%. Nevertheless, the a priori SNR under SPU is easily obtained by the
unconditioned a priori SNR (estimated by, e. g., the DD approach) as [Ephraim and Malah,
1984]

E{ISPIH} 1 E{SI’}
O—ZD P(Hl) O'2D '

(2.90)

A Priori SNR Estimation in the Cepstral Domain

An a priori SNR estimator using temporal smoothing in the cepstral domain is proposed
in [Breithaupt et al., 2008]. As mentioned above, the ML a priori SNR estimate should be
smoothed in order to reduce its fluctuations which may lead to musical noise. However, a
smoothing in the STFT domain is rather adversely, because it may distort the fine spectral

structure of speech, leading to speech distortion.

A cepstral domain representation of the noisy speech, i.e., the IDFT of the logarithm
of a noisy speech spectrum, however, has the advantage over the spectral domain that the
speech and the noise can be related with specific cepstral coefficients |Breithaupt et al., 2008].
Therefore, a selective smoothing of the ML a priori SNR estimate in the cepstral domain
allows for an adequate smoothing of the noise and a moderate smoothing of the speech,
resulting in more naturally sounding residual noise and less speech distortion compared to

a smoothing in the spectral domain.

2.8 Summary

In this chapter we gave an overview of MMSE speech enhancement. We used a general
MMSE estimation formula which can be employed in different estimation domains, i.e., the
STS, STSA, and LSA domain. Furthermore, typically employed a priori knowledge incor-
porated for MMSE speech enhancement was recapitulated with a focus on speech spectral
modeling. We derived a new bivariate generalized speech prior which nicely covers usu-
ally employed speech priors as special case. Using the generalized speech prior, a generalized
MMSE estimator was derived for each estimation domain. Then, a synopsis of MMSE speech
enhancement approaches was given by means of the generalized estimators: Utilizing the pa-

rameter set of a specific speech spectral model leads to any of the specific MMSE estimators
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known from literature. As a further refinement to MMSE speech enhancement, SPU was
taken into account. Common SPU approaches from literature both with adapted and fixed
prior parameters were recapitulated. Finally, typical noise PSD and SNR estimators were

introduced.

We identified new research topics: The a posteriori SPP estimation formula (2.69) can be
generalized by employing a generalized speech prior, such as the new bivariate generalized
gamma PDF from Section 2.3. Based on the generalized PDF, new SPP estimators can
potentially be identified. Accordingly, an overview of a posteriori SPP estimators will be
given in Chapter 4. Furthermore, an a posteriori SPP estimator with an underlying gamma
speech spectral amplitude assumption will be derived. Then, a new a posteriori SPP estima-
tor with fixed prior parameters and an underlying chi-distributed speech spectral amplitude
model will be proposed in Chapters 5. MMSE estimation exploiting temporal correlation of
speech STET coefficients will be investigated and some interesting links to error concealment
will be shown in Chapter 6. Finally, the approach from Chapter 6 will be enhanced by SPU

estimation in Chapter 7.
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Chapter 3

Simulation Setup and

Instrumental Measures

This chapter will deal with instrumental evaluation of speech enhancement systems and di-
verse instrumental measures. In Section 3.1, the simulation setup which is employed in this
thesis for instrumental evaluation of speech enhancement systems will briefly be introduced.
Besides the speech and noise data utilized for simulations, the data preprocessing steps will
be recapitulated. Furthermore, a signal-component-wise evaluation procedure of the speech
enhancement system under test will be described, in a so-called white box test scenario.
This approach allows for analyzing the effects of signal enhancement on the speech and the
noise component of the noisy signal separately. In Section 3.2 the instrumental measures
will be summarized which are used in this thesis for performance evaluation. Section 3.3 will
deal with the instrumental measure SNR: First, a reference-based SNR measurement ap-
proach will be recapitulated and then a new reference-free SNR measurement approach will
be introduced. The reference-based SNR measurement approach will allow for measuring
the SNR of noisy speech signals, e. g., those being fed into the speech enhancement system,
by means of separately accessible speech and noise components as reference. The new SNR
measurement approach will aim at estimating the SNR of speech signals distorted by car
noise as close as possible to the measured SNR of the reference-based approach, however, in
a reference-free fashion by means of the observed noisy speech only [Fodor and Fingscheidt,
2012¢|. Furthermore, the new approach will be applicable to both narrowband and wideband
signals. Such a reference-free SNR measurement approach allows for, e.g., finding advan-
tageous microphone positions in the context of automotive hands-free system development.
Within the ITU-T Study Group 12, the Focus Group on Car Communication (FG CarCOM)
has decided to adopt the new reference-free SNR measurement approach within the draft
of the recommendation proposal “Subsytem Requirements for Automotive Speech Services”.

Finally, Section 3.4 will give a short summary of this chapter.
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Figure 3.1: Overview of the simulation setup

3.1 Simulation Setup

In this section, we recapitulate the simulation setup employed in this thesis which can be
divided into four main parts as depicted in Figure 3.1: First, the employed speech and noise
recordings are provided by separate databases. The data is then preprocessed in the next
step consisting of, e.g., artificial noisy signal generation and SNR adjustment. Then, the
preprocessed data is fed into the speech enhancement system under test being analyzed in a
white box test scenario. The signals gained in a white box test allow then for evaluating the
speech enhancement system under test by means of performance measures. In the following,

these steps will be described in detail.

3.1.1 Databases

As speech data, speech signals from the NTT Multi-Lingual Speech Database for Tele-
phonometry [NTT, 1994] are employed in this thesis. This database provides 21 languages:
Four female and four male speakers are assigned to each language and there are 12 recordings
per speaker with 16 bit resolution, a sampling rate of 16 kHz, and a duration of 8s each. For
performance evaluation in this thesis, the English subset of the database is employed with a

total of 96 recordings.

For evaluating speech enhancement approaches, car, factory, and babble noise signals
from the NTT Ambient Noise Database [NTT, 1996 are employed in this thesis as noise
data. This database provides recordings with 16 bit resolution, a sampling rate of 8 kHz,
and a duration of 3min each. The car noise subset consists of 84 car noise recordings made
in 13 different cars. Please note that four recordings in the car noise data set made in
buses were blacklisted due to the strong non-stationary nature of the recordings caused by
announcements, speaking passengers, etc. The factory noise subset consists of 3 factory
noise recordings. As babble noise data, a total of 14 noise files are used for simulations being
recorded in environments with many different talkers, such as offices, cafes, amusement parks,

exhibitions, etc.

For evaluating the proposed reference-free SNR measurement approach in Section 3.3.2
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at 8kHz and 16 kHz sampling rate, car noise signals from the ETSI database [ETSI, 2008|
are employed as noise data. This database provides 9 recordings with 16 bit resolution, a

sampling rate of 48 kHz, and a duration of 30s each.

The databases provide clean speech recordings and noise only recordings. The noisy speech
signals employed for evaluation in this thesis are generated artificially by superimposing clean

speech and noise recordings as will be explained in the next section.

3.1.2 Preprocessing

The input signals are taken from the databases described above and decimated (if necessary)
to 8 kHz sampling rate using software from the ITU-T Software Tool Library [ITU-T G.191,
2010]. During processing, the speech recordings from the database are processed sequentially.
To each speech recording a pseudo-randomly chosen noise recording is assigned. Since the
noise recordings are longer than the speech recordings (cf. Section 3.1.1), a randomly chosen
noise sequence of the same length as the speech is taken from the assigned noise recording. All
approaches are assessed in different SNR conditions, namely, input SNR values between -5 dB
and 20 dB in 5dB steps are used for evaluation. The pseudo-randomly chosen noise sequence
remains exactly the same for different input SNR conditions apart from different scaling of
course. The SNR is adjusted by scaling the speech and noise components separately, so that
the resulting noisy speech being the sum of both components yields the desired SNR. Signal
scaling is based on signal level measurements according to the ITU-T Recommendation
P.56 [ITU-T P.56, 1993]. This recommendation defines the so-called active speech level for
the speech recordings and the root mean square (RMS) signal level for the noise recordings.
The active speech level is defined as a signal level measured only during speech activity, more
precisely, it is an RMS signal level which is calculated by means of speech samples assigned
by a time-domain VAD [ITU-T P.56, 1993|. This procedure ensures that the desired SNR is
predominant during speech activity. In this thesis, an active speech level of —26 dB,, with
index ov denoting the clipping level (the highest signal amplitude corresponds to 0 dB,,) and
RMS noise levels of —26 dB,, —SNR |dB] are employed. Accordingly, after superimposing
the adjusted speech and the noise signal, the resulting noisy speech signal exibits the desired
SNR.

3.1.3 White Box Test Setup

Maybe the most common test scenario in speech enhancement is depicted in Figure 3.2.
This is a so-called white box test scenario [Gustafsson et al., 1996] and it assumes that

the structure and the parameters of the speech enhancement system under test are known
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Figure 3.2: White box test setup for STFT-domain speech enhancement

and the internal variables are accessible from the outside. In case of STFT-domain speech
enhancement, a white box test scenario means that the signal analysis and synthesis param-
eters (analysis window w,, synthesis window wy, frame length L, frame shift AL, OLA signal
reconstruction) are perfectly known to the test environment. Moreover, it is assumed that
the output signal is a linear function of the input signal, more precisely, the estimated speech
STFT coefficients §[(k> are obtained by multiplying the noisy speech STFT coefficients Y; (k)
by (real-valued) total spectral weights G{*' (k) (being either a plain spectral weighting rule
or a combination of a spectral weighting rule and an a posteriori SPP) with the latter being
accessible from the outside. Furthermore, it is also assumed in a white box test scenario
that the signal components of the noisy speech y(n), namely the speech component s(n)
and the noise component d(n), are accessible separately which is easy to achieve under lab
conditions. Accordingly, since spectral weighting is a linear operation, the weighted noisy

speech equals the sum of the weighted speech and the weighted noise, i.e.,

Se(k) = Gt (k) - Yalk) = G (k) - Se(k) + G (k) - De(k) = Se(k) + De(k) (3.1)

with Sy(k) = G%4(k) - Se(k) and Dy(k) = G¥°(k) - Dy(k) being the processed speech compo-
nent and the processed noise component, respectively. Furthermore, since the analysis and
synthesis steps are also linear transformations, the time-domain equivalent of (3.1) exactly

yields
5(n) = 8(n) +d(n) (3.2)

with §(n) and d(n) being the time-domain equivalents of S¢(k) and Dy(k), respectively. A
considerable advantage of a white box test scenario is that it allows for a signal-component-
based assessment of the speech enhancement system under test. That means that the effects

of signal enhancement on the speech and noise components can be analyzed separately.
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After the preprocessing step (cf. Section 3.1.2) the noisy speech signal y(n) with the
desired SNR is fed into the speech enhancement system under test (cf. Figure 3.2). Here,
the noisy speech is first transformed in the STFT domain employing (2.1) resulting in the
noisy speech STFT coefficients Y;(k). For the frame-based processing at 8 kHz sampling
frequency a frame length of L = 256 samples, a frame shift of AL = 128 samples, and a

square root Hann window as analysis and synthesis window [Vary and Martin, 2006]

2
we(n') = wy(n') = w(n') = \/0.5 —0.5-cos (m Lfl), n'=01,..,L-1 (33

are employed.

Then, the total spectral gain Gj°(k) in Figure 3.2 is computed by the following steps: A
noise PSD estimate (;% ,(k) is calculated by means of the noisy speech STFT coefficients Yy (k)
utilizing the widely em’ployed MS approach (cf. Section 2.7.1). The a priori SNR is estimated
by the well-known DD estimator (2.88) with parameter Spp = 0.98, the a posteriori SNR
is determined by (2.87). Please note that both approaches with and without SPU will be
evaluated in this thesis. As mentioned in Section 2.7.2, the a priori SNR is defined slightly
different depending on whether SPU is taken into account or not (cf. (2.90)). Instead, to
allow for a fair comparison, all approaches incorporating the a priori SNR were driven by
the DD estimate (2.88). Accordingly, the desired spectral weights (with or without taking
SPU into account) are driven by the resulting a priori SNR Eg(k) and/or the a posteriori
SNR (k). Subsequently, the noisy speech STFT coefficients Y;(k) are enhanced by the
resulting spectral weights Gi°t(k), resulting in the estimated speech spectrum @(k) The
weighting rules and the a posteriori SPPs were implemented as lookup tables (using either
numerical quadrature or, if exists, a closed-form formula) as a function of the a priori SNR &
and the a posteriori SNR « within the range [-20dB, 20dB| in 0.2 dB steps.

After signal enhancement, the estimated speech STFT coefficients §[(k) are transformed
back into the time domain, employing an IDFT (2.2), applying the synthesis window (3.3),

and performing an OLA (2.3) step, resulting in the enhanced speech signal §(n).

The performance of the speech enhancement approaches is evaluated by instrumental

measures which will be introduced in the next section.

3.2 Speech Enhancement Performance Measurement

The signal-component-wise performance evaluation approach employed in this thesis assesses
the speech and noise components separately. Therefore, the effects of signal enhancement on
the speech are investigated by means of the speech component s(n) and the processed speech

component §(n). Meanwhile, the effects of signal enhancement on the noise are analyzed by
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means of the noise component d(n) and the processed noise component d~(n) The processed

signal components 3(n) and d(n) are obtained from a white box test scenario (cf. Figure 3.2).

3.2.1 Speech Component

In this thesis, we measure the quality degradation of the speech component with the seg-
mental speech-to-speech distortion ratio SSDRe, [Fingscheidt et al., 2008]. This measure
compares the power of the speech component s(n) to the power of the difference between
the speech component and the processed speech component s(n)—3§(n) within frames. More
specifically, based on frames with the length of 7" = 256 samples and a frame shift of also
256 samples (at a sampling rate of 8kHz), SSDR, is defined as [Fingscheidt et al., 2008|

SSDRq = 1 D SSDR()),
|(I>| Aed
ST (7 4+ AT)
SSDR(A) = £{10 - logyq —7——==2 - 3 (3.4)
Do [8(T + AT) = 3(7 + A1)

with ® and |®| being the frames with speech activity and the number of those frames. Please
note that in a white box test setup, the speech component is accessible, thus, frames with
speech activity can be identified with high reliability. Operator £{-} limits SSDR(A) to the
range [-10, 30] dB. In order to identify speech active frames @, a fixed threshold can be used.
A frame is detected as speech active and becomes part of the set @, if the mean power of
the speech frame 1/T" - ZZ;OI s%(1 + AT)) exceeds this threshold. In this thesis, the threshold
is chosen to be 10% of the mean power of the whole speech signal.

Large SSDR,; values mean a small amount of speech distortion, since in this case the
power of the error s(n)—3(n) is significantly smaller than the speech power. A small SSDRye,
value means that the speech component may have significantly been distorted by the speech

enhancement system.

3.2.2 Noise Component

Using the same frame structure as SSDRy,, the amount of attenuated noise is measured by
the segmental noise attenuation measure |Fingscheidt et al., 2008]

NAgg = 10 - logy,

LN S ) 55

Ny & STERE(r+ A7)

7=0
with N, being the number of all frames. Due to noise reduction, the residual noise
power d?(n) decreases compared to the input noise power d?(n), thus, the larger the NAgeq

value the larger the amount of attenuated noise.
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Since the noisy speech Y;(k) has a random nature, the a posteriori SNR (k) =
[Y(k)[?/o}, (k) being a function of the periodogram of the noisy speech |Yy(k)|* is also
random with a large variance [Papoulis and Pillai, 2002, Chapter 12|. Therefore, driven by
a randomly fluctuating a posteriori SNR, speech enhancement approaches (common MMSE
estimators with or without a posteriori SPP estimators) may produce estimation outliers
which may be perceived as annoying musical noise |Gerkmann, 2010], typically during speech

absence.

The amount of musical noise can be measured by the weighted log-kurtosis ratio
(LKR) [Yu and Fingscheidt, 2012, [Yu, 2013] in the STFT domain employing the same
signal analysis structure and parameters as for speech enhancement (cf. Section 3.1.2). This
measure is motivated by the fact that estimation outliers influence the statistical parameters
of the noise. The idea is to compare the kurtosis of the noise component of the noisy speech
signal before and after processing in absence of speech, resulting in the kurtosis ratio. The
weighted kurtosis is calculated for the noise component of the noisy speech signal (denoted
by subscript D) as [Yu and Fingscheidt, 2012]

o S e D o]
Yo LT e (39)
(e ol D0 = )

Ng-1
with fiyme = ﬁ > an(k)-|De(k)|?, as well as with £, |£], and N being the set of frames

Pl
with speech absence, the total number of speech absent frames, and the number of frequency
-1
bins, respectively. The weights are computed as a, (k) = (ﬁ > \D[(k)|2) . For the
el

processed noise component D, the weighted kurtosis W7 can be calculated in the same way.
The weighted log-kurtosis ratio is finally obtained by AU = In (\I/‘g / \IJVL"J)

In

The smaller the value of AW}

v the less estimation outliers affected the noise component

and the less the amount of musical noise.

3.3 SNR Measurement

The knowledge of the SNR of noisy speech signals is substantial in speech enhancement. A
typical example from the lab environment is performance evaluation: In order to prove the
robustness of speech enhancement approaches, they are typically assessed under different
SNR conditions (cf. Section 3.1.2). For this, the SNR of the noisy speech signal has to be
measured. In a lab environment the SNR can be measured by using the separately accessible
speech and noise components as references (cf. Section 3.1.2). However, outside a lab in a

real environment these signal components are typically inaccessible, thus, SNR measurements
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have to be carried out in a reference-free fashion just on the basis of the noisy speech signal.
In this section, first a reference-based SNR measurement approach is recapitulated which is
followed by a proposal of a new, reference-free SNR measurement approach, inspired by the

reference-based one.

3.3.1 Reference-Based SNR Measurement

A widely employed SNR measurement approach is provided by the ITU-T Recommendation
P.56 [ITU-T P.56, 1993] (cf. Section 3.1.2): The SNR of a noisy speech signal being a sum of
the speech component and the noise component is determined by measuring the signal level
of these components separately, as they are typically accessible under lab conditions. Thus,
this approach is considered as reference-based. Thereby, the level of the speech and noise
components are defined by the active speech level and the RMS signal level, respectively.
After superposition of both signal components, the SNR of the resulting noisy speech signal
is the ratio of the measured active speech level and the measured RMS noise level. PC
software to measure speech and noise signal levels according to the I'TU-T Recommendation
P.56 is provided by the ITU-T Software Tool Library [ITU-T G.191, 2010].

3.3.2 New Reference-Free SNR Measurement

While the reference-based approach in Section 3.3.1 yields exact SNR values, it always re-
quires its reference signals which are typically not accessible in a real environment. A possible
example is the measurement of the SNR improvement of speech enhancement systems be-
ing fed by real recordings. In this case, the signal components are not accessible and the
SNR at the input and the output of the system under test have to be measured in order
to determine the SNR improvement. A further, automotive example is the investigation of
advantageous hands-free microphone positions in a car with the lowest SNR levels measured
in a noisy environment. In this context, often the signal components cannot be measured
separately or such measurements are cost-intensive, e.g., due to the need of a free-field
room. Since the new reference-free SNR measurement approach does not assume the signal
components separately, the investigation of advantageous hands-free microphone positions

or similar experiments become possible or can be carried out faster and more cost-effective.

We propose an STFT-domain reference-free SNR measurement approach which measures
the SNR of a speech signal in the presence of car noise as close as possible to the reference
SNR according to the ITU-T Recommendation P.56 [ITU-T P.56, 1993|, but without a
reference, 1. e., without having access to the speech and noise signal components [Fodor and

Fingscheidt, 2012c|. While we intended to develop an approach which measures the SNR
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accurately, we aimed at keeping the computational complexity as low as possible (this means
that we tried not to use approaches such as minimum statistics from Section 2.7.1). A further
motivation to an as-simple-as-possible approach was that we targeted widely stationary noise
conditions (automotive applications). Furthermore, the new STFT-domain approach should
be able to work with narrowband (f; = 8kHz) and wideband (fs = 16 kHz) signals, within
a typical SNR range.

Algorithmic Approach

As introduced in Section 3.3.1, the reference SNR of a noisy speech signal is defined by
the active speech level and the RMS noise level, according to the ITU-T Recommendation
P.56. Accordingly, in order to determine the SNR, our STFT-domain approach estimates
the active speech level and the RMS noise level by observing the noisy speech only, i.e.,
without any reference [Fodor and Fingscheidt, 2012¢|. The RMS noise level is estimated
by means of a noise power estimate and, to improve the estimation robustness, a speech
pause detection (SPD). Assuming that speech and noise are statistically independent, the
speech power can be approximated by the difference between the noisy speech power and the
previously estimated noise power. Furthermore, based on the fact that the active speech level
is measured only during voice activity, the final speech power estimate is obtained by applying
a voice activity detection (VAD) to the previous approximation. Since the robustness of the
employed algorithms (noise power estimation, VAD, SPD) decreases significantly below 0 dB
input SNR, systematic estimation errors occur in this region. In order to achieve unbiased

SNR values, the raw SNR estimates are corrected by a mapping curve.

SNR Measurement Using the signal model from Chapter 2, we define the SNR in the
STFT domain similar to the time-domain definition in Section 3.3.1 as [Fodor and Fing-
scheidt, 2012c|
1 2
rnp Se(k)
i 5 DISGE

SNR = < = 3.7
o Zé:; |De(K)[?  Pp (37)

with Ly, |£4], Ne, Ny, and Ps, Pp being a set of speech active frames, the number of speech
active frames, the number of all frames and frequency bins, as well as the speech and the

noise power, respectively.

As the signal components Sy(k) and D, (k) are not accessible in practice, Ps and Pp have to
be estimated. Since speech and noise are statistically independent, the instantaneous speech
power can be calculated as PE,;(k) = max{|Y(k)|* — (;%j(k)ﬁ} with [Yy(k)[?, c;%vg(k)7 and
max{-, 0} being the periodogram of the noisy speech signal, the estimated noise PSD, and the

maximum operator which avoids negative, implausible speech power estimates, respectively.



60 3 Simulation Setup and Instrumental Measures

Taking only speech active frames into account, just as in the case of active speech level
measurement, the speech power Ps in (3.7) can be estimated by means of the instantaneous

speech power as |Fodor and Fingscheidt, 2012¢]

L] NkZZmax{\Y/ ‘*O’D[() } (3.8)

lely k

Ps =

with £; and |£;| being the set and the number of speech active frames detected by a VAD,

respectively.

As can be seen above, a significant contribution to the estimation of the speech power is
the noise PSD estimate and it will also be employed for the estimation of the noise power Pp,
as we will see. Therefore, an accurate noise PSD estimate is crucial for SNR estimation. In
order to ensure a robust noise power estimate even in low SNR regions, where the noise PSD
update in the presence of speech is significantly more challenging, Pp in (3.7) is estimated
in frames with speech pause |[Fodor and Fingscheidt, 2012¢|

Pp = Zol N D Di0% (k) (3.9)

eLy k

with £y and |Lo| being the set and the number of speech pause frames detected by a SPD,

respectively. Please note that for robustness reasons, a separate conservative SPD is used.

As can be seen, the SNR estimation is based on a noise PSD estimation, a VAD, and an

SPD which will be introduced in the following.

Noise PSD Tracking The noise PSD estimate ‘;%,z(k) in (3.8) and (3.9) is based on a 3—
state classifier for each time-frequency unit (¢, k). Controlled by the smoothed periodogram

of the noisy speech signal [Fodor and Fingscheidt, 2012¢|
Pyy(k) = 0.5 Pyy (k) +0.5-|Ye(k)]? (3.10)

and an adaptive threshold ©,(k), one state Hy(k) out of the following three is chosen [Fodor
and Fingscheidt, 2012¢|:

Hg, : Speech activity is assumed if Py (k) > 2-0,_1(k),
Hy,, © Speech pause is assumed if Py (k) < 2-0,_1(k) and Py,(k) < (;ED (k)

. Speech transition is assumed if Py (k) < 2- O, (k) and Py (k) = O'DZ (E).

The noise PSD estimate r;% ,(k) is computed by recursive averaging by means of the smoothed
noisy speech periodogram Py (k) as [Fodor and Fingscheidt, 2012¢]

— —~

op o(k) = €k) - ofy oy (F) + [1 = (k)] - Pro(k) (3.11)



3.3.2 New Reference-Free SNR Measurement 61

with the initial value gf; 1—o(k) = 0 and ¢,(k) being the time-varying smoothing factor which

is controlled by the hypothesis of the current frame Hy(k) as [Fodor and Fingscheidt, 2012¢|

1 it Hy(k) = He,
e(k) =405 if He(k) = Hy, (3.12)
0.875 if Hy(k) = Hy.

As can be seen, the noise PSD estimate ;%j(k) is not updated during speech activity hy-
pothesis Hg,, updated moderately by the smoothed noisy periodogram in the state speech
pause Hg,, and updated slightly by the smoothed noisy periodogram during speech tran-
sitions under hypothesis Hg. The adaptive threshold ©,(k) is calculated by [Fodor and
Fingscheidt, 2012¢|

A @g_l(k)) if PY,l(k) > 2. @g_l(k‘),,
Ou(k) = Pyoi(k)  if Pry(k) <0, (k) (3.13)
O_1(k) else

with a very large initial value ©,_q(k) — o0 and the parameter A = 1.07 for narrowband
signals (A = 1.2 for wideband signals). During speech activity (Py¢(k) > 2 - ©,_1(k)), the
threshold ©,(k) is increased slightly, in order to steadily decrease the probability of choosing
state Hg,. In the case Py,(k) < ©y_1(k), which can be interpreted as a more conservative
speech absence detector than just state Hg,, the adaptive threshold can be adapted quickly
by the last smoothed periodogram value Py, (k). In all other cases, the threshold is not

updated.

Voice Activity Detection (VAD) In order to identify speech active frames £, in (3.8), a
VAD is needed. We employ a frame-based VAD which is connected to the three hypotheses
of the noise PSD estimator introduced above. Accordingly, frame ¢ is detected as speech
active and becomes an element of the set L1, if at least 90% of its frequency bins from the
range 500...2500 Hz containing relevant speech information are classified as speech active

(Hg,) or transient (Hg) hypothesis.

Speech Pause Detection (SPD) In order to identify frames with speech pause Lo
in (3.9), an SPD is needed. Different from the VAD, we employ a separate SPD algo-
rithm which is independent of the noise PSD estimation. The SPD works frame-wise and is

based on the noisy frame power [Fodor and Fingscheidt, 2012¢]

1
Py === Pru(k) (3.14)
"Cl kel
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with Py (k) from (3.10) and with K and |K| being a set of frequency bins between 500 Hz and
2500 Hz and the number of elements in this set, respectively. This frequency range contains
relevant speech information and excludes frequencies below 500 Hz where usually car noise is
dominant. Similar to the noise PSD estimation, the SPD is also based on three hypotheses
determined by an adaptive threshold =, and the noisy frame power Py,. Accordingly, one
state HSFP out of the following three is chosen [Fodor and Fingscheidt, 2012c]:

Hgya @ Speech activity is assumed if E[ > =y,
Hgr : Speech transition state follows every Hga decision with a duration of L. frames,
Hgp : Speech pause is assumed in all other situations.

We assign H'P = Hgp, if frame ( is detected as part of a speech pause and, thus, becomes el-

ement of £y. The adaptive threshold Z; is calculated independently of the classifier as [Fodor
and Fingscheidt, 2012¢]
Ze=C- D1 +9¢ (3.15)

with ¢ and ¢ being constant terms and ®, being the SPD floor signal which is calculated by
recursive averaging (cf. (3.11)) [Fodor and Fingscheidt, 2012¢]|

©p = Bsppe - Pe1 + (1= Bsppy) - Pre (3.16)

where the initial value is ®,—9 = 0. The smoothing of the SPD floor signal @, is time-varying
and controlled by the smoothing factor (cf. (3.12)) [Fodor and Fingscheidt, 2012c|

0.875, if H[SPD # Hgr and Pfy,z <2-Yey and Py, > dp
Bsppe =105, i HFPP # Hyr and Py, <2 Ty and Py, < $pq, (3.17)

1, else.

Accordingly, the SPD floor signal &, is adapted only under hypotheses Hsy and Hgp. It
is updated slightly by the noisy frame power Piyyg during speech transitions and updated
moderately by the noisy frame power in speech pauses. The above conditions, however,
ensure a more conservative SPD floor signal update than just conditioning on the three
hypotheses. The SPD control parameter T, is defined as (cf. (3.13)) [Fodor and Fingscheidt,
2012¢]

§- Yooy, if Pyy>2-Tiy,

Te={P,. it Br<Tos (3.18)
T, else

with the control update constant ¢ and the initial value T,—q — oo0. During speech activity

(Pyy > 2- Y1), the SPD control parameter T, is increased slightly, in order to steadily
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Parameter || Liyans | (| ¢ 0
fs =8 kHz 6 |5 107 | 1.085
fs =16 kHz 7 51 108 | 1.055

Table 3.1: Parameters of the SPD [Fodor and Fingscheidt, 2012¢]|

decrease the probability of choosing state Hga. In the case PTW < Y41 speech is absent and,
therefore, the SPD control parameter Y, can quickly be adapted by the last noisy frame

power Piyl. In all other cases, the control parameter is not updated.

The SPD parameters differ for the narrowband and the wideband implementation and
are summarized in Table 3.1 (please note that ¢ is a signal-level-dependent quantity: The
large parameter values occur due to the fact that the parameter training was carried out by
16 bit pulse-code modulation (PCM) signals).

Training of the Mapping Curve In order to prove the accuracy of the proposed
reference-free SNR measurement approach, we performed the following simulations on our
training speech and noise data set: 720 speech files (48 speech files in 15 different languages)
recorded with a sampling rate of 16 kHz were taken from the NTT Multi-Lingual Speech
Database for Telephonometry [NTT, 1994|, each with a length of 8s. Car noise signals
were randomly taken from the ETSI database [ETSI, 2008] recorded with a sampling rate
of 48 kHz. Both narrowband speech and narrowband noise signals signals were generated by
downsampling the database signals to 8 kHz and filtering according to the ITU-T modified
IRS filter mask [ITU-T P.830, 1996] separately in order to simulate the sending frequency
characteristics of narrowband telephony terminals (including, amongst others, the frequency
characteristics of the microphone). Both wideband speech and wideband noise signals signals
were simulated by downsampling the database signals to 16 kHz and filtering according to
the ITU-T P.341 filter mask [ITU-T P.830, 1996| separately in order to simulate the send-
ing frequency characteristics of wideband telephony terminals (including, amongst others,
the frequency characteristics of the microphone). Next, both narrowband and wideband
speech signals was adjusted to an active speech level of -26 dB,,, according to the ITU-T
Recommendation P.56 [ITU-T P.56, 1993]. The RMS level of both narrowband and wide-
band noise signals were adjusted in such a way, that after superimposing the corresponding
speech and noise signals, the resulting noisy speech signals revealed the desired reference
SNR value SNR,¢f = {—15,—14,...,35} dB. The noisy speech signals were transformed into
the STFT domain by signal analysis consisting of a segmentation step with a frame length
of 256 (512) samples, a frame shift of 128 (256) samples, and a Hann window function, as
well as a DFT step for 8kHz (16 kHz) signals.

The raw SNR was estimated in the STFT domain using (3.8) and (3.9) as [Fodor and
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Figure 3.3: Mean (x- and +-marks) and standard deviation (error bars) of the raw measure-
ment. The ideal linear relationship is represented by the diagonal gray line. Measurement

duration was 8s.

Fingscheidt, 2012¢|

SNRyay (i) = 101og,, 1/927(@) (3.19)
Pp(i)

for the ith database file. For (3.8) we utilized the noise PSD tracking algorithm introduced
above for estimating the noise PSD ;%\),z(k) and the VAD algorithm introduced above for
identifying speech active frames £;. For (3.9) we utilized the noise PSD tracking algorithm
introduced above for estimating the noise PSD z;%y[(k:) and the SPD algorithm introduced
above for recognizing frames with speech pause Ly. Since reliable SNR estimates can only
be expected in the steady state of the algorithms, the first 15 frames were not considered
both in set £y and £;. The SNR estimation (3.19) was repeated for all speech files from the
training data set and all reference SNR values, resulting in raw SNR estimates depicted in
Figure 3.3. As can be seen, the SNR estimate is biased and at low SNRs, where the accuracy
of the employed algorithms is affected, a non-linear relationship between the reference and
the raw SNRs can be observed. In order to correct these systematic measurement errors, we
employ mapping curves which map the measured raw SNR values to the correct ones. The
mapping curves can be approximated by the inverses of the mean curves in Figure 3.3. In
practice, however, there is an issue to deal with: Due to the very low gradient of the curves in
Figure 3.3 in the reference SNR region below 0dB, the resulting mapping curves (being the
inverses of the raw measurement curves) show very large gradients in this SNR region which
leads to an unacceptable attenuation of the standard deviation (the height of the error bars)
of the corrected estimates. Thus, we decided to saturate the mapping curves at -11dB (cf.
Figure 3.4). In the residual part we applied a polynomial fit [Mathews and Fink, 2004| to the

inverses raw measurement curves, resulting in the mapping function |[Fodor and Fingscheidt,
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Figure 3.4: Measured mapping points (x- and +-marks) and the fitted mapping func-
tion SNR = f(mraw,) (gray curves) according to (3.20)

fs c a
Po‘])l‘ﬂz‘m‘m‘ps

8 kHz || 16.043 | 11.252 || -2.1312 | 6.4129 | 2.0957 |-19.199 | 5.0992 | 19.709
16 kHz || 15.461 | 11.798 || -0.80823 | 2.8537 | -0.3609 | -7.5337 | 4.3304 | 7.2828

‘ fs ‘ ‘ ‘ ‘ ‘ Ps ‘ pr ‘ Ps ‘ P9 ‘ P1o ‘ ‘
8 kHz -7.7268 | -6.6348 | 2.0857 | 13.066 | 11.555
16 kHz -5.0623 | -1.8734 | 0.88424 | 13.06 11.48

Table 3.2: Scaling parameters a, ¢ and polynomial coefficients p,, of the mapping curve [Fodor
and Fingscheidt, 2012¢]

- 10 SNRaw _ o\ "
SNR = maX{Zp# : (“3> - 11} (3.20)
a

pn=0

2012c]

with S/l\ﬁ%mw being calculated by (3.19) and with the scaling parameters a and ¢ as well as
the polynomial coefficients p, as shown in Table 3.2. The result of the fit is depicted in

Figure 3.4.

Performance Evaluation

We evaluated the proposed method including mapping (3.20) by the following simulations:
Both the test speech set and the noise data set arise from the same databases and are of the
same size as the training data set, however, the training and test data sets are disjoint. The
test database signals were preprocessed in the same way as the training database signals

and the reference SNRs were chosen to be SNR,¢f = {—15,—14, ..., 35} dB. The SNR of each
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Figure 3.5: Mean (x- and +-marks) and standard deviation (error bars) of the corrected
measurement. The ideal linear relationship is represented by the diagonal gray line. Mea-

surement, duration was 8s.

noisy speech signal was estimated by (3.19) and corrected by (3.20) with the parameters from
Table 3.2. After simulating all test database files, the mean and the standard deviation of the
corrected SNR values SNR was measured. The result is depicted in Figure 3.5. Compared
to Figure 3.3, the estimation bias and the nonlinearity could significantly be reduced by the

mapping function.

The proposed approach was assessed by means of the absolute measurement error and
the correlation coefficient between the reference-based SNR measurement according to Sec-

tion 3.3.1 employing ITU-T P.56 reference levels and the proposed, reference-free approach.

Based on a measurement duration of 7;,, = 8s according to an underlying database signal
length of 8, the proposed SNR measurement approach achieved a maximum of 1 dB absolute
estimation error in at least 64.5% (67.8%) and a maximum of 2 dB absolute estimation error
in at least 88.4% (91.6%) of the measurements for narrowband (wideband) signals, as can be
seen in Table 3.3. However, applying longer speech sequences, e. g., by averaging estimation
results in groups, the absolute error can substantially be decreased. This can be observed
in Table 3.3 for groups of 10 and 60 files of 8s each, reflecting a measurement duration of
T,, = 80s and T, = 480s, respectively. As a conclusion, we recommend averaging SNR
measurements based on groups of 8s signals, if the absolute measurement error needs to be

reduced.

The correlation coefficient was calculated for all test speech signals and reference SNR
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f Absolute Relative frequency
8 Estimation Error || 7,, =8s | T,, = 80s | T,, = 480s
< 2dB 88.4 % 99.7 % 100 %
8 kHz
< 1dB 64.5 % 93.8 % 97.6 %
< 2dB 91.6 % 99.7 % 100 %
16 kHz
< 1dB 67.8 % 94.9 % 97.4 %

Table 3.3: Relative frequency of absolute estimation error for different measurement dura-
tions T, |[Fodor and Fingscheidt, 2012¢]

Correlation coefficient p
T, = 8s | T, = 80s | T,, = 4805
8 kHz 0.9923 0.9981 0.9993
16 kHz 0.9940 0.9989 0.9996

s

Table 3.4: Correlation coefficient (3.21) between the corrected SNR measurements and the

reference SNR values for different measurement durations T;, [Fodor and Fingscheidt, 2012c|

values by means of Pearson’s formula [Burington and May, 1970]

by (s/Ni(i) . ﬁ) - (SNRyer(i) — SNTour)

i

) — (3.21)
\/g (SNR() ~ 5VE) - 5. (SNRue(i) - SN

i

with 4, SNR,er and (-) being the test database file index, the reference SNR value of a
reference-based measurement according to ITU-T Recommendation P.56, and the mean op-
erator over 7, respectively. The resulting correlation coefficients at different measurement
durations T, (simulated by building groups of the 8s database signals) are depicted in Ta-
ble 3.4. As can be seen, the proposed method achieves a correlation coefficient being larger

than 0.99 in all cases.

3.4 Summary

In this chapter, the simulation setup was recapitulated which is used in this thesis for per-
formance evaluation of speech enhancement approaches. Then, a brief description of the
employed databases, data preprocessing steps, and a white box test setup were provided.
This was followed by a summary of speech enhancement performance measures which are
utilized in this thesis for a signal-component-based quality assessment in a white box test

scenario. As further instrumental measurement tools first a typical, reference-based SNR
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measurement method according to the ITU-T Recommendation P.56 was recapitulated and
then a new reference-free SNR measurement method was proposed. The latter aims at
estimating the P.56 reference SNR without using any reference as well as provides low com-
putational complexity, small measurement errors, and a high correlation of the measurement
results with the reference SNR. Moreover, it can be applied to both narrowband and wide-
band speech signals. Furthermore, within ITU-T Study Group 12, the Focus Group on Car
Communication (FG CarCOM) has decided to adopt the new reference-free SNR measure-
ment approach within the draft of the recommendation proposal “Subsystem Requirements

for Automotive Speech Services”.



Chapter 4

Consistent MMSE Estimation

Under Speech Presence Uncertainty

As shown in Section 2.6, MMSE estimation under SPU turns out to consist of a common
MMSE estimator for speech and an a posteriori SPP estimator. Furthermore, since both
estimators are in the same Bayesian estimation framework, they assume the same a priori
knowledge, reflected by the same statistical models for speech and the acoustic channel.
Thus, we argue that in order to obtain specific MMSE speech enhancement approaches under
SPU, common MMSE estimators and a posteriori SPP estimators have to be combined
consistently w.r.t. the PDF assumptions. Accordingly, this chapter will deal with PDF-
consistent MMSE estimation under SPU.

In Section 4.1, a synopsis of a posteriori SPP estimators will be provided in analogy
to Section 2.5. This synopsis will be based on the generalized gamma speech model from
Section 2.3.1, resulting in a new generalized a posteriori SPP estimator [Fodor and Fing-
scheidt, 2012a]. The new generalized estimator covers existing a posteriori SPP estimators
from literature, based on either a Rayleigh-distributed or a chi-distributed speech spectral
amplitude model (cf. Section 2.6) as special case. Applying the parameter set of the gamma
distribution to the generalized estimator, we will propose the respective a posteriori SPP
estimator based on a gamma-distributed speech spectral amplitude model [Fodor and Fing-
scheidt, 2012a]. Then, in Section 4.2 an overview of consistent MMSE speech enhancement
approaches under SPU will be given. A specific MMSE estimator with SPU is obtained, if a
common MMSE estimator from Section 2.5 is coupled with a corresponding PDF-consistent
a posteriori SPP estimator. Furthermore, it was shown in Section 2.6.3 that the a posteriori
SPP estimator is always the same in all estimation domains. Therefore, the same a poste-
riori SPP estimators can be combined with respective common MMSE STS, MMSE STSA,
or MMSE LSA estimators from Section 2.5. In Section 4.3, a performance evaluation of

PDF-consistent MMSE estimation approaches under SPU will be given. To investigate the

69
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effect of SPU estimation, respective approaches without SPU will also be taken into account.

Finally, Section 4.4 will give a short summary of this chapter.

4.1 Synopsis of A Posteriort SPP Estimation

As can be seen in Section 2.6, the a posteriori SPP estimator is a function of both the
prior pg(S) and the likelihood py|s(Y'|S) from Chapter 2 (cf. (2.66)-(2.69)). Furthermore,
since the a posteriori SPP (2.66) is in the same estimation framework with the common
MMSE estimator E{g(S)|H,} according to (2.65), they are based on the same a priori
knowledge. Thus, it is obvious that the same PDF assumptions should be taken both for SPU
estimation and for common MMSE estimation. Nevertheless, there are various approaches
inconsistently combining different spectral PDF assumptions for the common MMSE es-
timator E{g(9)|Y, H;} and the soft weights P(H,|Y), e.g., |Lotter, 2004], [Chang, 2007],
[Boubakir and Berkani, 2010, and [Saha and Shimamura, 2011]. Motivated to obtain such a
consistency throughout this chapter we will propose MMSE speech enhancement approaches
under SPU employing consistent spectral PDF assumptions. Moreover, just as in Chapter 2,
the generalization of the speech prior pgs(S) can be applied here: Employing the generalized
gamma speech model, a more generalized definition of GLR can be derived. Specific GLRs
and respective specific a posteriori SPP estimators with an underlying Rayleigh, chi, or
gamma speech spectral amplitude model can be obtained by applying their parameter set
to the generalized GLR.

Utilizing the bivariate generalized gamma speech prior (2.26) and a Gaussian likeli-
hood (2.28), the likelihood of speech presence (2.69) can be reformulated as

7\;&25\2 1 mgu

1
prin )y = [ e
C

-|S[m 2SI g g (4.1)

with subscript gI' denoting the generalized gamma speech prior (2.26) together with its
parameters 7, v, 3 (cf. Table 2.1). Employing polar integration as for (2.31), as well as using
(2.29) and |Gradshteyn and Ryzhik, 1965, Eq. (8.431.5)], (4.1) yields

2

5 o0
. 7\)/\2 v _A
py\Hl(Y=R€'m\H1)|gF - L e % - nf .fA””*l TR (QAR> dA. (4.2)
0

o} I'(v) %

[ —

Py |Hy (Y|Ho)
Please note that pyp, (Y[Ho) (cf. (2.68) and (2.27)) turns out to be a prefactor in (4.2) and
it is simultaneously also the denominator of the GLR (2.67). Thus, after inserting (4.2)

into (2.67), py|u,(Y'|Ho) cancels out and the new GLR based on a generalized speech prior
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Figure 4.1: A posteriori SPP estimator P(H;|Y)|r with an underlying Rayleigh speech

spectral amplitude model (Gaussian speech prior) for two different a priori SPPs

yields (cf. [Fodor and Fingscheidt, 2012a, Eq. (14)])

P(Hy) 0B T Lo M (2AR
Agr = : S| A e BAT T dA 4.
¢~ P(Hy) T(v) J ¢ ¢\ e (4.3)

where subscript gI' denotes the generalized gamma speech prior with the parameters 7, /3,
and v (cf. Table 2.1). The corresponding generalized a posteriori SPP estimator is obtained
by (2.66), i.c., P(H|[Y)[gr = Agr/(1 + Agr). In the following we will derive specific a
posteriort SPP estimators by employing speech spectral PDF models from Section 2.3 by
inserting the parameter set of a specific distribution from Table 2.1 into (4.3) and then
utilizing (2.66).

Gaussian Speech Prior

Employing a Rayleigh-distributed speech spectral amplitude model (2.20) (Gaussian speech
prior), i.e., utilizing the parameters n = 2, 3 = 1/0%, and v = 1 (cf. Table 2.1), as well
as using |Gradshteyn and Ryzhik, 1965, Eq. (6.631.1)] results in the GLR (2.71) |[Ephraim
and Malah, 1984]. Employing the GLR (2.71) for (2.66) results in the a posteriori SPP

estimate P(H:|Y)|r = Ar/(1 + Agr) which is depicted in Figure 4.1.

Super-Gaussian Speech Priors

Utilizing a chi-distributed speech spectral amplitude model (2.22) (super-Gaussian speech
prior), i. e., incorporating the parameters ) = 2, v = vy, and 8 = v, /o (cf. Table 2.1), as well
as using |Gradshteyn and Ryzhik, 1965, Eq. (6.631.1)] results in the GLR (2.72) |Breithaupt
and Martin, 2011]. The corresponding a posteriori SPP P(H,[Y)|, = A, /(1 + A,) is shown
in Figure 4.2. Please note that applying v, = 1 to (2.72) results in (2.71), since the chi

distribution is a generalization of the Rayleigh distribution (cf. Figure 2.5).
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Figure 4.2: A posteriori SPP estimator P(H;|Y')|, with an underlying chi speech spectral
amplitude model (super-Gaussian speech prior) for two different a priori SPPs (top, bottom)

and three different parameters v, (left, center, right)

Employing a gamma-distributed speech spectral amplitude model (2.23) (super-Gaussian
speech prior), i.e., inserting the parameters n = 1, v = vp, and § = \/m/ds (cf.
Table 2.1) into the generalized GLR (4.3) results in a new specific GLR (cf. [Fodor and
Fingscheidt, 2012a, Eq. (14)])

v 0
2

P(Hy) [vr-(1+ )] f I e P e 2AR
Ap = : | At s e b dA (44
A AN e E e °b o\ o2 (4.4)

with subscript I' denoting the gamma-distributed speech spectral amplitude assumption.
Similar to (2.44), (2.50), and (2.62), (4.4) cannot be obtained in closed form [Fodor and
Fingscheidt, 2012a]. Therefore, we employ numerical methods to calculate Ar. For conve-
nience, however, we first reformulate (4.4) by utilizing variable substitution as for (2.45),
resulting in a function of the a priori SNR £ and the a posteriori SNR v as (cf. [Fodor and
Fingscheidt, 2012a, Eq. (14)])

o P(Hy) [vr-(1+ l/r)]%r . (l>% . I vt oty To | g
A= Py (vr) € Of o e - Iy (2g) dg.

(4.5)
Employing the Gauss-Kronrod quadrature [Brass and Petras, 2011] to solve the integral
in (4.5), the new a posteriori SPP is obtained by P(H,|Y')|r = Ar/(1+4 Ar) which is depicted
in Figure 4.3.
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Figure 4.3: A posteriori SPP estimator P(H;|Y)|r with an underlying gamma speech spec-
tral amplitude model (super-Gaussian speech prior) for two different a priori SPPs (top,

bottom) and three different parameters v (left, center, right)

An overview of a posteriori SPP estimators w.r. t. the speech spectral amplitude assump-
tions is given in Table 4.1 (cf. Table 2.2). Just as in the case of MMSE speech estimation,
the hierarchy of speech spectral amplitude models in 2.5 also holds for respective a posteriori

SPP estimators.

Speech Spectral Amplitude PDF o i
) A Posteriori SPP Estimator
(Speech Prior)
Generalized Gamma (2.24) (2.66) + (4.3)
(Generalized Speech Prior) [new|, [Fodor and Fingscheidt, 2012a|
Rayleigh (2.20) (2.66) + (2.71)
(Gaussian Speech Prior) |Ephraim and Malah, 1984]
Chi (2.22) (2.66) + (2.72)
(Super-Gaussian Speech Prior) [Breithaupt and Martin, 2011]
Gamma (2.23) (2.66) + (4.5)
(Super-Gaussian Speech Prior) || [new], [Fodor and Fingscheidt, 2012a)

Table 4.1: Overview of a posteriori SPP estimators w.r.t. speech spectral amplitude as-

sumptions
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4.2 Synopsis of Consistent MMSE Estimation
Under SPU

A PDF-consistent MMSE estimation approach under SPU can be obtained by combining
a common MMSE estimator from Table 2.2 with a PDF-consistent a posteriori SPP esti-
mator from Table 4.1, according to (2.80), (2.81), and (2.86) in the STS, STSA, and (OM)
LSA estimation domain, respectively (cf. Section 2.6.3). An overview of MMSE estimation
under SPU based on a consistent PDF assumption for both the common MMSE estima-
tor E{g(S)|Y, H,} and the a posteriori SPP estimator P(H;|Y") is given in Table 4.2. In the

following, we will revisit each table entry, separated by estimation domains.

4.2.1 MMSE STS Estimation Under SPU

In this section, specific MMSE STS estimators under SPU of the form (2.80) are employed.

Generalized Speech Prior

Our new generalized MMSE STS estimator under SPU uses the generalized gamma speech
model (2.26) (generalized speech prior) consistently for the common MMSE STS estima-
tor (2.39) and the a posteriori SPP estimator (2.66) with the GLR (4.3) and will be denoted
as g['-STS-SPU (cf. Table 4.2). Its equivalent non-SPU approach in Table 2.2 is gI'-STS.

Gaussian Speech Prior

The first special case of the g['-STS-SPU estimator employs a Rayleigh-distributed speech
spectral amplitude model (Gaussian speech prior) consistently for the common MMSE STS
estimator being the Wiener filter (2.41) [Scalart and Filho, 1996] and the a posteriori SPP
estimator (2.66) with the GLR (2.71) [Ephraim and Malah, 1984] and will be denoted as R-
STS-SPU (cf. Table 4.2) [Azirani et al., 1996]. Its equivalent non-SPU approach in Table 2.2
is R-STS.

Super-Gaussian Speech Priors

The second special case of the gI'-STS-SPU estimator utilizes a chi-distributed speech spec-
tral amplitude model (super-Gaussian speech prior) consistently for the common MMSE STS
estimator (2.43) |Erkelens et al., 2008] and the a posteriori SPP estimator (2.66) with the
GLR (2.72) [Breithaupt and Martin, 2011] and will be denoted as x-STS-SPU (cf. Table 4.2).
Its equivalent non-SPU approach in Table 2.2 is x-STS.



75

4.2.1 MMSE STS Estimation Under SPU

I0)RUWI)SO nﬂﬁﬂm N&QN&&%Q& D 9} pue I0jeUWIISO

SININ TOUWIIOD A} [J0( I0J [9POUI [aads JUA)SISU0D ® U0 Pask( () JS Iopun sorpeordde justrestrerua ypoads HGININ JO MOIAIOA() 7' 9[RBT,

[PzT0Z ‘protpsSur pue 10poq| ‘(mou| | [ezgT0g ‘ypTpsSUL] pue Iopoq| ‘[mou] [mou]
(1011J ooadg uerssnen)-rodng)
(67) + (99¢) + (€972) (¢p) + (99) + (1672 (¢v) + (99°¢) + (¢¥2) i G
Nds-vsT-d NdSVSLS-I NdS-SLS-I
[mou] [T10Z ‘unpaey pue jdneyjoig| [mou]
’ ) (10114 oeadg Tretssnen)-Tadng)
(clT) + (99°7) + (6572) (cLT) + (99°2) + (67'2) (cL2) + (99°2) + (¢72) (€22 T
Nds-vs1X NdS-VSIsX NdS-SLSX .

[T00Z ‘o8npIog prre wato))|
(122) + (99%) + (89°2)

[786T ‘rereIy pure wrerydy|
(122) + (992) + (8¥°2)

[966T ¢ 30 tweazy]
(122) + (992) + (172)

(1011g yooadg ueissner))

(0z°2) uSwrdey

NdS-vsTd NdS-VSLsd NdS-SLS-d
[PZ10Z ‘yproypsSur pue 10po| ‘(meu| | [ez10g ‘IptpsSul] pue Iopo]| ‘[meu] [mou]
) ' ’ ’ (T011g 1Poadg pozITRIoUaY))
(€7) + (9972) + (L572) (€7) + (992) + (L¥2) (€7) + (992) + (6€2)
(Pg'g) eurures) pozifeIouor)
NdS-VST-13 NdS-VSLS-I8 NdS-SLS-18

(98°2) VST (NO)

(18'2) NdS-VSIS

UTRTWIO(] TWOTIRTIT)SH]

(08°2) NdS-SLS

(1011 yooadg)

JAdd spwindury
[e1300dg yooadg




76 4 Consistent MMSE Estimation Under SPU

The third special case of the gI'-STS-SPU estimator is based on a consistent gamma-
distributed speech spectral amplitude model (super-Gaussian speech prior) for both the
common MMSE STS estimator (2.45) [Erkelens et al., 2008] and the a posteriori SPP es-
timator (2.66) with the GLR (4.5) [Fodor and Fingscheidt, 2012a| and will be denoted as
I-STS-SPU (cf. Table 4.2). Its equivalent non-SPU approach in Table 2.2 is I-STS.

To the best of our knowledge, neither the generalized approach gI'-STS-SPU, nor the
super-Gaussian approaches y-STS-SPU and I'-STS-SPU have been proposed yet.

4.2.2 MMSE STSA Estimation Under SPU

In this section, specific MMSE STSA estimators under SPU of the form (2.81) are employed.

Generalized Speech Prior

Our new generalized MMSE STSA estimator under SPU employs the generalized speech
model (2.26) (generalized speech prior) consistently for the common MMSE STSA estima-
tor (2.47) [Fodor and Fingscheidt, 2012a| and the a posteriori SPP estimator (2.66) with
the GLR (4.3) [Fodor and Fingscheidt, 2012a] and will be denoted as gI>STSA-SPU (cf.
Table 4.2) [Fodor and Fingscheidt, 2012a]. Its equivalent non-SPU approach in Table 2.2 is
gl-STSA.

Gaussian Speech Prior

The first special case of the gI'-STSA-SPU estimator assumes a Rayleigh-distributed speech
spectral amplitude model (Gaussian speech prior) consistently for the common MMSE STSA
estimator (2.48) [Ephraim and Malah, 1984] and the a posteriori SPP estimator (2.66)
with the GLR (2.71) [Ephraim and Malah, 1984] and will be denoted as R-STSA-SPU (cf.
Table 4.2) |[Ephraim and Malah, 1984]. Its equivalent non-SPU approach in Table 2.2 is
R-STSA.

Super-Gaussian Speech Priors

The second special case of the gI'-STSA-SPU estimator is based on a consistent chi-
distributed speech spectral amplitude model (super-Gaussian speech prior) for both the
common MMSE STSA estimator (2.49) [Andrianakis and White, 2006] and the a posteriori
SPP estimator (2.66) with the GLR (2.72) [Breithaupt and Martin, 2011] and will be de-
noted as x-STSA-SPU (cf. Table 4.2) |Breithaupt and Martin, 2011|. Its equivalent non-SPU
approach in Table 2.2 is x-STSA.
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A further proposed approach is the third special case of the gI'-STSA-SPU estimator. It
utilizes a gamma-distributed speech spectral amplitude model (super-Gaussian speech prior)
consistently for the common MMSE STSA estimator (2.51) [Erkelens et al., 2007| and the a
posteriori SPP estimator (2.66) with the GLR (4.5) [Fodor and Fingscheidt, 2012a] and will
be denoted as I'-STSA-SPU (cf. Table 4.2) [Fodor and Fingscheidt, 2012a]. Its equivalent
non-SPU approach in Table 2.2 is I-STSA.

4.2.3 MMSE LSA Estimation Under SPU

In this section, specific OM MMSE LSA estimators of the form (2.86) are employed.

Generalized Speech Prior

Our new generalized OM MMSE LSA estimator utilizes the generalized speech model (2.26)
(generalized speech prior) consistently for the common MMSE LSA estimator (2.57) [Fodor
and Fingscheidt, 2012d| and the a posteriori SPP estimator (2.66) with the GLR (4.3)
[Fodor and Fingscheidt, 2012a] and will be denoted as gI-LSA-SPU (cf. Table 4.2) [Fodor
and Fingscheidt, 2012d]. Its equivalent non-SPU approach in Table 2.2 is gI'-LSA.

Gaussian Speech Prior

The first special case of the gI'-LSA-SPU estimator uses a Rayleigh-distributed speech spec-
tral amplitude model (Gaussian speech prior) consistently for the common MMSE LSA esti-
mator (2.58) |[Ephraim and Malah, 1985 and the a posteriori SPP estimator (2.66) with the
GLR (2.71) |[Ephraim and Malah, 1984] and will be denoted as R-LSA-SPU (cf. Table 4.2)
[Cohen and Berdugo, 2001]. Its equivalent non-SPU approach in Table 2.2 is R-LSA.

Super-Gaussian Speech Priors

The second special case of the gI'-LSA-SPU estimator is a further proposal. It is based on
a consistent chi-distributed speech spectral amplitude model (super-Gaussian speech prior)
for both the common MMSE LSA estimator (2.59) [Hendriks et al., 2009b| (implemented
as (2.61)) and the a posteriori SPP estimator (2.66) with the GLR (2.72) |Breithaupt and
Martin, 2011] and will be denoted as x-LSA-SPU (cf. Table 4.2). Its equivalent non-SPU
approach in Table 2.2 is y-LSA.

A further proposed approach is the third special case of the gI-LSA-SPU estima-
tor [Fodor and Fingscheidt, 2012d]. It employs a gamma-distributed speech spectral am-

plitude model (super-Gaussian speech prior) consistently for the common MMSE LSA es-
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timator [Borgstrom and Alwan, 2011] (implemented as (2.63)) and the a posteriori SPP
estimator (2.66) with the GLR (4.5) [Fodor and Fingscheidt, 2012a] and will be denoted as
T-LSA-SPU (cf. Table 4.2) |[Fodor and Fingscheidt, 2012d|. Its equivalent non-SPU approach
in Table 2.2 is I'-LSA.

4.3 Performance Evaluation

In the following, we will evaluate the performance of PDF-consistent MMSE estimation
approaches under SPU from Table 4.2 using the simulation setup and the instrumental
measures from Chapter 3. Furthermore, to see the effect of SPU estimation, we will also
compare the estimators under SPU to respective approaches from Table 2.2 without taking

SPU into account.

It can be seen in [Andrianakis and White, 2006] and [Erkelens et al., 2007| that the best
choice for the shape parameter v, of the chi distribution as a speech spectral amplitude
model are values below 1. Therefore, all evaluated approaches based on a chi-distributed
speech spectral amplitude model employ the shape parameter v, = 0.5, which is shown
in [Breithaupt and Martin, 2011] to achieve a good tradeoff between speech distortion and
noise attenuation. All evaluated approaches with an underlying gamma-distributed speech
spectral amplitude model utilize the shape parameter v = 1.126, as proposed! in [Lotter
and Vary, 2005]. Furthermore, for OM MMSE LSA approaches (2.86) Go=—25dB was used
as proposed in [Cohen and Berdugo, 2001].

MMSE STS Estimation

The evaluation results of MMSE STS estimation approaches are depicted in Figure 4.4. In
the upper, middle, and lower figures the resulting NAg., SSDR, and LKR values are
shown, respectively. The noise conditions are separated column-wise corresponding to car

noise, factory noise, and babble noise.

In terms of residual noise levels, approaches with SPU (R-STS-SPU, x-STS-SPU, I'-STS-
SPU) show a significant larger amount of noise attenuation reflected by larger NA,,, values,
compared to approaches without SPU (R-STS, x-STS, I'-STS) at all input SNR levels and in
all noise conditions. In the case of car noise, approaches without SPU achieve approximately
the same NA, values in the range 26..28 dB. Considering approaches with SPU, I'-STS-SPU
achieves slightly larger NAy, values than x-STS-SPU, while R-STS-SPU performs best in
this test. In presence of factory noise, approaches without SPU show the same ranking order

as in presence of car noise. Considering approaches with SPU, however, the approach I'-STS-

!Please note that the shape parameter 'v’ in [Lotter and Vary, 2005] equals v — 1 [Erkelens et al., 2007].
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Figure 4.4: Performance evaluation results of MMSE STS approaches (R-STS, x-STS, I'-
STS) and PDF-consistent MMSE STS approaches under SPU (R-STS-SPU, x-STS-SPU, I'-
STS-SPU) in terms of segmental noise attenuation (NAg,, the larger the better), segmental
speech-to-speech distortion ratio (SSDRye,, the larger the better), and weighted log-kurtosis
ratio (LKR, the smaller the better) (cf. Table 4.2)
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SPU performs best, followed by the approaches x-STS-SPU and R-STS-SPU. This ranking
order is also true for approaches with SPU in presence of babble noise, while all approaches
without SPU (R-STS, x-STS, T'-STS) achieve approximately the same NA,, values.

Considering the speech component, all approaches achieve approximately the same speech
component quality reflected by close SSDRg, values with an expected slight advantage for
approaches without SPU. Moreover, approaches with SPU (without SPU) based on super-
Gaussian speech priors perform slightly better than approaches with SPU (without SPU)
based on a Gaussian speech prior. Furthermore, approaches with a gamma speech spectral
amplitude assumption show slightly larger SSDRg, values compared to approaches with a
chi speech spectral amplitude assumption which have a slight advantage over approaches

with a Gaussian speech prior for all input SNR levels and in all noise conditions.

It can be observed in the evaluation w.r.t. the musical noise level that approaches with
SPU generate slightly more musical noise than approaches without SPU reflected by larger
LKR values. Furthermore, in case of car noise and factory noise, approaches based on a
gamma speech spectral amplitude model produce the largest musical noise levels reflected
by the largest LKR values, while approaches based on a Gaussian speech prior achieve the
lowest musical noise levels reflected by the smallest LKR values. In the presence of babble
noise, all approaches with SPU achieve approximately the same LKR levels, while among
the approaches without SPU I'-STS and x-STS perform approximately equally and R-STS

produces the lowest musical noise level (lowest LKR value).

MMSE STSA Estimation

The evaluation results of MMSE STSA estimation approaches are plotted in Figure 4.5. As
in the case of MMSE STS estimation, the resulting NAgg, SSDReg, and LKR values are
shown in the upper, middle, and lower figures, respectively. Furthermore, car noise, factory
noise, and babble noise results can be found in the first, second, and third column of plots,

respectively.

Regarding the amount of residual noise, approaches with SPU (R-STSA-SPU, x-STSA-
SPU, I'-STSA-SPU) achieve a significantly larger amount of noise attenuation reflected by
larger NA,, values, compared to approaches without SPU (R-STSA, x-STSA, I'-STSA).
Furthermore, the I-STSA-SPU (I'-STSA) estimator outperforms the approaches x-STSA-
SPU (x-STSA) and R-STSA-SPU (R-STSA) at all input SNRs and in all noise conditions.
Furthermore, while the approach x-STSA clearly outperforms the approach R-STSA, the
approaches R-STSA-SPU and x-STSA-SPU perform approximately equally.

Concerning the amount of speech component quality, approaches without SPU perform

again slightly better than approaches with SPU reflected by slightly larger SSDR., values
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Figure 4.5: Performance evaluation results of MMSE STSA approaches (R-STSA, x-STSA,
I-STSA) and PDF-consistent MMSE STSA approaches under SPU (R-STSA-SPU, x-STSA-
SPU, I'-STSA-SPU) in terms of segmental noise attenuation (NAg,, the larger the better),
segmental speech-to-speech distortion ratio (SSDRse,, the larger the better), and weighted

log-kurtosis ratio (LKR, the smaller the better) (cf. Table 4.2)
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at all input SNRs and in all noise conditions. Just as in MMSE STS estimation, super-
Gaussian speech models achieve a better speech component quality than Gaussian ones; a
gamma speech spectral amplitude assumption is slightly superior to a chi speech spectral

amplitude assumption reflected by slightly larger SSDR, values.

With respect to the amount of musical noise, approaches with SPU reveal larger LKR
levels than respective approaches without SPU. Furthermore, approaches with a gamma
speech spectral amplitude model produce higher musical noise levels (larger LKR values)
than approaches with a chi speech spectral amplitude model. The lowest musical noise level
(smallest LKR value) is yielded by approaches with a Gaussian speech prior at all SNR levels

and in all noise conditions.

MMSE LSA Estimation

The evaluation results of MMSE LSA estimation approaches are shown in Figure 4.6. Just
as in the previous figures, the resulting NA.,, SSDRy,, and LKR values are shown in the
upper, middle, and lower figures, respectively. Meanwhile, car noise, factory noise, and

babble noise results can be found in the first, second, and third column of plots, respectively.

Just as in the previous two estimation domains, approaches with SPU (R-LSA-SPU, -
LSA-SPU, I'-LSA-SPU) achieve a significantly larger amount of noise attenuation reflected
by larger NA,,, values than approaches without SPU (R-LSA, x-LSA, I'-LSA), as shown in
the upper figures. Furthermore, similar to MMSE STSA estimation, approaches based on
a gamma speech spectral amplitude model perform better than respective approaches with
a chi speech spectral amplitude model, while the latter achieve larger NA,, values than

respective approaches with a Gaussian speech prior.

As can be seen in the middle figures, approaches without SPU achieve slightly better
speech component quality than approaches with SPU reflected by slightly larger SSDRgcq
values at all input SNRs and in all noise conditions. Furthermore, a gamma speech spectral
amplitude model gives the best speech preservation, followed by the chi and Rayleigh speech

spectral amplitude models.

The lower figures show that approaches with SPU produce larger musical noise levels than
respective approaches without SPU reflected by larger LKR values. Furthermore, approaches
with a gamma speech spectral amplitude model show higher musical noise levels (larger LKR
values) than approaches with a chi speech spectral amplitude model. The lowest musical
noise level (smallest LKR value) yield approaches with a Gaussian speech prior at all SNR

levels and in all noise conditions.

The performance evaluation results were also confirmed by informal listening tests.
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Figure 4.6: Performance evaluation results of MMSE LSA approaches (R-LSA, x-LSA, T
LSA) and PDF-consistent MMSE LSA approaches under SPU (R-LSA-SPU, x-LSA-SPU, I'-

LSA-SPU) in terms of segmental noise attenuation (NAg, the larger the better), segmental

speech-to-speech distortion ratio (SSDRye,, the larger the better), and weighted log-kurtosis
ratio (LKR, the smaller the better) (cf. Table 4.2)
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4.4 Summary

MMSE estimation under SPU can clearly be divided into common MMSE estimation for
speech and a posteriori SPP estimation. It was shown in this chapter that both are based
on the same a priori knowledge, therefore, the common MMSE estimator and the a poste-
riori SPP estimator should assume the same statistical models. In order to identify PDF-
consistent MMSE speech enhancement approaches under SPU, a speech PDF-based overview
of a posteriori SPP estimators was given in this chapter, similar to the synopsis of common
MMSE estimators in Chapter 2. The overview was based on a new parametric a posteriori
SPP estimator which is a generalization of the existing a posteriori SPP estimators from
literature, based on either a Rayleigh-distributed or a chi-distributed speech spectral ampli-
tude model. Moreover, a new specific a posteriori SPP estimator was derived, based on a

gamma-distributed speech spectral amplitude model.

Furthermore, a synopsis of PDF-consistent MMSE approaches under SPU was given in
this chapter, in analogy to Section 2.5. By sketching possible MMSE estimators under SPU,
new PDF-consistent approaches could be identified. Then, both MMSE speech enhancement
approaches with SPU and respective approaches without SPU from Section 2.5 were assessed
using instrumental measures. It turned out that for all estimation domains and for almost all
noise types that compared to non-SPU, approaches with SPU achieve much higher segmental
noise attenuation at the cost of a slightly lower segmental speech-to-speech distortion ratio

and higher musical noise levels reflected by larger LKR values.

Approaches assuming a gamma distribution for the speech spectral amplitudes showed
best performance w.r.t. segmental speech-to-speech distortion ratio and segmental noise
attenuation except for car noise and STS estimation domain. However, these approaches
performed worst in terms of musical noise levels, reflected by the highest LKR values. In the
next chapter, we will deal with PDF-consistent MMSE estimation approaches under SPU

which can produce less musical noise and provide more accurate a posteriori SPP estimates.



Chapter 5

Consistent MMSE Estimation
Under Speech Presence Uncertainty

with Averaging and Fixed Parameters

Amongst others, recent improvements in SPU estimation include a posteriori SPP estima-
tors based on either averaged observations or on a super-Gaussian speech model instead of a
Gaussian. In this chapter, these two aspects will be combined [Fodor and Gerkmann, 2014a],
[Fodor and Gerkmann, 2014b|. Furthermore, the resulting enhanced a posteriori SPP esti-
mator will make use of the advantage of fixed prior parameters, i. e., a fixed a priori SPP and
a fixed a priori SNR. This provides a more accurate a posteriori SPP estimation compared
to usual techniques based on a fixed a priori SPP and an adapted a priori SNR. Moreover,
similar to the previous chapter, we will propose to combine the enhanced a posteriori SPP
estimator with a PDF-consistent common MMSE estimator in order to obtain an MMSE

speech enhancement approach under SPU.

In Section 5.1, we will shortly recapitulate the motivation of enhanced a posteriori SPP
estimation using averaged observations, a super-Gaussian assumption for speech, and fixed
prior parameters. Then, Section 5.2 will give a detailed description of the algorithmic ap-
proach. In Section 5.3, the performance of the combination of the enhanced a posterior:
SPP estimator and a PDF-consistent common MMSE estimator will be evaluated. Finally,

Section 5.4 will give a short summary of this chapter.

5.1 Introduction

This chapter deals with an enhancement scheme of a posteriori SPP estimators based on the
idea introduced in [Gerkmann et al., 2008], [Gerkmann, 2010, Ch. 6] and recapitulated in

85
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Section 2.6.2. In particular, we will focus on a typical disadvantage of usual SPU estimation:
A posteriori SPP estimators being a function of the noisy observations (cf., e. g., (2.66) and
(2.71)) usually suffer from random fluctuations of the noisy speech. This often results in
estimation outliers which may be perceived as annoying musical noise. Estimation outliers
can successfully be reduced by averaging the observations as proposed in [Gerkmann et al.,
2008].

However, the proposal in [Gerkmann et al., 2008| does not take into account the super-
Gaussian nature of speech STFT coefficients (cf. Chapter 2). Therefore, in this chapter we
will present a new a posteriori SPP estimator for averaged observations, assuming a super-
Gaussian speech model. The derivation of the corresponding GLR turns out to be mathe-
matically complex, therefore, only approximate solutions have been proposed yet [Fodor and
Gerkmann, 2014a]. In this chapter, however, we will give a closed-form solution for the GLR

and, therefore, the corresponding a posteriori SPP estimator [Fodor and Gerkmann, 2014b].

While usual a posteriori SPP estimators are able to robustly achieve values close to one
during speech presence, they typically output the a priori SPP in absence of speech, which
is generally not close to zero (cf. Section 2.6.2). To overcome this issue, a tracking algorithm
is proposed in [Cohen and Berdugo, 2001] which achieves small a priori SPPs and, thus,
small (close to zero) a posteriori SPP values during speech absence. As a different solution,
in [Gerkmann et al., 2008] a fixed a priori SPP and a fixed a priori SNR are proposed
for a posteriori SPP estimation arguing that these quantities should reflect true a priori
knowledge and should be independent of the observations. As a result, the a posteriori SPP
estimates robustly achieve values close to zero in absence of speech, providing potentially
more accurate estimation results. Our enhanced a posteriori SPP estimator will also make

use of the advantage of fixed prior parameters.

5.2 Algorithmic Approach

The proposed approach, just as the reference approach recapitulated in Section 2.6.2 [Gerk-
mann et al., 2008]|, consists of two modifications of usual SPU estimation approaches (e. g.,
those from Section 2.6.1 or from Chapter 4), namely, an a posteriori SNR averaging and a
fixed a priori SNR instead of an adapted one. These two modification steps will be described

in the following.

First, we will derive the new GLR assuming a super-Gaussian speech model and averaged
observations. It will be assumed for the derivation that the speech STFT coeflicients are
super-Gaussian distributed with chi-distributed speech spectral amplitudes (2.22) and a

statistically independent uniformly distributed phase. Furthermore, just as in [Gerkmann
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et al., 2008|, we will assume that the statistically independent noise STFT coefficients are
Gaussian distributed and that the hypothesis H; is statistically independent of the spectral
phase of the noisy speech Y (cf., e.g., (2.71) or (2.72)). In this case the a posteriori SPP can
be rewritten as P(H,|Y) = P(H,|y) (cf. Section 2.6.2). Then, the averaging procedure (2.73)
will be taken into account and the corresponding new a posteriori SPP estimator P(H;|7)
will be derived under a super-Gaussian speech assumption for observed, averaged a posteriori
SNRs #4. Finally, the fixed a priori SNR is optimized using the resulting new a posteriori
SPP P(H.y|7).

5.2.1 A Posteriori SNR Averaging

In this chapter we employ the same averaging framework as in |Gerkmann et al., 2008] to
reduce estimation outliers: The a posteriori SNRs are smoothed by calculating the moving
average (2.73) simultaneously within both a local and a global averaging window of the
sizes p1o = |Ke| - |Le|. Here, © stands for either local or global. Please note that we utilize
the proposed window sizes from [Gerkmann et al., 2008]. The a posteriori SPP is obtained
by multiplying the local and the global a posteriori SPP estimates (2.74) which are driven by
the averaged a posteriori SNRs (cf. (2.75) and (2.76)). The local and the global a posteriori
SPP can be calculated by the GLR (cf. (2.75))

AS

P(HiPe)ly =
Y1+ A

(5.1)
where index x denotes our chi-distributed speech spectral amplitude assumption. The GLR
in (5.1) is obtained by (cf. (2.76))

o P(H)) Pigpn, (elH)

AY = — (5.2)
© P(Hy) P;((_,ulo (Yol Ho)

with superscript x denoting the assumption of chi-distributed speech spectral amplitudes.
Furthermore, pX ;. (Jo|H1) and pX ;. (e|Ho) are the PDFs of averaged a posteriori
SNRs 7e assuming speech presence and absence, respectively, which will be derived in the

following.

Considering the likelihood of speech presence p%“e‘ e (Jo|H,) for averaged observations, we
start its derivation with obtaining the PDF of noisy speech STFT coefficients p’}‘,‘ g, (Y[Hy).
For this, we assume a chi-distributed speech spectral amplitude model and a statistically in-
dependent uniformly distributed speech spectral phase (super-Gaussian speech prior) as well
as a statistically independent Gaussian acoustic channel noise. Next, the PDF py, . (Y|H;)
is transformed to the PDF of the a posteriori SNR pzj‘ 1, (V[H1) according to the variable
transformation v = |Y'|?/o%. Then, the PDF of averaged (i.e., summed and normalized) a
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posteriori SNRs p} ; (7| Hy) can be derived by means of convolution and mathematical induc-
tion: The PDF of two statistically independent a posteriori SNRs is obtained by convolving
the PDF pn/‘ g, (7[H1) by itself. Convolving the resulting PDF again by p N (7| Hy) results in
the PDF of the sum of three a posteriori SNRs and so forth. Using mathematical induction,
the likelihood of speech presence for averaged observations under a chi-distributed speech
spectral amplitude assumption turns out to be (the derivation can be found in Appendix D)
[Fodor and Gerkmann, 2014b]

p)f (;{(—)‘Hl) _ vy M(—)Vx' Lot ;/go 1 eﬂme’?(—), F Loly, Lo, 'Y() (53)
YolH1 vy + € T(ue) "'5

with v, and pe being the shape parameter of the speech model ((‘f Table 2.1) and the

number of averaged a posteriori SNR values (puo = |Ke| -

f. (2.73)), respectively.
Please note that in the special case v, =1 the new likelihood (5.3) based on a chi-distributed
speech spectral amplitude model reduces to (2.77) being based on a Gaussian speech model.
Generally, the more a posteriori SNR values are averaged, the larger the parameter pg, and
the smaller the width of the resulting likelihood (5.3). Please note that different from the
reference approach |Gerkmann et al., 2008, we assume uncorrelated adjacent a posteriori

SNR values within the averaging windows, i.e., we employ pe=|Ke| - |Le.
In speech absence £ =0 holds and (5.3) reduces to the likelihood of speech absence for
averaged observations

He"® _ue-1 o—hoTe
= 5.4
) T(1o) Yo (5.4)

with pe being the same parameter as in (5.3). Please note that the likelihood of speech

P2 e (ol Ho

absence for averaged observations (5.4) can also be obtained as follows: In speech absence,
the noisy speech STFT coefficients are Gaussian-distributed, the a posteriori SNRs are expo-
nentially distributed, and the averaged a posteriori SNRs turn out to be gamma-distributed
with the PDF (5.4) being a function of parameter peg (cf. (2.23), (2.78), and (5.4)).

Substituting the likelihoods (5.3) and (5.4) into (5.2), the proposed GLR for averaged
observations assuming a chi-distributed speech spectral amplitude model (super-Gaussian
prior) can be expressed as [Fodor and Gerkmann, 2014b|

— . P(H) vy e _ pef
A% : X 1 , 5.5
S~ P(Hy) bt € 14 /lervlLe,’Yel/X_i_g (5.5)

with v, being the shape parameter of the speech model (which should be chosen consistently

with the same parameter of the common MMSE estimator) and pg being the number of
averaged a posteriori SNRs. Please note that (5.5) generalizes both a GLR for averaged
observations under a Gaussian speech model and a GLR for non-averaged observations but
a super-Gaussian speech model: In case of v, =1 we obtain the GLR (2.79) for averaged
observations assuming a Gaussian speech model, while in case of g = 1 we obtain the

GLR (2.72) assuming chi-distributed speech spectral amplitudes and no averaging.
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5.2.2 Training of the Fixed A Priori SNR

While the averaging approach can nicely reduce estimation outliers, it still does not allow
for achieving a posteriori SPPs close to zero at low a priori SNRs: If variable £ approaches
zero, the new GLR (5.5) still tends to P(Hy)/P(H,) (note that 1Fi(a,b,0) =1) and, thus,
(5.1) tends to P(H;). To overcome this issue, in [Gerkmann et al., 2008| the use of fixed
prior parameters, i.e., fixed a priori SPPs and fixed a priori SNRs, is proposed for SPU
estimation (for controlling the weighting rule, still adapted & values can and should be used).
Similar to £ =0 under hypothesis Hy, a fixed a priori SNR & = Z¥ can be defined for the
likelihood of speech presence (5.3) which can be interpreted as a typical a priori SNR value
under hypothesis H;. In this case, { =0 and £ == can be understood as model parameters
for speech absence and speech presence, respectively. Then, the likelihoods p%‘(_)l H, (Fe|Ho)

and p,

:f,(_)l e (Je|Hi1) can be interpreted as measures for how well the observations 7g fit the
underlying model parameters. As a consequence, GLR values and a posteriori SPP values

close to zero can be achieved in absence of speech.

The fixed a priori SNR = can be optimized as follows: Interpreting the a posteriori SPP
as a detector for speech presence/absence, the probability of misdetection can be defined.
This probability turns out to be a function of the a priori SNR &. The optimal fixed a
priori SNR £ = Z§ can be obtained by minimizing the average cost of misdetection, 1.e.,
a combination of the miss probability Py, and the false alarm probability Pp |Gerkmann
et al., 2008]. Miss occurs, if speech is present, but the a posteriori SPP estimate is less than
0.5, while false alarm is defined by estimated a posteriori SPPs larger than 0.5 in absence
of speech. The joint decision threshold for miss and false alarm is at observation values vg
at which the a posteriori SPP yields 0.5. In this case the weighted likelihoods are equal
P(Hy) - p3, i, (Fo|Ho) = P(Hy) - P, 4, (Fo|Hi) and the GLR (5.5) is one (cf. (5.1))

P(H) v\ _ keé
. 1 F ] 1 =1 5.6
P(H,) R 151 lleVX7,11677®VX+§ (5.6)
Solving this equation w.r.t. Jg, the decision threshold
(I)G = f(gv vall’@) (57)
Hy
for testing 7o = Po turns out to be a function of the a priori SNR. We were not able to find
Ho

a closed-form solution for (5.7), therefore, we employed numerical methods and the result
is depicted in Figure 5.1. Please note that given a specific a priori SNR £, a miss occurs,
if 99 < ®g assuming H; and a false alarm occurs, if 79 > ®g assuming Hy, as shown in

Figure 5.2.

As can be seen the probability of miss and the probability of false alarm are dependent

on the same threshold ®g which is a function of the a priori SNR (5.7). Therefore, the
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Figure 5.1: Result of the equation (5.7) (decision threshold) for the local and the global
averaging window assuming v, = 0.5; the curves show specific combinations of J¢ and &

values which lead to a unity GLR

fixed a priori SNR EY can be optimized by minimizing the average cost of misdetection
|Gerkmann et al., 2008]: Assuming a fixed a priori SNR Z¥ (and a corresponding fixed
threshold ®¢ = f(Zy)), the probability of miss is defined as [Gerkmann et al., 2008|

Po=f(2y)
PueE59= | il do (5.8)
0

=1

and the probability of false alarm can be calculated as |Gerkmann et al., 2008|
@
PraE) = | Piyplalto)do (59
Po=1(Eg)

The average cost of misdetection can be determined by |Gerkmann et al., 2008|
Ro(Z§,€) = P(Ho) - Pre(ZE8) + P(Hy) - Puo(Z8,6). (5.10)

The desired fixed a priori SNR can be obtained by minimizing the average cost Rg(Z,€)
over a typical a priori SNR range [&, &,] as [Gerkmann et al., 200§]
Eu
== arg min J Ro (2§, €) d&. (5.11)
4§
Assuming v, = 0.5 as in the previous chapter (cf. Section 4.3) as well as employing (5.3)
and (5.4), respectively, for (5.8) and (5.9) with fiigcas =9 and figiona1 = 51, calculating (5.11)
with the parameters { =—20dB, £, =20dB results in the optimal fixed a priori SNR values
summarized in Table 5.1. The integrals in (5.8), (5.9), and (5.11) were calculated by the
Gauss-Kronrod quadrature |Brass and Petras, 2011].
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Figure 5.2: Probabilities of miss and false-alarm for P(H,)=P(H,) = 0.5

| © [|ake [Ate|po=IKe| Lol | =5 | Pu)]
local 1 2 9 12.56 dB 0.5
global 8 2 51 10.42dB 0.5

Table 5.1: Parameter set of the a posteriori SNR averaging framework and the proposed
GLR (5.5) assuming v, =0.5

These optimization steps can be interpreted as follows: Assuming a fixed thresh-
old ®¢=f(ZY), the average cost of misdetection is measured for a typical a priori SNR
range [§, &]. As can be seen in Figure 5.2, the probability of miss and the probability
of false alarm (and, thus, the cost of misdetection) are dependent on the position of this
threshold: Lower thresholds increase the probability of false alarm (residual noise level)
and higher thresholds increase the probability of miss (speech distortion). Thus, repeating
the average cost measurement for different fixed thresholds ®g = f(Z), the fixed a priori

SNR =3 leading to the lowest average cost can be considered as optimal.

The proposed a posteriori SPP estimation steps using the fixed prior parameters can be

summarized as follows:

e Average the a posteriori SNRs by means of (2.73) within a local and a global window

using the parameters from Table 5.1.

e Calculate the local and global GLR (5.5) using the averaged a posteriori SNRs as well
as the parameters from Table 5.1, namely, the fixed a priori SNR Z¥ (instead of the
adapted one §), P(H;), and pg. The shape parameter v, should be chosen consistently
with the shape parameter of the common MMSE estimator (the fixed a priori SNRs

in Table 5.1 are trained assuming v, =0.5).

B

e Calculate the local and global a posteriori SPPs (5.1) using the resulting GLRs.

e Combine the resulting local and global a posteriori SPPs to a final a posteriori SPP

estimate using (2.74).
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5.3 Performance Evaluation

In order to see the effect of enhanced a posteriori SPP estimation, we will assess the pro-
posed approach and some reference approaches from the previous chapter without averaging
and without fixed prior parameters in the following. For this, the simulation setup and the
performance measures from Chapter 3 will be utilized. Since the proposal enhances SPU es-
timation only and SPU estimation is independent of the estimation domains (cf. Section 2.6),
the following simulations will be based on MMSE STSA estimation under SPU (2.81). Nev-

ertheless, the proposed approach can also be utilized in the other estimation domains.

We will use two reference approaches based on PDF-consistent MMSE STSA estimation
under SPU from the previous chapter, both with an adapted a priori SNR. The first one
assumes Rayleigh-distributed speech spectral amplitudes (denoted as R-STSA-SPU, cf. Ta-
ble 4.2), while the second one assumes chi-distributed speech spectral amplitudes with the
parameter v, =0.5 (denoted as x-STSA-SPU, cf. Table 4.2).

A further reference approach is from |Gerkmann et al., 2008]: It is based on MMSE STSA
estimation under SPU (2.81) assuming Rayleigh-distributed speech spectral amplitudes con-
sistently. It utilizes R-STSA (2.48) as common MMSE estimator and employs averaged a
posteriort SNR values and a fixed a priori SNR for the calculation of the a posteriori SPP.
This approach will be denoted as R-STSA-SPU-enh. The a posteriori SPP is estimated
as follows: The GLR is controlled by smoothed a posteriori SNRs (2.73) averaged within
a local and a global averaging window and calculated by (2.79) using the parameters from
Table 2.3, i. e., a shape parameter and a fixed a priori SNR. The local and global a posteriori
SPPs are calculated by (2.75) and then multiplicatively unified to a final a posteriori SPP
estimate by (2.74).

The proposed approach is an MMSE STSA estimation approach under SPU (2.81) as-
suming chi-distributed speech spectral amplitudes with v, =0.5 (cf. Section 4.3) consistently
for common MMSE estimation (2.49) and a posteriori SPP estimation (5.1) with the new
GLR (5.5) from the last section. The GLR is driven by averaged observations and has fixed
prior parameters shown in Table 5.1. The proposed approach will be denoted as x-STSA-
SPU-enh.

The evaluation results are depicted in Figure 5.3. As in the previous chapter, the re-
sulting NAge,, SSDRy,, and LKR values are shown in the upper, middle, and lower plots,
respectively. Furthermore, car noise, factory noise, and babble noise results can be found in

the left, middle, and right column of figures, respectively.

Considering the amount of residual noise, approaches based on fixed prior parameters
for SPU estimation (x-STSA-SPU-enh and R-STSA-SPU-enh) achieve significantly larger
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Figure 5.3: Performance evaluation results of MMSE STSA estimators with SPU based on
an adapted a priori SNR for a posteriori SPP estimation (R-STSA-SPU, x-STSA-SPU)
and MMSE STSA estimators with SPU based on averaging and a fixed a priori SNR for
a posteriori SPP estimation (R-STSA-SPU-enh, x-STSA-SPU-enh) in terms of segmental
noise attenuation (NAy, the larger the better), segmental speech-to-speech distortion ratio
(SSDRyeq, the larger the better), and weighted log-kurtosis ratio (LKR, the smaller the
better)
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noise attenuation reflected by larger NA,., values, compared to approaches with an adapted
a priori SNR (x-STSA-SPU and R-STSA-SPU). This is due to the fact that approaches
with fixed prior parameters for SPU estimation output significantly smaller (close to zero)
a posteriori SPP values in speech absence. Furthermore, considering approaches with fixed
prior parameters and averaging, the proposed approach with a super-Gaussian speech model
x-STSA-SPU-enh outperforms the reference approach with a Gaussian speech model R-
STSA-SPU-enh w.r.t. NAg, at all input SNR levels and in all noise conditions.

In terms of speech component quality, all approaches perform approximately the same,
reflected by close SSDRye levels. Interestingly, approaches with fixed prior parameters
(R-STSA-SPU-enh, x-STSA-SPU-enh) show slightly larger SSDRye, values than approaches
without fixed prior parameters (R-STSA-SPU, y-STSA-SPU). Furthermore, approaches with
a chi speech spectral amplitude model (super-Gaussian prior) perform slightly better than
approaches with a Rayleigh speech spectral amplitude model (Gaussian prior), regardless

whether an adapted or a fixed a priori SNR is used.

Regarding musical noise levels, the proposed approach nicely achieves the smallest LKR,
values in presence of car and babble noise at all input SNR levels. In case of factory noise,

the proposed approach reaches the lowest LKR level only above 5dB input SNR.

5.4 Summary

This chapter presented an improved MMSE estimation approach under SPU based on an en-
hanced a posteriori SPP estimator which unifies the advantages of a super-Gaussian speech
model, averaged observations, and a fixed a priori SNR. Accordingly, an enhanced GLR for
averaged a posteriori SNRs was derived by taking chi-distributed speech spectral amplitudes?
(super-Gaussian speech model) into account. In order to overcome a typical disadvantage of
common SPU estimation and to obtain a posteriori SPP estimates close to zero in speech
absence, fixed SNR and SPP prior parameters were employed. The proposed approach was
shown to outperform reference approaches that consider averaged observations but a Gaus-
sian speech model, a super-Gaussian speech model but no averaging, and also approaches

that are based on a Gaussian model without averaging.

'Please note that the presented approach can theoretically be combined with a gamma assumption for
the speech spectral amplitudes. However, the corresponding PDFs (such as the likelihoods for averaged
observations) and, thus, the final a posteriori SPP estimator cannot be obtained in closed-form. Accordingly,

the optimization of the fixed a priori SNR has to be carried out by using numerically calculated PDFs.



Chapter 6

Recursive MMSE Estimation
in Speech Enhancement

and Some Links to Error Concealment

Contrary to the previous chapters dealing with non-recursive approaches, this chapter will
focus on MMSE estimation carried out in a recursive manner. Recursive MMSE estimation is
widely employed, there are applications in, e. g., speech enhancement, error concealment, etc.
Although the aim of both speech enhancement and error concealment is to enhance disturbed
(speech) signals, there has not yet been much research focus on relating these disciplines to
each other. In this chapter, for the first time, we will show interesting commonalities and also
differences between respective fields [Fodor et al., 2015]. Moreover, by analyzing differences, a
general strength of error concealment over speech enhancement will be identified. Motivated

by this finding, possible research directions for speech enhancement will briefly be sketched.

After a short introduction in Section 6.1, recursive MMSE estimation in speech enhance-
ment and the Kalman filter as special case will be recapitulated in Section 6.2. This will
be done in analogy to the non-recursive case in Chapter 2 based on PDFs. To the best of
our knowledge, recursive MMSE estimation has not been derived for speech enhancement
in this form before. This PDF-based description provides a basis for applying enhancement
techniques of non-recursive speech enhancement (e. g., super-Gaussian speech priors, speech
presence uncertainty estimation, etc.) to the recursive case. In Section 6.3, a recursive
MMSE application for error concealment will be introduced in analogy to Section 6.2. In
Section 6.4, interesting links between the applications for speech enhancement and error con-
cealment will be shown. In Section 6.5, possible research directions for speech enhancement
motivated by error concealment will briefly be sketched. Finally, Section 6.6 will provide a

short summary.
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6.1 Introduction

In Chapter 2 it was assumed that the speech process is memoryless, i.e., its out-
comes Sy(k), Se—1(k),... are independent of each other. Assuming further that the noise
process D is also memoryless, the resulting observations Yy(k), Y,_i(k), ... turn out to also
be independent of each other. Thus, the speech is estimated sequentially in a way that each
speech estimate §g(l€) is obtained by means of one corresponding observation Y;(k) only,
signal history is merely exploited for smoothing purposes of the a priori SNR estimation (cf.
the decision directed SNR estimator (2.88)).

However, utilizing a dynamic signal model, such as an AR speech process motivated by,
e.g., the source-filter model of speech production [Rabiner and Schafer, 1978|, [Vary and
Martin, 2006], the resulting optimal MMSE estimator exploits signal redundancy using the
current and the previous observations [Kalman, 1960|. Furthermore, under certain assump-
tions, the estimation can be performed recursively consisting of two steps, nicely relaxing
computational complexity and memory usage [Haykin, 2002|. The first estimation step is
called propagation (or prediction or a priori estimation) step which exploits signal redun-
dancy by utilizing the previous observations and provides an a priori speech estimate. The
second step, called the update step, corrects the a priori speech estimate using the current

observation, resulting in an a posteriori speech estimate.

In speech enhancement, a typical recursive MMSE estimator is the well-known Kalman
filter [Kalman, 1960|. A Kalman filter is a specific recursive MMSE estimator assuming
a Gaussian distribution for both the speech prior and the likelihood. A Kalman filter is
proposed in [Paliwal and Basu, 1987| for time-domain speech enhancement: Assuming an
AR speech process based on a predictor and a memoryless acoustic channel, the speech
estimation process turns out to be recursive, consisting of two subsequent steps. The first
step utilizes the previous observations resulting in an a priori speech estimate which is
corrected in the second step employing the current observation, resulting in an a posteriori
speech estimate. A Kalman filter-based speech enhancement is proposed in [Wu and Chen,
1998 and [Puder, 2002] operating in subbands. The STFT-domain Kalman filter for speech
enhancement in |Zavarehei and Vaseghi, 2005| assumes an AR process for the complex-
valued speech STFT coefficients and a memoryless noise process. In [Esch and Vary, 2008al,
different approaches to calculate the AR coefficients for determining the a priori speech
estimate as well as different estimators for obtaining the a posteriori speech estimate are
investigated. Furthermore, in [Esch and Vary, 2008b], the assumption of a memoryless noise
process is replaced by an AR noise model. An STFT-domain Kalman filter for estimating

the speech spectral amplitudes is introduced in [So et al., 2010].

While speech enhancement deals with speech signals distorted by acoustic noise, error con-
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cealment is related to speech or audio signals distorted by transmission channel noise. More
specifically, the aim of error concealment is to conceal residual bit errors after demodulation
or channel decoding. Please note that different from speech enhancement, error concealment
often operates in the time domain. As mentioned in Chapter 2, in speech enhancement
the acoustic channel is assumed to distort the speech signal by superimposing statistically
independent noise. In error concealment, however, the a priori knowledge about the chan-
nel is even richer: It is assumed that on transmitter side, speech samples or source-coded
parameters are quantized, mapped to corresponding bit combinations, and transmitted over
digital error-prone transmission channels. Therefore, since the number of possible channel
inputs is finite and the transmitted symbols have fixed positions in the constellation dia-
gram, channel reliability information can be exploited by the decoder on receiver side. Then,
the speech samples or source-coded parameters can be estimated by MMSE estimation us-
ing a likelihood enriched by channel reliability information and a prior containing a priori
knowledge about the speech. Here, similar to speech enhancement signal redundancy can be
exploited assuming a dynamic speech model, resulting in a recursive MMSE estimator. This
approach can be employed for, e.g., robust source decoding of speech signals |Gortz, 1998],
[Fingscheidt and Vary, 2001], |[Lahouti and Khandani, 2007, [Pourmir and Lahouti, 2008],
[Jameel et al., 2009], [Han et al., 2013|, source-coded audio signals [Adrat et al., 2000], [Pflug
and Fingscheidt, 2013a/, or uncompressed audio [Pflug and Fingscheidt, 2013b|, [Pflug, 2013|
that exploit signal redundancy in sample values or various source codec parameters (such
as scaling factors, line spectral frequencies (LSFs) vectors, vector-quantized gains, adaptive
codebook indices). Thereby, the signal redundancy is exploited by a time-variant modeling
of the prior either using Markov chains [Gortz, 1998|, [Fingscheidt and Vary, 2001], [Lahouti
and Khandani, 2007], [Pourmir and Lahouti, 2008], [Jameel et al., 2009], [Adrat et al., 2000],
[Han et al., 2013] or employing approaches based on linear prediction in [Fingscheidt, 1998],
[Pflug and Fingscheidt, 2013al, [Pflug and Fingscheidt, 2013b|, [Pflug, 2013]. Typical appli-
cations are speech and audio transmission systems such as mobile phones or digital wireless

microphones.

6.2 Recursive MMSE Estimation

in Speech Enhancement

The aim of recursive MMSE estimation is to estimate the speech STFT coefficient S,(k)
using the observations Y4(k) = [Yo(k),Yi(k),...,Ye(k)]" and some a priori knowledge,
resulting in the speech estimate §g(k) (cf. Figure 6.1). The a priori knowledge incorporates
models about the speech process S and the (acoustic) channel. Accordingly, the speech is

modeled by the following AR process: The speech STFT coefficient is a sum of the predicted
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Figure 6.1: Signal model, channel, and recursive MMSE estimation

speech S (k) and the prediction error Ey(k), i.e., [Fodor et al., 2015]
Se(k) = S) (k) + E(k). (6.1)

The prediction error Ey(k) can be associated with the input signal of the human vocal tract
and is assumed to be a zero-mean (random) signal which is statistically independent of S; (k).
The predicted speech S, (k) can be interpreted as a contribution of the vocal tract and it
is assumed to be the output of a predictor using the previous L, speech STFT coefficients
Sﬁjﬂ)(k) = [Ser, (k), Serma(k), ..., Sea(k)]T, ice., [Fodor et al., 2015

S (k) = AT (k) - SZp (k) (6.2)

with A(k) = [AL, (k), Ap,—1(k), ..., Ai(k)]" and (-) being the prediction coefficients and
the conjugate transpose operator, respectively. The fact that the predictor delays input
coefficients Sy(k) by at least one frame during computing any contribution to S, (k) is
expressed in Figure 6.1 by an explicit delay unit "T". Assuming that the prediction coefficients
are slowly time-varying, they are treated as constants for the moment. The output of the
vocal tract S¢(k) = S/ (k)+ E,(k) can be observed through an acoustic channel which distorts
it by superimposing the outcomes of a statistically independent random noise process Dy(k),
resulting in the observed noisy speech STFT coeflicients Yy (k) = S¢(k) + Dy(k).

Our objective is to estimate the speech STFT coefficient Sy(k) utilizing the observa-
tions Y§(k) we have made so far as well as the a priori knowledge about the speech process
and the acoustic channel introduced above. Since the current speech STEFT coefficient S,(k)
is dependent of the previous ones (cf. (6.1) and (6.2)), it is also dependent on the previous
observations, therefore, the MMSE estimator (2.12) with the underlying signal and channel
model from Figure 6.1 turns out to be [Fodor et al., 2015

Su(k) = E{Sdk)[Y§(k)} = B {Se(k)[Ye(k), Yo' (k)} = JSW(S\Yz(k)vYS*l(k))dS (6.3)
C
with Y5 (k) = [Yo(k), Ya(k), - .., Ye_1(k)]" and with p(Se(k)[Ys(k), Y5 (k)) being the pos-
terior. Please note that in this chapter, we omit the subscript of PDFs for ease of readability.
Analog to the MMSE estimator in Chapter 2.2, the posterior is calculated by Bayes’ rule as
P(Ya(k)|Su(k), Y () - p(Si(k) Y5 (k)
p(Ye(k)| Yo" (k)

P(Se(k)[Ye(k), Y5 (k) = (6.4)
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where p(Yy(k)[Se(k), Y5 (k) is the likelihood, p(S¢(k)[Y§ ' (k)) is the speech prior, and
p(Y2(k)| Y5 (k)) is the evidence. Please note that the evidence is typically calculated by
marginalizing the product of the prior and the likelihood (cf. Chapter 2.2).

A block diagram of recursive MMSE estimation is depicted in Figure 6.2. Please note that
the lower signal path can be associated with the likelihood computation, the upper signal
path is related to the speech prior computation, and the center represents the recursive
MMSE estimator itself. Starting with the lower left-hand corner of Figure 6.2, the noisy
speech signal y(n) being a sum of the speech s(n) and the noise signal d(n) is transformed into
the STFT domain by segmentation, windowing, and a DFT (cf. Section 2.1). As a next step,

the likelihood is computed by means of the resulting noisy speech STFT coefficients Yy (k).

6.2.1 The Likelihood

The a priori knowledge about the acoustic channel is contained in the likelihood (cf. Chap-
ter 2.3). According to Figure 6.1, we assume a memoryless acoustic channel, thus, the
likelihood reduces to the likelihood in (2.12) [Martin et al., 2008|

p(Ye(k)[Se(k), Yo' (k) = p(Ye(k)|Se(k)) = pp(De(k) = Ye(k) — Se(k)) (6.5)

meaning that the speech Sy(k) is a sufficient statistic for the noisy speech Y(k). Just as in
Section 2.3.2, the likelihood (6.5) can be associated with the PDF of the noise process D,
thus, it is a function of the noise PSD afjj(k) which is typically estimated in practice
(cf. (2.28)). As introduced in Section 2.7, the noise PSD is estimated by the noisy speech
STFT coefficients. Thus, in Figure 6.2 the noisy speech Y;(k) is fed into a noise power
estimator and the likelihood is subsequently calculated by the resulting noise PDF %,e(k)
and the noisy speech Y;(k). The resulting likelihood (6.5) turns out to be a function of the
speech h(Sy(k)) which will be the integration variable of the estimator (cf. lower signal path

in Figure 6.2).

6.2.2 The Estimator

Inserting the likelihood (6.5) into the posterior (6.4), the MMSE estimator (6.3) turns out
to be [Fodor et al., 2015]

éS‘P(SWéfl(k)) p(Ye(k)[S) dS
Se(k) =

p(Ye(k)[YG (k)
with the evidence

PV(R)IYE (k) = jp(swvé*(k)) - p(¥i(k)|S) dS (6.7)
C
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and with p(S[Y{5 (k) being the speech prior. As can be seen, both the prior and the like-
lihood are a function of the integration variable S = S¢(k), namely b(S,(k)) and h(S,(k)) in
Figure 6.2, respectively. The result of the integration is the a posteriori speech estimate g;(k)
which is transformed back into the time domain by an IDFT of (6.6) and a subsequent OLA
step, resulting in the speech estimate §(n) (cf. Figure 6.2).

6.2.3 The Prior

As mentioned in Section 6.1, within the first step of recursive MMSE estimation an a priori
estimate for the speech Sy(k) is calculated by means of the previous observations Y§ ' (k).
The a priori speech estimate is then corrected within a second estimation step employing the
current observation Y;(k). By this means, the information carried by the previous observa-
tions becomes successively part of the a priori knowledge. This is reflected by the fact that

the speech prior is a function of the previous observations Y§!(k), as can be seen in (6.4).

Since the objective of the propagation step is to estimate the current speech STFT coef-
ficient Sy(k) by incorporating the previous observations Y§ (k) only, it can be defined in
an MMSE sense as E{S¢(k)|Y§ ' (k)}. This expression is actually the statistical expectation
of the speech prior p(Sy(k)[Y§*(k)) from (6.4) and is the so-called a priori speech estimate
(or propagation step) [Esch, 2012]

B{S((k)[ Y5 (k)} = B{E((k)[Y (k)} + B{SF (k)| Y§ ™' (k)}
E{Si1, (R)|Yo ™ ()}
E{SHPHUW B (k)
=0+ AT(k)- (6.8)
E{shz(k)wé-?(k)}
E{Se (k)Y ()}
= A" (k) -S{7] (k).

Here!, we employed the speech signal model (6.1) and (6.2). Furthermore, we made use of
the fact that the prediction error Ey(k) (or innovation, e.g., [Haykin, 2002|) is zero-mean
as well as orthogonal to the previous speech STFT coefficients and, therefore, also to the
previous observations Y5 (k) (cf., c.g., [Haykin, 2002], [Papoulis and Pillai, 2002]). As can

be seen from (6.8), the a priori speech estimate is a predicted quantity calculated by the

IStrictly speaking, the expectation of the predicted speech in (6.8) should be defined
as B(S; ()Y ()} = AH (k)-[B{Se, (0)[YE (0}, BASe- 1,41 (WY (R)), ... EASe (R)YS (k)J.
However, we do not employ so-called Kalman smoothing which means that we do not recalcu-
late the (th a posteriori speech estimate E{S,(k)|Y§(k)} after the fth observation Yy(k) has been
made, i.c., we assume E{Se_r,(K)[YS'(R)}) = E{Se—r,(R)Ys " (k)}, E{Se—r, (Y (k) =
E{Se_r, 11 (k)[Y5 " (k) ete.



6.2.3 The Prior 101

same predictor as in our speech production model (cf. Figure 6.1 and Equation (6.2)) and
the last L, speech estimates as [Esch, 2012]

Si (k) = B{Su(k)[YE (k)} = A" (k) - ST}, (k) (6.9)

which is the result of the propagation step. Assuming that the a priori speech esti-
mate g}(k) = (Y5 (K)) is a sufficient statistic for Sy(k), the speech prior yields [Fodor
et al., 2015

PSUMIYT (R)) = p(S(R)IS] (K))- (6.10)

This new speech prior is the PDF of the speech STFT coefficient S¢(k) given a fixed a
priort speech estimate g} (k). The specific a priori speech estimate can be interpreted as a
deterministic point in the complex plain and the speech coefficient Sy(k) scatter around this
point according to the distribution of Ey(k) = Sy(k) — §,+(k) which is called the propagation
error. Thus, the speech prior actually describes the distribution of the propagation error
[Fodor et al., 2015]

p(Se(k)IS{ (k) = pe(Ee(k) = Su(k) = 57 (k) (6.11)
with the variance [Esch, 2012]

E{|Su(k) = 57 (k)*} = B{IS{ (k) + Ee(k) = 57 (R)P} = E{|Ec(k)P} + E{IS] (k) — SF (k)[*}
= O%Z(k) + Ugﬂtz(k) = ”%e(k)

(6.12)
which is not accessible directly in practice, therefore, it is typically estimated during pro-
cessing |Zavarehei and Vaseghi, 2005|, [Esch, 2012]. For (6.12), we employed (6.1) and
made use of the fact that the prediction error Fy(k) is orthogonal to the previous speech
STFT coefficients and, therefore, to the predicted speech S (k) and the a priori speech
estimate S (k) = (Y5 '(k)). Please note that (6.12) holds independently of the type of

the PDF of the propagation error.

It turned out that the speech prior is a PDF being a function of the speech b(S,(k))
which is the integration variable in the estimator (cf. (6.6) and Figure 6.2). Furthermore,
the expectation of the speech prior is the a priori speech estimate (6.9) being calculated by
a predictor of the order L, which employes the prediction coefficients A (k) and the last L,

a posteriori speech estimates (cf. upper signal path in Figure 6.2).

Since the prediction coefficients A (k) in (6.9) are not accessible directly in practice, they
have to be estimated. Introducing again time variability, the prediction coefficients can be
calculated by, e.g., the Levinson-Durbin algorithm [Markel and Gray, 1976] as being em-
ployed in [Esch, 2012] or the least-mean-squares (LMS) algorithm [Haykin, 2002| utilized in
[Wu and Chen, 1998|. Alternatively, the widely-used normalized least-mean-squares (NLMS)
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algorithm is also able to calculate the prediction coefficients recursively as [Haykin, 2002]

A A EZ(k) Q-1
Agir(k) = Ag(k) + - RGN S, (k) (6.13)

with E[(k) = :S’\[(k)—gj(k) as well as with g, (-)*, A, and ||-|| denoting the step size constant,
the complex conjugate, the regularization parameter, and the Euclidean norm, respectively.
So far, a recursive MMSE estimation framework has been described, in the following we will

introduce a specific recursive MMSE estimator assuming a Gaussian distribution for both

the speech prior (6.11) and the likelihood (6.5).

6.2.4 The Kalman Filter

Assuming a zero-mean bivariate Gaussian-distributed propagation error Ey(k), the speech
prior (6.11) turns out to be (cf. (2.19)) [Fodor et al., 2015]

. ] 5 L [Se(k) = 5 ()P
Se(k)|SS (k) = pe(Ee(k) = Se(k) — S/ (k) = : - £ 6.14
PSHRIE () = pR(EE) = 5i0) = SF () = s o ( ) 6

with 0% ,(k) being the propagation error variance (6.12). Furthermore, assuming Gaussian-

distributed acoustic noise D,(k), the likelihood turns out to be (2.28). In this case, the
estimator from (6.6) can be obtained in closed form (the derivation can be found in Ap-
pendix E) and the result of the integration turns out to be the Kalman filter equations

(cf. |Zavarehei and Vaseghi, 2005, Eq. (12)])

So(k) = SF (k) + Eo(k) (6.15)

with §; (k) being the a priori speech estimate from (6.9) which merely utilizes signal history
and with Eg(k) being an update which corrects the a priori estimate employing the current
observation Y;(k). Accordingly, the update is defined as [Esch and Vary, 2008a

Bu(k) = Ku(k) - My(k) (6.16)
with the Kalman gain K,(k) and with [Esch and Vary, 2008a|
My(k) = Yy(k) — 5 (k). (6.17)

The Kalman gain is calculated as (cf. (2.41)) [Esch, 2012]

Ko(k) = % (618)
with (cf. (2.42)) 2 (k)
o) = T (019
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being the a priori SNR as defined in recursive MMSE estimation. Please note that if no
AR speech process is assumed, the prediction coefficients in (6.2) are zero and the a priori
speech estimate yields also zero in (6.9). Furthermore, the propagation error variance (6.12)
results in the speech spectral variance o3 ,(k) in the numerator of (6.19). Accordingly, (6.19)
reduces then to o3 ,(k)/07, (k) being the classical a priori SNR (2.42).

The a priori SNR (;(k) can be estimated by |[Esch and Vary, 2008a]

Co(k) = (1— ) max Mfl,o +5M (6.20)
J/%,z(k) ‘71%,[4 (k)

with 3 € [0, 1] being a smoothing factor. Please note the similarity between (6.20) and the
decision-directed a priori SNR estimator (2.88). Therefore, concerning the calculation of the
update E[(k), M,(k) :Y}(k)*gz(k) can be associated with the observation (cf. (2.41) and
(6.17)), the fraction Afg(k)\"’/(;g,_,(k) with the a posteriori SNR ~y,(k) (cf. (2.88) and (6.20)),
and E/(k) with the MMSE STS estimate (cf. (2.41)).

Please note that applying Yz(k) = Se(k) + Dy(k) to (6.17), (6.16) turns out to be Eg(k) =
Ko(k) - [Se(k) + Dy(k) — S} (k)] = Ki(k) - [De(k) + Eo(k)]. Assuming that in an ideal case
the Kalman gain was able to eliminate the noise D,(k) completely, the last equation would
reduce to Ey(k) = Ey(k) = Su(k) — §f(k) and (6.15) would reduce to Sy(k) = Sy(k).

6.3 Recursive MMSE Estimation in Error Concealment

Contrary to the previous practice, this section deals with speech or audio signals which
are distorted by passing through a transmission channel. The aim of error concealment
is to conceal residual bit errors after demodulation or channel decoding. Theoretically,
residual bit errors could be concealed on sample level using hard-decoded, transmitter-sided
samples, e.g., by employing the time domain equivalent of the equations in the previous

section?

. However, in error concealment we typically have more a priori knowledge about
the (transmission) channel than in speech enhancement and reliability information on a
bit level can be exploited, typically improving the estimation performance [Fingscheidt and
Vary, 2001], [Pflug and Fingscheidt, 2013b|, [Pflug, 2013]. As we will see, this is a particular

strength of bit error concealment and is a clear advantage over the speech enhancement task.

Similar to the speech enhancement approach in the previous section, in conjunction with
an AR process for speech (or audio), signal redundancy can be exploited in error concealment,

resulting in a recursive MMSE estimation formula. More specifically, we assume the same

2Due to the properties of the DFT, the equations in the previous section are also valid in the time domain.
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Figure 6.2: STFT domain recursive MMSE estimation for speech enhancement assuming a

memoryless acoustic channel

AR process for speech as in Figure 6.1: The speech sample is modeled as a sum

s(n) = s"(n) +e(n) (6.21)

with s™(n) and e(n) being the predicted speech and the prediction error, respectively. It is
assumed that the prediction error is a zero-mean (random) signal and independent of s*(n).
The predicted speech is assumed to be the output signal of a predictor of the order N, [Pflug
and Fingscheidt, 2013b]

st(n) =al . SN, (6.22)
with a = [ay,, an,—1,--.,a1]” being the prediction coefficients and with S;fjvp = [s(n—N,),
s(n=Np+1),...,s(n—1)]". Assuming that the prediction coefficients are slowly time-varying,

they are treated as constants for the moment.

A block diagram of bit error concealment is given in Figure 6.3. As in the previous section,
the lower signal path can be associated with the likelihood computation, the upper signal
path can be related to the speech prior computation, and the center represents the recursive

MMSE estimator itself. The input is in the lower left-hand corner of Figure 6.3.

6.3.1 The Likelihood

Here, the speech (or audio) samples s(n) are quantized with M bit, mapped to natural-
binary bit combinations x(n) = [z¢(n),z1(n),...,zm(n), ..., za1(n)] (cf. ’Quantization
and Bit Mapping’ in Figure 6.3), and transmitted through the transmission channel. As-
suming a binary phase-shift keying (BPSK) modulation, the transmitted bits (BPSK sym-
bols) z,,(n) € {—1,1} are modeled to be distorted in the transmission channel by a statis-

tically independent, real-valued additive noise d,,(n). Therefore, the resulting real-valued
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Figure 6.3: Time domain recursive MMSE estimation for error concealment assuming a

memoryless transmission channel

noisy symbols y,,(n) can be observed at the output of the channel (cf. "Transmission Channel’
in Figure 6.3). Then, the demodulator calculates the log-likelihood ratio (LLR) reflecting the
likelihood of a possibly transmitted bit @,,(n) (cf. 'Demodulator’ in Figure 6.3) [Hagenauer,

1995]
P(&m(n)|zm(n) = +1)
P(2(n)|zy(n) = —1)

where #,,(n) = sign(y,,(n)) is the observation being the receiver-sided hard-decided bit. In

L(Zm(n)) =1n

(6.23)

case of BPSK modulation, however, the LLR is calculated as [Hagenauer, 1995|

L(Z(n)) =4+ Ey/Ny - ym(n) (6.24)
with Ej,/Ny being the so-called energy per bit to noise PSD ratio which is calculated by a
channel estimator (cf. ’Channel Estimator’ below 'Demodulator’ in Figure 6.3).

Using the LLR, the bit-error probability [Hagenauer, 1995|

1

BERwm(n) = T m@men

(6.25)

can be calculated which reflects the probability that the transmitted bit x,,(n) does not

match the receiver-sided hard-decoded one &,,(n) = sign(ym,(n)) due to channel distortions.

Since the transmitter-sided speech sample s(n) is quantized, it assumes a discrete value

from a finite set of elements s with ie{0,1,...,2"—1}. Moreover, each possible discrete
value s can bijectively be mapped to a bit combination x*) = [xéi), x(li), O ‘1:55,)71]

The bit likelihood reflects the probability of the observed received bit given possible

channel inputs and can be computed by means of the bit-error probability as [Fingscheidt
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and Vary, 2001]

. BE 7 if & (n) # 2l
Plan(m)a) = { Dorm () i En(n) 0 (6.26)
1—BER,,(n), else.

Assuming a memoryless transmission channel and statistical independence of the bit dis-
tortions d,,,(n) along the bit indices m, the sample likelihood is obtained by multiplying the
bit likelihoods (cf., e.g., [Fingscheidt and Vary, 2001])

M-1
Px(n)[x") = [ Plim(n)|2) (6.27)

m=0
with x(n) = [#1(n),22(n), ..., Zm(n),...,Eax1(n)]. Please note that while the likelihood

computation starts on bit level, the resulting likelihood (6.27) is a sample likelihood (cf. the
input and output of 'Likelihood Computation’ in Figure 6.3). Moreover, further processing

will be carried out on sample level, as we will see.

6.3.2 The Estimator

Due to the fact that the transmitter-sided samples are quantized and, therefore, their possible
values are from a finite set of elements s, the MMSE estimator turns out to be a sum instead
of an integral (cf. (6.6)) [Fingscheidt, 1998]

2M_1
3 s PO - PR()XY)

s = PRI (629
with the evidence
PGIEE) = Y PO - Plimlx) (6.29)

and with P(x®[xp~") and P(x®¥|x§™") being the sample likelihood (6.27) and the speech
prior, respectively. Please note that both the prior and the sample likelihood are functions
of the summation index i of the estimator, namely b(i) (cf. upper signal path in Figure 6.3)
and h(i) (cf. lower signal path in Figure 6.3), respectively. The result of (6.28) is the a
posteriori speech estimate §(n) (cf. right-hand side of the MMSE estimator in Figure 6.3).

6.3.3 The Prior

Since each possible bit combination x( can bijectively be mapped to a discrete value 5@, the

speech prior can be rewritten as P(x?[x5~") = P(s?[%j~"). Similar to the previous section,
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the a priori speech estimate is calculated by means of the previous NN, speech estimates
(cf. "Predictor’ in Figure 6.3) [Fodor et al., 2015]

$'n) =a’ 8Ty, = f(x7) (6.30)

with 8778 = [3(n—N,), 5(n=N,+1),.. ., 5(n—1)]" and with a being the prediction coefficients
from (6.22). Assuming that the a priori speech estimate is a sufficient statistic for s, the

speech prior can be rewritten as [Fodor et al., 2015]
Px[x5") = P(s]5" (n)). (6:31)

It turns out that the speech prior is driven by the a priori speech estimate (cf. the connection
between "Predictor’ and "Prior Computation’ in Figure 6.3). Please note that s( is a discrete
real-valued quantity, while $*(n) € R. Nevertheless, the speech prior (6.31) can be calculated

by integration |Fingscheidt and Vary, 1997]

P(sD[5* (n) = f pels — 5% (n)) ds (6.32)

I;

with I; being the PCM quantization intervals (i € {0, 1,...,2M—1}) and p,(s(n)—5*(n)) being
the propagation error PDF (cf. (6.11)). Please note that in real implementations, online in-
tegration is not necessary: The discretized prior (6.32) can be implemented as a table lookup
within a training process and driven by a quantized a priori speech estimate §*)(n) [Pflug
and Fingscheidt, 2013b]. The training process consists of the following steps: Assuming
a stationary propagation error é(n), the propagation error PDF ps(é(n)) in (6.32) can be
obtained by histogram measurements. Then, quantizing §(n) with M bits and integrating
the propagation error PDF over the PCM quantization intervals, the discrete probabili-
ties P(s™]5%(n)) result. Given §*(n) the new speech prior P(s®|3*(n)) is a function of the
summation index of the estimator ¢ only and can directly be fed into the estimator (cf. the
connection between "Prior Computation’ and "Estimator’ in Figure 6.3). By this means, the

speech prior can be obtained in a computationally efficient way during processing.

Since the prediction coefficients a in (6.30) are not accessible directly in practice, they
have to be estimated. Introducing again time variability, the prediction coefficients can be
calculated by, e. g., the NLMS algorithm [Haykin, 2002]

. . é(n e
an+1)=a(n) +p- m : Snf}vp (6.33)

with é(n)=5(n)—5"(n) as well as with  and A being the step size constant and the regular-
ization parameter, respectively. Alternatively, the prediction coefficients can also be obtained
by a slightly modified NLMS algorithm [Schuller et al., 2002, [Pflug and Fingscheidt, 2013b].
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6.4 Linking Speech Enhancement and

Error Concealment

In the previous sections, we have introduced an example application of recursive MMSE
estimation for both speech enhancement and error concealment. In this section, we will
show some interesting links between these two disciplines by means of these applications.
Just as in the previous sections, we will first focus on the likelihood, then on the estimator,

and finally on the speech prior.

6.4.1 The Likelihood

Starting with the likelihood, it can be seen that while in speech enhancement the acous-
tic channel is modeled by a continuous PDF (6.5), the likelihood in error concealment
is discrete (6.27). The latter is due to the fact that the transmitted-sided samples
are quantized by M bit. Thus, they assume a value from a finite set of elements s®
with i € {0,1,...,2™ — 1} which can bijectively be mapped to a bit combination x* being
the input of the channel. The receiver-sided observations x(n) are also discrete and from a

finite set of elements, therefore, the sample likelihood (6.27) is also discrete.

Comparing the lower signal paths in Figures 6.2 and 6.3, the introduced approaches for
speech enhancement and error concealment have in common that the likelihood is computed
by means of the channel output (Y;(k) or ym(n)) and the channel noise PSD (o7, ,(k) or Np).
However, there is a clear difference between the disciplines regarding the estimation of the
noise PSD: While in speech enhancement the noise power is estimated without a reference by
using the noisy speech STFT coefficients and some a priori knowledge only (cf. Section 2.7.1),
the amount of noise in error concealment is dependent on the distance between the received
symbol and all possibly transmitted symbols in the constellation diagram, the latter having
fixed positions depending on the modulation scheme. Therefore, in error concealment we
have more information about possible channel inputs which is a clear advantage over speech

enhancement.

It is also interesting to note that while in speech enhancement usually a common PDF is
employed for the likelihood (6.5) (mostly the Gaussian probability density (2.28), typically
justified by the central limit theorem [Ephraim and Malah, 1984]), in error concealment the
likelihood depends on the employed bit mapping. In order to compare the likelihoods from
both disciplines, in the following we define the noise in error concealment as the difference
between the received-sided hard-decided speech samples and the quantized transmitted ones.
For 16 bit uniform PCM quantization, natural binary bit mapping, and BPSK modulation,

the histogram of the transmission channel noise turns out to be spiky as can be seen on the
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Figure 6.4: Left: Normalized time domain histograms and waveforms of car noise; right:
Normalized time domain histograms and waveforms of transmission channel noise applied
to 16 bit speech samples with underlying natural-binary bit mapping. The SNR values were
calculated by means of a fixed speech signal level of —26 dB,, and respective noise signal
levels, both measured according to ITU-T P.56 [ITU-T P.56, 1993]|.

right-hand side of Figure 6.4 for different signal SNRs. The bottom and top spikes in the
histograms and the higher amplitudes in the waveforms can be related to bit errors at bit

positions close to the most significant bit (MSB).

Considering acoustic noise, a decrease of the noise power (an increase of the SNR) is
associated with a decrease of the noise signal levels. Furthermore, as a result the time-
domain noise histogram becomes narrower and its height increases (cf. car noise example
on the left hand-side of Figure 6.4). Considering transmission channel noise, a decrease of
the noise power (an increase of the SNR) can be associated with a decreasing number of bit
errors, resulting in lower peaks belonging to d # 0 in the histogram on the right-hand side
of Figure 6.4. However, it can be observed that the height of all high spikes (referring to
single bit errors) belonging to d # 0 are scaled approximately equally due to the decreased
noise power. Thus, while in case of acoustic noise the noise power can be linked with the
width of the noise PDF, in error concealment (more specifically, in case of uniform PCM
quantization, natural-binary bit mapping, and BPSK modulation) the noise power can be

related to the height of spikes in the noise histogram belonging to d#0.
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6.4.2 The Estimator

Maybe the most obvious difference between the estimators in speech enhancement and in
error concealment is that while the first one (6.6) is an integral, the latter one (6.28) is a

finite sum.

In case of speech enhancement, the a posteriori speech estimate (6.6) is obtained by
calculating an integral over the whole complex plane. Unfortunately, since two-dimensional
PDFs are part of its integrands, online numerical computation of (6.6) is typically hard to
manage in practice. However, employing a common distribution for the speech prior and the
likelihood potentially allows for a closed form solution. As we have seen in Section 6.2.4 for
the example of a Gaussian speech prior and a Gaussian likelihood, the well-known Kalman

filter equations (6.15)-(6.18) result as an analytical solution of (6.6).

In case of error concealment, the a posteriori speech estimator (6.28) cannot be obtained
in closed form, since the likelihood (6.27) is usually not a common PDF. However, both the
speech prior (6.32) and the likelihood (6.5) are one-dimensional PDFs and the sums in (6.28)
are real-time computable (cf. [Pflug and Fingscheidt, 2013b]).

6.4.3 The Prior

As can be seen, assuming an AR speech process, the speech prior is the PDF of the propa-

gation error in both speech enhancement and error concealment (cf. (6.11) and (6.32)).

In Section 6.2, we introduced the Kalman filter as a recursive MMSE application in
speech enhancement. In Kalman filtering, the propagation error is assumed to be Gaus-
sian distributed. In [Zavarehei and Vaseghi, 2005, this is justified by a tradeoff between
mathematical tractability of the estimator and PDF model mismatch. Based on histogram
measurements, it is shown in [Esch and Vary, 2008a| that the propagation error follows a
super-Gaussian density rather than a Gaussian density (cf. left-hand side of Figure 6.5). Ac-
cordingly, MMSE estimators with an underlying super-Gaussian speech prior are proposed
for obtaining the estimation update Eg(k) in (6.15). Furthermore, since the a prior: speech
estimate depends on the channel, the propagation error also depends on the channel. Subse-
quently, an SNR-dependency of the propagation error is observed in |Esch and Vary, 2011|
and an SNR-dependent propagation error PDF is proposed.

The non-Gaussianity of the propagation error is also observed in [Pflug and Fingscheidt,
2013b| for a recursive MMSE application to error concealment. Here, the propagation
error PDF is obtained by histogram measurements assuming no channel distortions, i.e.,
E{(s*—5%)%} =0. The resulting histogram turns also out to be rather super-Gaussian than

a Gaussian (cf. right-hand side of Figure 6.5). Furthermore, in [Pflug and Fingscheidt, 2013b|
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Figure 6.5: Left: Normalized frequency domain histogram of the propagation error (k)=
Se(k) —§Zr (k) measured in a speech enhancement system from Section 6.2; right: Normal-
ized time domain histogram of the propagation error é(n) = s(n)— 5" (n) measured in an
error concealment system from Section 6.3 assuming that E{(s* —5%)?} is zero [Pflug and
Fingscheidt, 2013b].

the dependency of §* on the propagation error PDF p.(€) is investigated and propagation

error PDFs with different shapes and variances for different §* values are proposed.

In Sections 6.2 and 6.3, we employed the NLMS algorithm to obtain the prediction co-
efficients due to its robustness and low computational complexity requirements. However,
there are other approaches to estimate these coefficients, such as the Levinson-Durbin al-
gorithm [Markel and Gray, 1976|. Please note that since the propagation error depends on
the a priori speech estimate ((6.8) or (6.30)), it also depends on the estimated prediction
coefficients. Therefore, a change of the estimation algorithm for obtaining the prediction

coeflicients requires a new training of the propagation error PDF.

6.5 Outlook

In this section, we briefly introduce possible research directions for speech enhancement in-
spired by error concealment. As we have seen in Section 6.3, a crucial advantage of error
concealment is the ability of exploiting bit reliability information. Thus, it is possible that
the speech enhancement approach from Section 6.2 can benefit from using bit likelihoods.
This means that the STFT coefficient likelihood (6.5) could be calculated by means of bit
likelihoods as in Section 6.3 instead of (2.28). As can be seen in (6.26), the bit likelihoods
can be obtained by means of the bit error probabilities (6.25). Accordingly, we experimen-
tally measured BER,,,(k, SNR) values by comparing the real parts of 16 bit quantized noisy
speech STFT coefficients Q{Re{Y;(k)}} to real parts of 16 bit quantized clean speech STFT
coefficients Q{Re{S(k)}} at bit position m, frequency bin k and SNRs of 0dB and 20dB,
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Figure 6.6: Bit error probabilities BER,, (k, SNR) measured by comparing the real parts of 16
bit quantized noisy speech STFT coefficients Q{Re{Yz(k)}} to real parts of quantized clean
speech STFT coefficients Q{Re{S;(k)}}, for different SNRs and frequencies. Q{-} denotes
the quantization operation. Natural binary bit representation with the MSB (bit position

M —1 = 15) being the sign bit is used.

respectively. The speech was distorted by car noise. It turned out that the bit likelihoods
depend on the SNR and the frequency bin index k, as can be seen in Figure 6.6 for k£ = 1 and
k = 33 (at 8kHz sampling rate and a DFT length of 256 samples), reflecting f=31.25 Hz and
f=1000 Hz, respectively. The SNR dependency is reflected by the fact that at SNR=20dB
less bits are in error than at SNR=0dB. Furthermore, at higher frequencies less bits are erro-
neous compared to lower frequencies which is typical for car noise. Therefore, bit likelihoods

seem to provide a useful, SNR-dependent channel model, individually for each frequency bin.

As a practical implementation, a speech enhancement approach as in Section 6.2 could be
modified to include bit likelihoods. The bit likelihoods could be controlled by the bit error
probabilities being trained as a function of the a priori SNR &(k) = E{|Si(k)[}/o}, (k)
individually for each frequency bin &k and bit index m. The resulting BER,,(k, & (k)) values
could be stored in a lookup table and indexed by, e.g., a decision-directed a priorz' SNR
estimate (2.88). The bit likelihood could be calculated by (6.26) with i,,(n) and 2{) being

the mth bit of the quantized real or imaginary part of an observed noisy speech STEFT
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coefficient and the mth bit of the real or imaginary part of a possible quantized speech
STFT coefficient, respectively. Then, the coefficient likelihood (cf. (6.5)) could be obtained
by (6.27) with x being the mapped bit combination of the quantized real or imaginary part
of the observed noisy speech STFT coefficient and with x® being a possible bit combination

for a clean speech STFT coefficient.

By this means, the simple Gaussian assumption for the noise STFT coefficients (2.28)
could be replaced by such a new approach which allows for an environment-specific processing
(cf. [Fingscheidt et al., 2008]). Further work towards such an approach would be to formulate

the estimator and the predictor as in Section 6.3 in the STFT domain.

6.6 Summary

In this chapter a synopsis of recursive MMSE estimation was given for the disciplines speech
enhancement and error concealment. Then, some interesting links between these research
fields were shown. It turned out that recent approaches to bit error concealment based
on an AR speech model are well comparable to iterative methods in speech enhancement,
such as the Kalman filter approach. However, the channel models are quite different: In
error concealment, powerful bit reliability information can be exploited in order to obtain
robust estimation results, while in speech enhancement the channel is modeled on an STFT
coefficient level without reliable reference. Motivated by this finding, some new research

directions for speech enhancement were identified, inspired by error concealment.

Furthermore, the synopsis of respective approaches was given in a PDF-based manner.
To the best of our knowledge, there has not been an attempt to review recursive MMSE esti-
mation in speech enhancement based on PDFs as in Chapter 2. It advantageously provides a

basis for applying enhancements of non-recursive speech enhancement to the recursive case.
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Chapter 7

Recursive MMSE Estimation

Under Speech Presence Uncertainty

With a specific focus, recursive MMSE estimation for speech enhancement was recapitulated
in the previous chapter. Different from the usual practice, the description of the recursive
MMSE speech estimator was based on PDFs with a similar notation as in Chapter 2 instead
of the typical matrix notation. The new PDF-based description allows for applying (PDF-
based) improvements of state-of-the-art non-recursive speech enhancement to the recursive
case. Accordingly, as a typical enhancement scheme in non-recursive speech enhancement,
SPU estimation will be applied to recursive MMSE speech enhancement in this chapter.
First, a general recursive MMSE estimation formula under SPU will be given which will
turn out to be a product of a common recursive MMSE speech estimator and an a posteriori
SPP estimator as in the non-recursive case. Then, a general a posterior: SPP estimation
formula will be provided taking signal history into account. Furthermore, specific a posteriori
SPP estimators will be derived based on either a Gaussian or a super-Gaussian speech PDF
assumption. The a priori SPP will also be dependent on signal history, therefore, an adaptive
tracking of the a priori SPP will be proposed inspired by an approach known from literature
employed in non-recursive speech enhancement. Finally, the performance of the a recursive

MMSE approach under SPU assuming a Gaussian speech model will be evaluated.

This chapter is organized as follows: Section 7.1 will give a short introduction to recursive
MMSE estimation under SPU. Then, Section 7.2 will describe the algorithmic approach in
detail by introducing a new general recursive MMSE estimation formula under SPU and
corresponding a priori and a posteriori SPP estimators. Furthermore, specific a posteriori
SPP estimators will be derived assuming either a Gaussian or a super-Gaussian distribution
for the propagation error. Section 7.3 will provide the instrumental evaluation of a recursive
MMSE estimation approach under SPU assuming a Gaussian propagation error. Finally,

Section 7.4 will summarize this chapter.
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7.1 Introduction

As can be seen in Chapter 2, there are a lot of improvement perspectives for classical non-
recursive MMSE speech enhancement, such as MMSE estimation in diverse estimation do-
mains, MMSE estimation with a super-Gaussian speech model, e. g., [Martin, 2002, [Lotter
and Vary, 2005], or MMSE estimation under SPU, e.g., [McAulay and Malpass, 1980],
|Ephraim and Malah, 1984]. While classical, non-recursive MMSE speech enhancement has
been a vital research field over the past decades, the number of STFT-domain recursive
MMSE speech enhancement proposals is comparatively small. Furthermore, most often the
Kalman filter is employed as recursive MMSE STS estimator which is based on a Gaussian
assumption for the a priori estimation error (i.e., for the speech prior, cf. Chapter 6) and
the acoustic noise (i.e., for the likelihood) |Zavarehei and Vaseghi, 2005]. Due to the un-
derlying AR speech model and the corresponding temporal dependencies (cf. (6.1), (6.2),
and Figure 6.1), the Kalman filter is commonly described using a state space representation
based on a matrix notation. More specifically, due to the Gaussian assumptions the Kalman
filter is typically characterized by mean and variance matrices (cf., e.g., [Kalman, 1960],
|Zavarehei and Vaseghi, 2005]). However, a description using these two matrices does not
allow for assuming a super-Gaussian speech prior or extending the Kalman filter by SPU es-
timation. The description of recursive MMSE estimation from the previous chapter employs
a PDF-based notation similar to Chapter 2 and allows for applying enhancement schemes

of non-recursive speech enhancement to the recursive case.

In [Esch and Vary, 2008a| it was argued that the update step in recursive MMSE esti-
mation can be associated with classical non-recursive MMSE estimation and, therefore, the
Kalman gain K,(k) in (6.16) can be related to the common spectral weighting rule. Accord-
ingly, the Kalman gain in (6.18) was intuitively recognized as a Wiener spectral weighting
rule (2.41) and replaced in a heuristical way by more modern spectral weighting rules with
underlying super-Gaussian speech priors. It is shown in Appendix E by means of the new
PDF-based recursive MMSE framework from Section 6.2 that this replacement is indeed op-
timal in an MMSE sense, if the employed spectral weighting rule belongs to an MMSE STS
estimator (cf. Section 2.5.1). Furthermore, the chosen MMSE STS weighting rule can di-
rectly be employed in the update step (6.16) by substituting the a priori SNR &(k) and the
a posteriori SNR ~(k) by their recursive MMSE estimation equivalents (cf. (6.19))

o2 (k)
b = 3
. Yalk) — 85 ()
Ya(k) — 8F (k)2
(k) = W (7.1)

respectively. Please note that if no AR speech process is assumed, the prediction coefficients
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in (6.2) are zero and the a priori speech estimate §f (k) yields also zero in (6.9). Accordingly,
(7.1) reduces to |Yy(k)[*/o}, ,(k) being the a posteriori SNR (k) as used in non-recursive

speech enhancement.

As a further PDF-related improvement scheme, the new recursive MMSE speech en-
hancement framework will be extended by SPU estimation in this chapter. First, a general
recursive MMSE estimation formula under SPU will be derived, followed by a general a pos-
teriort SPP formula taking signal history into account. Moreover, specific a posteriori SPP
estimators will be provided assuming either a Gaussian or a super-Gaussian model for the
propagation error. Furthermore, the a priori SPP will turn out to make use of signal history,
therefore, a tracking algorithm will be proposed. Interestingly, the resulting estimators will

turn out to be very similar to those in the non-recursive case in Chapter 2.

7.2 Algorithmic Approach

Please note that in the remainder of this chapter, we will omit the subscript of PDFs and
the frequency bin index k& due to readability. Furthermore, we will assume the same signal
and channel models as in the previous chapter (cf. Figure 6.1), therefore, due to temporal
dependencies the frame indices will still be used. Just as in Section 2.6 and in Chapters 4
and 5 we argue that the assumption of permanent speech presence made in recursive MMSE
estimation (cf. Chapter 6) is not fulfilled in practice. Therefore, we extend the general
recursive MMSE estimation formula (6.3) in terms of total probability by the hypothesis of
speech absence Hj and speech presence H; (cf. Section 2.6) resulting in the general formula

of recursive MMSE estimation under SPU
Sy = P(Ho[YY) - E{S/[Y{, Ho} + P(Hy|Y!) - E{S/|YE, Hy} (72)

with P(Ho|Y§), P(H,|Y§) = 1— P(Hy|Y§) being the a posteriori SAP, the a posteriori SPP
as well as with E{S,|Y§, Ho}, E{S¢|Y§, H,} being a recursive MMSE clean speech estimator
for speech absence and for speech presence, respectively. Please note that this is also a
generalization of the general formula of non-recursive MMSE estimation under SPU (2.65),
extended by an AR speech model (cf. (6.1), (6.2), and Figure 6.1). Under hypothesis Hy,
the speech is assumed to be absent, thus, E{S¢|Y§, Hy} = 0 results. Furthermore, the
expectation E{SZ|Y€7H1} is equal to (6.3), since it is assumed for (6.3) that speech is
always present. Therefore, only the a posteriori SPP P (H,[Y{) is unknown in (7.2) which

will be derived in the following.
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7.2.1 A Posteriori SPP Estimation

Using Bayes’ rule, the a posteriori SPP can be rewritten as

N -1y _ -1y
P (H\[YG) = P (Hi|Y:, Y5 ') = P (Hi|Y5™) P (VYD)

(7.3)

with P (H1|Yg’1) and p (Y[|Yé’1, Hl) being the a priori SPP and the likelihood of speech
presence, respectively, both based on the previous observations Yg’l. The denominator

in (7.3), namely p (Y;[Y{™"), can be obtained in terms of total probability as

p (YY) = p (Yo, Hol Y5 ) +p (Yo il Y5 )
= P(Ho|Yg ") - p (VY5 Ho)  + P(HLY ) -p (Yl Y5 Hy) o (7.4)
with p (Ye[Y§™, Ho) and P(Ho|Y§ ') = 1 — P(Hy|Y§ ") being the likelihood of speech
absence and the a priori SAP, respectively, both based on the previous observations Yé‘l.

Applying (7.4) to the a posteriori SPP formula (7.3) allows for introducing the GLR

AL = P(H,Y{) AP(Y2|Y871;H1)4 (75)
P(Ho|Yg") p (YilYg, Hy)

Please note the similarity to the GLR (2.67): The only difference to the non-recursive case
is that (7.5) takes signal history into account in the form of the previous observations Y§'.
Using the GLR (7.5), the a posteriori SPP (7.3) can alternatively be defined as (cf. (2.66))
Ad
1+ A§

P(H\[Y}) = (7:6)
Let us investigate the likelihoods p (Y;|Y§™, Hy) and p (Yy[Y§ ! Hy) in (7.5). Similar

to (2.69), the likelihood of speech presence can be calculated by marginalization as

p (Y Y Hy) = Jp(ms, YO H) p (S|YST Hy) dS (7.7)
C

with p(Y};\S,;,Yé’l,Hl) and p(Sg|Yé’1,H1) being the likelihood (6.5) and the speech
prior (6.10), respectively, both assuming permanent speech presence. As in Section 4.1,
we argue that the a posteriori SPP estimator (7.6) and thus the GLR (7.5) should be
based on the same signal PDF assumptions as the common recursive MMSE speech esti-
mator (6.3). Therefore, the speech prior (6.10) is employed here assuming that the a priori
speech estimate §[+ is a sufficient statistic for the speech Sy (cf. Section 6.2.3). Accordingly,
the speech prior turns out to be p(S,[YE, Hy) = p(Sg|§[,H1). Furthermore, the likeli-
hood (6.5) from Section 6.2.1 is utilized here assuming a memoryless acoustic channel, i.e.,
P(YK|S£7Y5717H1) =p (Yy|Se, Hy).
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For the likelihood of speech absence in the denominator of (7.5) we can write

P (}Q\Yé_17Ho)

f p (YilS, Y5, Ho) - p (SIYE, Ho) dS
C

p (YelS. Ho) - p(S|Sf, Ho) dS

(7.8)

C
~f (YilS. Ho) - 3(5 — §F) ds
C

p(Y[‘S/ 7H0)

Here, we assumed a memoryless acoustic channel, i.e., p(Yy|S, Y54, Ho) = p(YelS, Ho),
and that the a priori speech estimate g[ is a sufficient statistic for the speech Sy, i.e.,
p(S |H0,Y€’1) =p(S |§Z+ ,Hy). Furthermore, since speech absence is assumed the speech
prior p(S|S;, Hy) is a dirac delta function §(-) at S;, i.e., p(S|S;, Hy) = 6(S—S;). The
rationale behind this assumption is that even if speech is absent Hj, the a priori speech
estimate §Z may be non-zero, e.g., because of erroneous previous a posteriori speech es-
timates Sﬁ 1, or erroneous prediction coefficients A (cf. (6.8)). Then, making use of the
sampling property of the dirac delta function, the likelihood of speech presence turns out to
be the PDF of the noise STFT coefficients shifted by the a priori speech estimate (cf. (6.5))

p (YI[Y§™, Ho) = p(YilS], Ho) = po(Ye = 57) (7.9)
with pp(-) being the noise PDF, e. g., (2.27).

Using the likelihoods (7.8) and (7.7) the GLR (7.5) turns out to be

p(YilS, Hy) - p(S|SF, Hy)d
P(HL YL é”( 7S, Hy) - p(S|Sf, Hi)dS

P(Ho[Y§™) p(YelS;, Ho)

AS = (7.10)

Assuming a specific speech prior p(S\gz', H;) and a likelihood p(Y7|S, Hy) for (7.10), a specific
GLR can be calculated. Accordingly, employing Rayleigh-distributed propagation error am-
plitudes and a statistically independent and uniformly distributed propagation error phase
leading to a bivariate Gaussian-distributed speech prior (6.14) and utilizing a Gaussian like-
lihood (2.28), the GLR (7.10) turns out to be (the derivation can be found in Appendix F)

o _PULYEY p(MIYe L H) |y P(HSYE!) 1 Cxp< ek ) (7.11)
e = P(HYSY) p (Y,[Y5 T, Hy) |R P(Hy|YS™) 1+ 1+ G '

with index R denoting the Rayleigh assumption for the propagation error amplitudes and
with ¢, and ¢, being the a priori and a posteriori SNR, respectively, as defined in recursive

MMSE speech enhancement. Please note the similarity between (7.11) and (2.71): The
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resulting GLR (7.11) taking signal history into account has the same form as the GLR in

the non-recursive case (2.71).

Further GLRs assuming super-Gaussian speech priors instead of a Gaussian as for (7.11)

as well as a Gaussian likelihood are derived in Appendix F.

7.2.2 A Priort SPP Estimation

Due to the underlying AR speech model (cf. Figure 6.1), the a priori SPP P(H1|Yg’1)
and the a priori SAP P(Ho|Y{™") in (7.11) take signal history into account in the form
of the previous observations Y§'. Please note the difference to the non-recursive case
in Section 2.6.1, where the a priori SPP is typically a constant (although there are also
proposals to track this quantity adaptively). However, in the case of an underlying AR
speech model and the corresponding temporal dependencies, the a priori SPP turns out
to take signal history into account. In order to estimate the a priori SPP recursively, we
assume that the a priori speech estimate 3’; is a sufficient statistic for the hypothesis of
speech presence H; and speech absence Hy. Accordingly, the a priori SPP and the a priori
SAP can be rewritten as

P (H\|YEY) = P(H,|S]) (7.12)

and
P(Ho[YEY) = P(HolSf) =1 — P(H,|S}), (7.13)

respectively. Here, we make use of the fact that the a prior: speech estimate g (k) is able to
reliably signalize whether speech is present or absent in the current time-frequency unit (¢, k)
using signal history. This allows for an efficient adaptation of the a priori SPP (and SAP),

as we will see in the following.

An a priori SAP tracking is proposed, e. g., in [Malah et al., 1999], however, in the context
of non-recursive MMSE speech enhancement. Applying the idea to recursive MMSE speech
enhancement, the a priori SPP (7.12) can be tracked by (cf. [Malah et al., 1999, Eq. (13)])

P(H1|§Z(k)) = Bspp P(Hﬂgf,l(k)) + (1= Bspp) - Le(k) (7.14)

with Sgpp € [0,1] being a smoothing factor and with I,(k) € {0,1} being the result of a
decision rule. The idea here is to adaptively increase (decrease) the a priori SPP if speech

is present (absent) using the decision (k).

Assuming that the hypotheses Hy and H; are statistically independent of the spectral
phase of the a priori speech estimate §,+(k) it would be meaningful to base the decision I,(k)
on the spectral amplitudes of the a priori speech estimate \gj (k)|: Using a small fixed

threshold, hypothesis H; could be detected if the spectral amplitude of the a priori speech
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estimate is larger than this threshold. Otherwise, hypothesis Hy would be chosen. However,
this approach would strongly be dependent on the actual signal level of §£+ (k). Therefore,

we argue that a normalized quantity should be utilized for the decision I;(k).

In [Malah et al., 1999] the a posteriori SNR ~,(k) is employed for the decision process,
arguing that attempts to base the decision process on the a priori SNR, was not fruitful. Ap-
plying the idea to recursive MMSE estimation, we propose to carry out the decision I,(k) by
means of the a posteriori SNR ¢,(k) instead of merely the a priori speech estimate §;(k) An
advantage of ¢(k) = |Yo(k) — §Z(k)\2/a%[(k) over §}(k) regarding a priori SPP estimation
is that (k) is a normalized quantity being independent of actual signal levels. Furthermore,
it is still a function of the a priori speech estimate §[ (k), i.e., (k) implicitly contains the

a priort knowledge carried by g[ (k) which we aim at exploiting for the decision

1, if (k) > Dy(k),
k) - So(k) > (k) (7.15)
0, else

with the decision threshold ®,(k).

The decision threshold ®,(k) can be optimized by means of a likelihood ratio test us-
ing ¢ (k) [Kay, 1998]: Starting with the a posteriori SPP P(H;|s(k)) and the a posteriori
SAP P(Hy|se(k)), the decision rule for a 2-class problem is as follows

Hy
P(Hils(k) 2 P(Hls(b) (7.10
0
or, alternatively, after applying Bayes’ rule and neglecting p(s,(k)) which does not affect the

decision rule

p(se(k)[Hy) - P(Hy) 2 p(se(k)|Ho) - P(Ho) (7.17)

Hy
with p(s(k)|Hy) and p(s(k)|Ho) being the likelihood of speech presence and absence, re-
spectively. According to (7.17), hypothesis H; is chosen if the weighted likelihood of
speech presence p(s(k)|Hy) - P(H;) is larger than the weighted likelihood of speech ab-
sence p(se(k)|Hy) - P(Hp). Meanwhile, hypothesis Hy is preferred if this relation is inverted.
Rearranging this decision rule by introducing the likelihood ratio p(s(k)|H1)/p(se(k)|Ho),

the likelihood ratio test turns out to be

(7.18)

The derivation of the likelihoods p(s(k)|Hy) and p(s(k)|Hy) is given in Appendix G. Em-
ploying their ratio (G.10) for the likelihood ratio test (7.18) results in

(k) - Ce(k)\ 4 P(Hy)
1+ G(k) 'eXp( 1+ (k) ) 2 P(Hy) (7.19)
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The decision threshold is at a posteriori SNRs at which both sides of (7.19) are equal, i.e.,

_ LGk ) (PUH)
}7 Celk) l(p(Hl)(1+Cl(k)))~ (7.20)

Oy(k) = argmin [Hy) ~ P

{‘p(%(k)\Hl) P(Ho)
se(k) (| P(Se

It was shown in [Gerkmann et al., 2008] and [Gerkmann, 2010] (cf. Section 2.6.2) that an
adaptive decision threshold being a function of the a priori SNR (,(k) is rather disadvan-
tageous. Assuming P(H;) = P(H,) = 0.5, the right side of (7.19) becomes one and the
left side yields also one, if speech is absent, i.e., (k) = 0. Thus, in speech absence Hy
no clear decision between H, and H; is possible. This can be observed in Figure 7.1: The
adapted threshold ®,(k) follows the a posteriori SNR ¢/(k) while speech is absent (the
employed recordings consist of two utterances, the first one between frame indices 20 and
170, the second one between frame indices 280 and 430). As a consequence, the a priori
SPP P(Hl\gzr (k)) is not decreased during speech absence, resulting in values larger than
0.5, although speech is not present. Furthermore, the a posteriori SPP estimator outputs
the a priori SPP estimate in speech absence (just as in the case of non-recursive MMSE

estimation, cf. Section 2.6.2 and Chapter 5), instead of values close to zero.

To overcome this issue, in [Gerkmann and Hendriks, 2012] a fixed a priori SNR is proposed
for the decision threshold (7.20) in the context of non-recursive MMSE estimation. As a
consequence, the likelihood ratio in (7.19) successfully yields values larger than one during
speech presence and values smaller than one in speech absence, resulting in more robust
detection results. The fixed a priori SNR is optimized in |[Gerkmann and Hendriks, 2012]
w. 1. t. misdetections (cf. Chapter 5) and the optimal fixed a priori SNR yields 15 dB. Please
note that the optimization process in [Gerkmann and Hendriks, 2012| is based on Gaussian
assumptions leading to the same likelihood ratio as in (7.19), however, with a priori and a
posteriori SNRs as defined in non-recursive MMSE estimation. Therefore, a fixed a priori
SNR optimization using the likelihood ratio in (7.19) leads to the same optimal fixed a priori
SNR (sx = 15dB. Applying this fixed a priori SNR to (7.20) results in a fixed decision
threshold &g, = 5.5dB.

We repeated the simulations whose results are depicted in Figure 7.1 with the fixed
threshold ®gy for decision I,(k). The result is shown in Figure 7.2. As can be seen in the
third figure from the top, the initial value of the a priori SPP P(Hl\g,_,*(k)) was set to 0.5.
Then, starting from this value the a priori SPP steadily decreases during the speech absence
prior to the first sentence. During the first utterance, P(H1|§; (k)) increases and achieves
values larger than 0.5. After the first utterance, the a priori SPP decreases again and yields
values below 0.5. After a certain period of time, even close to zero values are possible. The
same behavior can be observed for the second utterance. As can be seen, the proposed

algorithm is able to adaptively track the a priori SPP.
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7.3 Performance Evaluation

In this section we will evaluate the performance of recursive MMSE estimation under SPU.
Moreover, in order to see the effect of SPU estimation we will also evaluate the recursive
MMSE estimation approach without SPU from Section 6.2. The reference approach is,
therefore, the Kalman filter (6.15)-(6.20) employing an a priori estimation step consisting of
the prediction step (6.9) and the prediction coefficients update (6.13). We will denote this
reference approach in the following as rec-R-ST'S standing for a recursive estimation approach
working in the MMSE STS estimation domain and based on a Rayleigh distribution assumed
for the propagation error amplitudes (Gaussian speech prior). The proposed approach under
SPU, denoted by rec-R-STS-SPU in the following, is of the form (7.2) and consists of a
common speech estimator being the reference approach rec-R-STS and an a posteriori SPP
estimator (7.6) with the GLR (7.11) and the adaptive a priori SPP tracking (7.14). For the
decision I,(k) in (7.15) a fixed threshold ®g, = 5.5dB is used for all frequencies.

Both evaluated approaches are based on the Kalman filter (6.15)-(6.20) employing a priori
speech estimation (6.9) consisting of a prediction step and a prediction coeflicients update.
Parameter L, of the prediction step (6.9) and the parameters p and A of the prediction
coefficients update (6.13) were trained as follows: The step size was set to g =1 being an
ideal parameter value if there is no interference, i.e., the input of the NLMS algorithm (here:
prediction error E@(k) = §;(k) —3’] (k)) is not distorted [Hénsler and Schmidt, 2005]. The
prediction order L, and the regularization parameter A were optimized by means of the
prediction gain (cf. [Vary and Martin, 2006], [Esch, 2012])

Np—1Ng—1
|Se(k)[?

(=0 k=0
Gy = s (7.21)

|Se(k) = 57 (k)2
=0 k=0

with Ny and Ng being the total number of frames and frequency bins, respectively. Within
an STFT-domain Kalman filter structure (cf. (6.15)-(6.20)), speech signals distorted by
car noise with an input SNR of 20dB were processed and the prediction gain (7.21) was
measured. These simulations were repeated for a large number of different parameter values
L, and A. The parameter set producing the largest prediction gain was considered as
optimal and yielded the values L, =1 and A = 10'" (please note that A is a signal-level-
dependent quantity: The parameter training was carried out by 16 bit PCM signals). The
small prediction order L, =1 may result from the fact that the employed frame overlap was
50 % at a frame length of 256 samples and a sampling frequency of 8 kHz (cf. Section 3.1.2)

which may be close to the span of correlation for speech signals.

In order to assess both the reference and the proposed approach by instrumental measures

and to compare the respective performance to each other, we utilized a white-box test (cf.
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Figure 7.1: Example curves for a posteriori SPP estimation using adaptive a priori SPP
estimation (7.14) with an adaptive decision threshold (7.20) for (7.15) (SNR=20dB, k=32
(f=1000 Hz))
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Figure 7.2: Example curves for a posteriori SPP estimation using adaptive a priori SPP
estimation (7.14) with Sspp = 0.95 and a fixed decision threshold ®4, = 5.5dB for (7.15)
(SNR=20dB, k=32 (f=1000 Hz))
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Section 3.1.3). Please note, that both the recursive MMSE estimation formula (7.2) and the
Kalman filter equations (6.15)-(6.20) including the a priori speech estimation step (6.9) are
linear, i.e., they represent S = f(Y) with f() being a linear function, therefore, a signal-
component-wise evaluation is possible. Accordingly, we applied the recursive MMSE estima-
tion formula under SPU (7.2) to the speech component S;(k) and the noise component Dy(k),
resulting in the processed speech component Sp(k) = P(H,|Y5)-(S; (kKo (k)-[Se(k)-S; (k)])
and the processed noise component Dy(k) = P(Hy|Y§) - (D} (k) + Ko(k) - [De(k) — Dt (K)]),
respectively (in case of the reference approach rec-R-STS, P(H;[Y§) = 1 holds). The speech
and noise components of the a priori speech estimate 5'; (k) and DZ(k) were calculated by
applying the prediction coefficients from (6.9) to the L, last processed speech and noise com-
ponents, respectively. The instrumental measures from Section 3.2 were calculated by means

of the the processed speech component S’;(k) and the processed noise component Dg(k’).

The noise PSD estimate ‘;f\), (k) was calculated by the MS approach (cf. Section 2.7.1). The
smoothing parameter in (6.20) was §=0.99 [Esch, 2012|, the a priori SPP was initialized
with P(H1|§Z) = 0.5, and the parameter to smooth the a priori SPP in (7.14) was set
to Bspp =0.95 [Malah et al., 1999].

The performance evaluation results are depicted in Figure 7.3. Just as in the previous
figures, the resulting NAg,, SSDRgeg, and LKR values are shown in the upper, middle, and
lower figures, respectively. Furthermore, car noise, factory noise, and babble noise results

can be found in the left, middle, and right column of figures, respectively.

Analog to the case of non-recursive MMSE speech enhancement (cf. Figures 4.4, 4.5, 4.6,
and 5.3) the proposed approach with SPU achieves a larger amount of noise reduction at
all input SNR levels and for all employed noise types, reflected by larger NAy,, values in
the upper figures in Figure 7.3. Furthermore, the approach rec-R-STS-SPU shows a slightly
lower speech component quality as the rec-R-STS approach without SPU, reflected by slightly
smaller SSDRy., values in the middle figures. Finally, the proposed approach with SPU rec-
R-STS-SPU yields a slightly larger amount of musical noise than rec-R-STS, reflected by
slightly larger LKR values as shown in the lower plots. These are very similar results to
those of the non-recursive MMSE approaches in Chapters 4 and 5: Utilizing SPU estimation
allows for achieving significantly smaller residual noise levels at the cost of slight speech
component quality degradation and slightly increased musical noise levels. Please note that
the difference between the NAy, values achieved by non-SPU and SPU approaches shown
in the upper plots are not as large as in the case of non-recursive MMSE estimation (cf.
Figures 4.4, 4.5, 4.6, and 5.3).
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Figure 7.3: Performance evaluation results of a recursive MMSE ST'S estimator without SPU
(rec-R-STS) and a recursive MMSE STS estimator with SPU (rec-R-STS-SPU) both based
on a Rayleigh distribution assumed for the propagation error amplitudes (Gaussian prior)
in terms of segmental noise attenuation (NAg,, the larger the better), segmental speech-
to-speech distortion ratio (SSDRse, the larger the better), and weighted log-kurtosis ratio
(LKR, the smaller the better)
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7.4 Summary

In this chapter recursive MMSE estimation under SPU was introduced, to the best of our
knowledge, for the first time. It was shown that, just as in the non-recursive case, the
recursive MMSE estimator under SPU is a product of a common recursive MMSE estimator
for speech, e.g., the Kalman filter, and an a posteriori SPP estimator. Furthermore, a
general formula for a posteriori SPP estimation was derived which, similar to the common
recursive MMSE estimator for speech, turned out to be a function of the current and the
previous observations. Different from non-recursive MMSE estimation, the a priori SPP
(and SAP) being a function of the a posteriori SPP turned out to be dependent on signal
history, therefore, an adaptive algorithm to track the a priori SPP was proposed. This
algorithm was inspired by an approach known from literature employed in non-recursive

speech enhancement.

By assuming either a Gaussian or a super-Gaussian distribution for the propagation error,
specific a posteriori SPP estimators were derived. Interestingly, the resulting estimators have
a very similar form as their non-recursive equivalents from Chapter 2. Then, the a posteriori
SPP estimator with a Gaussian propagation error assumption was evaluated in conjunction
with a Kalman filter as common recursive MMSE estimator. It was shown by performance
evaluation that SPU estimation can successfully enhance recursive MMSE estimation by
achieving a significantly larger amount of noise attenuation. At the same time, slight speech
component quality degradation and slightly larger amount of musical noise have to be faced.
It can be concluded that SPU estimation in recursive MMSE speech enhancement provides

a similar contribution as SPU estimation in classical non-recursive MMSE estimation.



Chapter 8
Conclusions

This thesis deals with MMSE speech enhancement schemes. More specifically, there is a
strong focus on statistical modeling of speech STFT coefficients and resulting estimators.
Extending a generalized speech spectral amplitude PDF from the literature to complex
arguments, a new bivarite generalized gamma speech prior was proposed. Based on the new
speech prior, which covers typically employed Gaussian and super-Gaussian speech models, a
synopsis of MMSE speech enhancement approaches was given. This also took the estimation

domains, such as STS, STSA, and LSA estimation domain, into account.

As an improvement of MMSE speech enhancement we considered SPU estimation. Based
on the new bivariate generalized gamma speech model, we derived a new generalized a
posteriort SPP estimator. Furthermore, as a special case of the generalized estimator, a
new super-Gaussian a posteriori SPP estimator was proposed. Moreover, we argued that
according to estimation theory, the same PDF assumptions have to be applied to both the
common MMSE estimator and the a posteriori SPP estimator. Therefore, based on the new
bivariate generalized speech prior, a synopsis of PDF-consistent MMSE speech enhancement
approaches under SPU was given in analogy to the synopsis of common MMSE estimation
approaches in different estimation domains. These approaches were evaluated and it turned
out that the new super-Gaussian a posteriori SPP estimator in conjunction with a PDF-
consistent common MMSE estimator outperforms the reference approaches w.r.t. residual
noise levels in almost all estimation domains and noise conditions at the cost of a decreased

amount of musical noise.

As an improvement to SPU approaches, we also took a look at a posteriori SPP estimation
with averaging and fixed prior parameters. More precisely, we replaced the Gaussian speech
model of the reference approach from literature by a super-Gaussian assumption for speech.
Accordingly, the enhanced a posteriori SPP estimator makes use of the advantages of a super-

Gaussian speech prior, averaged observations, and fixed prior parameters. The proposed
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approach was shown to perform better than the reference and, as a further advantage, it

achieves low musical noise levels comparable with non-SPU approaches.

Amongst non-recursive MMSE approaches, this thesis also deals with recursive MMSE
estimation. Particularly, we investigated some links between speech enhancement and er-
ror concealment based on recursive MMSE estimation. Since both disciplines deal with
noisy (speech) signals, there are many interesting commonalities between those disciplines.
Analyzing the differences, however, a general strength of error concealment over speech en-
hancement could be identified. Based on this finding, possible research perspectives were
sketched for speech enhancement inspired by error concealment. Furthermore, a synopsis
of recursive MMSE estimation was given in both disciplines based on consistent PDF-based

notation similar to the description of non-recursive approaches.

To the best of our knowledge, this PDF-based description of recursive MMSE estimation
for speech enhancement (leading to the classical Kalman filter equations as special case) is
new and provides a basis for applying PDF-based enhancement techniques from non-recursive
speech enhancement to the recursive case. Accordingly, as a PDF-related improvement,
we extended recursive MMSE estimation taking SPU into account. We defined a general
recursive MMSE estimation formula under SPU which turned out to be a product of a
recursive MMSE estimator for speech and an a posteriori SPP estimator. Just as in the
non-recursive case, the a posteriori SPP is a function of a priori SPP which, different from
the non-recursive case, is dependent on signal history. Therefore, we proposed an a priori
SPP tracking algorithm inspired by an approach known from literature employed in non-
recursive speech enhancement. Furthermore, we derived specific common recursive MMSE
speech estimators and specific a posteriori SPP estimators based on either Gaussian or
super-Gaussian speech models. The results of a performance evaluation showed that SPU
estimation in the context of recursive MMSE estimation has similar effects on the signal

components as in the non-recursive case in Chapters 4 and 5.

We also proposed a new reference-free SNR measurement approach which aims at estimat-
ing the SNR of a speech signal distorted by car noise as close as possible to the ITU-T P.56
reference. The proposed approach provides small estimation errors and the measurement
results show a high correlation with the P.56 reference. Furthermore, it provides relaxed
computational complexity and can be applied to narrowband or wideband signals. Within
ITU-T Study Group 12, the Focus Group on Car Communication (FG CarCOM) has decided
to adopt the new reference-free SNR measurement approach within the draft of an ITU-T

recommendation.



Appendix A

Bivariate and Polar Description

of the Speech Prior

This appendix aims at showing that ps(S) = & - pa (4, @) = & - pa(A) - po(@) holds if

e the bivariate PDF of speech STFT coefficients pg(S) is rotationally symmetric,

e the PDFs of the speech spectral amplitude pa(A) and phase p,(«) are statistically

independent, and

e the speech spectral phase « is uniformly distributed on [0, 27).

The (cumulative) distribution function of the speech amplitude A = [S| can be calculated
by integrating the joint PDF pg(S = Aei®) over a circle with the radius A [Papoulis and
Pillai, 2002]. Furthermore, the PDF of the speech amplitude can be calculated by the first
derivative of this (cumulative) distribution function w.r.t. A. Therefore, ps(A) can be
written by employing polar integration with S = Ae’® and dS = Ada dA as

A2r

¢ prs(ﬁej“)ﬁdadﬁ. (A1)

pa(A) = A

D

w
Using that a%/) § g(z)dz = g(¢), (A.1) reduces to
0

pa(A) = A f ps(Ac®) dor (A2)

Considering the property of rotational symmetry of the speech prior ps(S), i.e., ps(Aei®) #
27
f(a) and § pg(Ae’®)da = 27 - ps(Ae?®), (A.2) can be rewritten as
0
pa(A) = A- 21 - ps(Ae’). (A3)
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Extending both sides of the equation (A.3) by p,(a) = 2= results in

PA(A) - pue) = A 25 ps(A) - I = A-ps(S). (A4)

Hence, under the assumptions listed above, the PDF of speech STFT coefficients pg(.S) can
be expressed using the speech spectral amplitude PDF p4(A)and the speech spectral phase
PDF p,(a) as

ps(S = Ael*) = % “PA(4) - pal@). (A.5)



Appendix B

Approaches to
PDF Parameter Identification

This appendix briefly summarizes approaches to identify speech spectral amplitude PDF
parameters (cf. Table 2.1). A typical approach is to measure a histrogram of a large amount
of speech data and, subsequently, perform curve fitting using the measured histogram and
the PDF whose parameters have to be identified. Since speech STFT coefficients Sy(k) are
naturally non-stationary and not ergodic, their statistical moments, such as the variance
of Si(k), are time-varying. However, an accurate histogram measurement requires a large
amount of stationary data. Therefore, the crucial part of PDF parameter identification is
the measurement of a speech spectral (amplitude) histogram. Relevant literature on speech
spectral histogram measurement can be found, e. g., in [Martin, 2002], [Lotter, 2004], [Martin,
2005], [Lotter and Vary, 2005], and [Gerkmann and Martin, 2010]|. Once a speech spectral
histogram has been measured, the PDF parameters can be identified. In [Lotter, 2004] and
[Lotter and Vary, 2005|, the PDF parameters are obtained by minimizing the Kullback-
Leibler divergence |Kullback, 1959] between the measured (and normalized) histogram and
the analytical PDF.

In [Martin, 2002] and [Martin, 2005] a histogram of the real part of speech STFT coeffi-
cients Re{S;(k)} is measured, while in [Lotter and Vary, 2005] and [Lotter, 2004] a histogram
of speech spectral amplitudes Ay(k) = [S,(k)

is determined. In [Gerkmann and Martin,
2010] both quantities are investigated. In this appendix, we will introduce the measurement
steps for the spectral amplitudes only. The measurement consists of basically the same steps
for the real part of speech STFT coefficients as for speech spectral amplitudes, therefore, a

histogram for the former can be obtained in a similar way.
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Speech Histogram Measurement Based on Selected Data

In [Lotter, 2004] and [Lotter and Vary, 2005] a histogram of the absolute value of speech
STFT coefficients is measured as follows: Taking speech data from a database, wideband
noise d(n) such as white noise is superimposed artificially to the speech signal s(n) in such
a way that the resulting noisy speech signal y(n) = s(n) + d(n) has a high SNR, e.g.,
40dB. Then, the noisy speech y(n) and the clean speech s(n) are transformed into the
STFT domain using the same synthesis parameters (frame length, frame shift, analysis
window) as for common processing, resulting in the noisy speech STFT coefficients Y;(k)
and the clean speech STFT coefficients S¢(k), respectively. Then, the noisy speech Y;(k)
is processed as in a usual speech enhancement system: The noise PSD ;}E),l(k) is tracked
by a noise PSD estimator and then the a priori SNR is calculated, e.g., by the decision-
directed estimator (2.88) with the same smoothing parameter as for later processing. If the
resulting a priori SNR & (k) is within a predefined range, e.g., 19-21 dB, the absolute value
of the corresponding clean speech STET coefficient Sy(k) becomes part of the histogram data
pool. This selecting procedure ensures that the pool contains quasi-stationary data. After
normalizing the variance of the pool data to one, a histogram can be measured. Please
note that this approach can also be carried out in a frequency-discriminant way: In |[Lotter,
2004] only speech STFT coefficients Sy(k) with frequency bins k belonging to frequencies
within 500...2000 Hz were considered for histogram measurement, in order to collect data

with essential speech information.

For the histogram measurement of speech spectral amplitudes, we first define M intervals

[ 0, A(m)+%) for m=1,
Z(m) = 4 [A(m)— 5, A(m)+%2) for m={2,3,...,M—1}, (B.1)
[A(m) -4, w) for m=M

with m e {1,2,..., M}, A(m) = 0, and A being the histogram bin index, the center of the
mth histogram bin being a specific spectral amplitude value, and the width of intermediate
intervals (i. e., intervals with index m € {2,3,..., M — 1}), respectively. A meaningful choice
for the first histogram bin center is A(1) = A/2 allowing for interval width A also for the first
interval Z(1). For the remaining centers holds A(m) = A(m — 1) + A with m=2,3,..., M.

During histogram measurement, each data pool entry is analyzed and a counter h(m)
for the mth histogram bin is incremented by one, if the absolute value of the currently
measured speech STFT coefficient is within interval Z(m). After histogram measurement,
h(m) represents the total number of speech spectral amplitudes from the data pool which are
within Z(m). In order to obtain the relative frequency of speech spectral amplitudes, h(m)
has to be divided by the total number of pool data 3" h(m). Then, h(m)/ M, h(m)
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describes the empirical probability that an arbitrary speech spectral amplitude from the data
pool is within the interval Z(m). However, instead of empirical probabilities we are interested
in the probability density of speech spectral amplitudes at arguments A(m). Therefore,
the empirical probabilities h(m)/ fo=1 h(m) should be divided by the interval width A
Accordingly, using the histogram counts h(m), the empirical speech spectral amplitude PDF

for argument A(m) can be calculated as

p(A(m)) = —2m) (B.2)

A- % h(m)

m=1

Please note that (B.2) is an inaccurate estimator of the true speech spectral amplitude PDF
for argument A(M), because the corresponding interval Z(M) has an infinite length instead
of A. Therefore, py(A(M)) should not be employed for PDF parameter identification.

Speech Histogram Measurement Based on All Data

It is argued in [Gerkmann and Martin, 2010] that the speech spectral histograms should be
measured incorporating all speech STFT coefficients belonging to speech presence, instead
of just selected ones in the aforementioned approach. Furthermore, it is proposed to collect
variance-normalized contributions [S¢(k)|/oge(k) in order to obtain quasi-stationary data.
Accordingly, the histogram pool data can be acquired as follows: First, speech data (no
noise data is required) is transformed into the STFT domain with the same signal anal-
ysis parameters as for later processing. The resulting speech STFT coefficients S;(k) are
employed then for speech PSD estimation employing a modified decision-directed estimator

assuming no acoustic noise [Gerkmann and Martin, 2010]
050(k) = Bo - [Se-1 (k)| + (1= Bop) - [Se(k)[* (B:3)

with fpp being the same smoothing parameter as employed for a priori SNR estimation
in (2.88). Then, the absolute value of each speech STFT coefficient Sy(k) is normalized by the
square root of (B.3) and |S;(k)|/0s¢(k) becomes part of the histogram data pool if speech is
present in the corresponding time-frequency unit (¢, k). Speech presence is detected for (¢, k),
if | Se(k)| is larger than or equal to a constant threshold®. Due to variance normalization, the

resulting pool data exhibits unity variance and its histogram can be measured as described

'Here, we assume that A is small enough so that the true (but unknown) PDF of speech spectral ampli-

tudes can be linearized with a good accuracy within the narrow interval Z(m).
2In [Gerkmann and Martin, 2010] a file-based threshold is employed: First, a whole speech database file

is processed and all corresponding speech spectral amplitudes |Sy(k)| are calculated. Then, the threshold is
defined as a value 65dB below the largest speech spectral amplitude belonging to this particular database
file.
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in the previous section. The corresponding empirical probability density py can then be
obtained by (B.2).

PDF Parameter Identification

Once the empirical speech spectral amplitude PDF py(A(m)) has been measured, the pa-
rameters of an analytical speech spectral amplitude PDF p4(A) can be identified. In [Lotter,
2004] and [Lotter and Vary, 2005] it is proposed to optimize the parameters of the analytical
PDF p4 by means of the Kullback-Leibler divergence. Focusing on speech spectral ampli-
tude modeling and assuming a distribution with 7 = 1 or n = 2 (cf. Table 2.1), a difference
between the empirical speech spectral amplitude PDF py and the analytical PDF py = f(v)
(e.g., (2.22) or (2.23)) can be measured by means of the symmetric Kullback-Leibler diver-
gence [Kullback, 1959]

(B.4)

Jia(v) = Mg [pH(A(m)) — pa(A(m), u)] In (M) .

pa(A(m),v)

Please note that the analytical PDF has to be sampled at the center of the histogram
bins A(m) when employed for (B.4), i.e., values pa(A(m)) has to be calculated for PDF
parameter identification. Furthermore, the marginal histogram bin m = M should not be

employed for parameter identification due to side effects.

Then, the optimal shape parameter vy is obtained by minimizing (B.4) as
Vopt = argmin Jyy 4(v). (B.5)

The corresponding function pa(A, vepy) can be considered as an optimal speech spectral

amplitude PDF estimate (of the pool data) in terms of the Kullback-Leibler divergence.



Appendix C

Bivariate and Polar Description
of the Likelihood

This appendix aims at showing that py|s(Y'[S) = pyjaa(Y|A, a). Please note that for ease
of readability the subscript of the PDFs will be omitted in this appendix.

Applying Bayes rule, the likelihood (2.28) can be rewritten as

pY18) = pisly) - . ()

It can be shown that the posterior p(S|Y) is rotationally symmetric if p(S) and p(Y]S)
(and accordingly p(Y'), too) are rotationally symmetric. This is fulfilled if a Gaussian like-
lihood (2.28) and a speech prior with a uniformly distributed phase and statistically inde-
pendent speech spectral amplitude and phase, e.g., (2.26) are assumed (cf. Section 2.3.1).
Thus, (2.18) can be applied to the posterior leading to

p(S = AcIY) = T p(AalY). (C2)

Inserting the resulting posterior into (C.1) and using (2.18) yields

)
p(S)

— < p(Aaly).

p(Y']S) = p(S[Y)

p(Y)
i (A Q) (C.3)
p(Y)

:p(A‘ (M‘Y) ) p(A a)

=p(Y|4,a).
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Appendix D

Derivation of the PDF

of Averaged a Posteriort SNRs
Assuming Chi-Distributed
Speech Spectral Amplitudes

In this appendix we will derive the PDF of averaged a posteriori SNR values 7 assuming chi-
distributed speech spectral amplitudes. We will start with the PDF of the noisy speech STFT
coefficients Y, then we will derive the PDF of the noisy speech amplitudes Y|, the squared
amplitudes |Y|?, followed by the derivation of the PDF of the a posteriori SNR v = |Y|?/c?,,
and the PDF of averaged a posteriori SNRs 4. Please note that we will omit the window

index O in this appendix for ease of readability.

We assume that the speech spectral amplitudes are chi-distributed (2.22), the statisti-
cally independent speech spectral phase is uniformly distributed (super-Gaussian speech
prior (2.26) with the parameters n = 2, 8 = 1, /o%, and v = v, ), and the noise STFT
coefficients D are Gaussian distributed (2.28). Assuming further that the speech STFT co-
efficients S and the noise STFT coefficients D are statistically independent, the distribution
of the noisy speech signal Y = S+ D can be calculated as (cf. [Breithaupt and Martin, 2011,
Eq. (20))

v. x 1 ¢
S (YHY) = p(Y|Hy) - X 1 F 1 ———1Y? D.1
P V1) = o1 - (2 )0 (it oS D)
with superscript y denoting the assumption of chi-distributed speech spectral amplitudes
and with
1o
pY\Hn(YlHO) = 102 e ’D. (DQ)

D
According to [Papoulis and Pillai, 2002, Example 6-22], the distribution function of [Y'| can
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be calculated by integrating (D.1) w.r.t. Y over a circle with the radius |Y|. Furthermore,
the first derivative of the distribution function is the PDF of |Y|. Accordingly, using polar
integration with Y = |Y|e?? and dY = |Y| - d¥ - d|Y'| we obtain

Y| 27

p () =mff\n-pm(\weﬂw]) 4o dy| (D.3)
0 0

|Y\|H1

el
0,

P
Using £ { f(z)dz = f(p), and integrating w.r. t. the phase ¥, (D.3) can be rewritten as
0

P

Vx _ 1 2

P (lY\‘Hl> = L?( = > P A (Vx:,l;iz : \Y\2>- (D.4)
| oh Ay +€ ob v + &

Please note that this is a generalization of the Rayleigh PDF; applying v, = 1 to (D.4)
results in the Rayleigh PDF (2.20).

According to [Papoulis and Pillai, 2002, Example 5-2|, the PDF of the square of the

random variable |Y| can be calculated by

1
p‘XYlZ‘HI (\V12[H) = 7T Pl (V||H), (D5)

thus, using (D.4) the PDF of the squared noisy speech spectral amplitudes turns out to be

1 v XLy 1
» (\Y\Z‘Hl):?‘( x ) LS (VX;Lf 3 \Y\Q)‘ (D.6)
D

v 2| vy + & 0Dy + €

Following [Papoulis and Pillai, 2002, Eq. (5-18)], the PDF of |Y|?/0% with o2 being a

deterministic (slowly time-varying) quantity can be obtained from p\YP‘H (\YHH 1) as
1
Y Y
x Yr H, ) =0% p© o3 —-|H
Pz, ( oh 1) " p\YPIHl( Yo
b D.7)

oo P Vet
:( Px ) e ?Di‘lFl(VX;l', £ %)
vy +¢§ v + & op)

Next, utilizing variable substitution v = |Y'|*/o%, (D.7) can be rewritten as

P, (V1H1) = (L) e R (ux;lw : ) (D8)

vy +§ vy +§
which is the PDF of a posteriori SNR values in speech presence H; assuming chi-distributed
speech spectral amplitudes (denoted by superscript x) with the shape parameter v,. The a
posteriori SNR in absence of speech Hy (special case of (D.8) with & = 0) is exponentially
distributed ij‘H“(’y\Ho) =e.

As a next step, we aim at deriving the PDF of averaged a posteriori SNRs. This can

be achieved by mathematical induction (cf. [Nelson, 1995]): The PDF of the sum of two
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i.1.d. a posteriori SNR values 75 = v+ can be calculated by convolving their PDFs. Using
|Gradshteyn and Ryzhik, 1965, Eq. (7.613.4)] and assuming the PDF (D.8)
Y2
Py, (2lHi) = Jp%h (z[H1) - P, (2 — @) | Hy) da
0

v 2vy F(l) B . B 6
(@) A (i) 9

results as the PDF! of v + 7. Then, the PDF of the sum of three i.i.d. a posteriori SNR
values 43 = 7,47 can be calculated by the convolution of (D.9) and (D.8). Using [Gradshteyn
and Ryzhik, 1965, Eq. (7.613.4)] the PDF of the sum of three a posteriori SNRs yields

3
Py Galh) = [, Gl 8, (G = 0| )
0
v 3vy F(l) B . ) £
= (Vx j_ £) : ﬁ S(33)t e Ry (31/X,3,'ygm> . (D.10)

Using [Gradshteyn and Ryzhik, 1965, Eq. (7.613.4)] once again, the PDF of the sum of four
i.i.d. a posteriori SNR values 44 = 73 + 7 can be calculated by the convolution of (D.10)
and (D.8) resulting in

Y4
pi’y(a\lh (Yal Hy) = fp%(g\m (x[Hy) - p 7\11 (4 = =)|H) de
0
- u vy F(l) . - §

Therefore, using mathematical induction, it can be concluded that the PDF of the sum of N
i.i.d. a posteriori SNR values 7y = Zf\;l v; generally is

V.

Nv.
X 1 - f
X . AN ew . B ( Ny, N, D.12
VX +§> F(N) YN € ( Uy, 'YN X +§> ( )

o (110 = (

However, instead of the PDF of the sum of a posteriori SNRs 4y (D.12), we are interested
in the PDF of the average of a posteriori SNRs ¥ = 1/N - Jy. According to [Papoulis and
Pillai, 2002, Eq. (5-18)], this can be obtained by

p»)’;\Hl (3|Hy) =N - va\Hl (N - ~|Hy) (D.13)

which finally results in (5.3) if we substitute N by the number of averaged a posteriori SNR

values .

'Please note that due to the fact that the argument of p,(7) in (D.9) is non-negative, the upper bound
of the convolution integral (D.9) reduces to 7, from oo, cf. [Bronshtein et al., 2007, Eq. (15.93)]
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Appendix E
Synopsis of Recursive MMSE Estimation

Please note that for ease of readability, we will omit the indices ¢ and k in this appendix.
The aim of this appendix is to derive the Kalman filter equations (6.15)-(6.17) using a PDF
notation. Different from the commonly employed matrix notation, a PDF-based description
allows for assuming super-Gaussian signal models, but of course, a Gaussian assumption is

also applicable.

Employing the speech prior (6.10), (6.11), and the likelihood (6.5), the recursive
MMSE STS estimator (6.6) turns out to be

. §5 - pe(S—8%) po(Y - $)dS

§=° 5 (E.1)
épE(S = S5*) pp(Y = S5)dS

with pz(+) and pp(-) being the propagation error PDF and the acoustic noise PDF, respec-
tively. Introducing a new integration variable E = S 5+ being the propagation error (cf.
(6.11)), (E.1) can be rewritten as

— — ~

§E-pp(E)-pp(Y —E—5*)dE

~ C B ot ~

5=5"+ Ton(B) (Y—E—§+)dE = S + E . (E.2)
& E A priori speech estimate Update

As can be seen, the recursive MMSE estimator turns out to be a sum of the a priori speech
estimate S* and a fraction being the estimation update E. While the a priori speech esti-
mate 5* employs the previous observations only (cf. (6.9)), the second term E=f (Y—§ *)
takes the current observation into account and performs an estimation update, resulting in
the a posteriori specch estimate S. Please note that £ in (E.2) is a classical (non-recursive)
MMSE STS estimator, however, with an extra term '—8+ in the argument of the PDF pp(-)
(cf. (2.30)).

Assuming that the amplitude and the phase of the propagation error E are statistically
independent and the phase of £ is uniformly distributed, i.e., the PDF of the propagation
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error pp(E) is rotationally symmetric, the generalized framework from Chapter 2 based
on the bivariate generalized gamma PDF (2.26) can be employed here. Therefore, different
estimators can be derived for the update step assuming either a Gaussian or a super-Gaussian
propagation error. Interestingly, the resulting estimators will turn out to be the MMSE STS
estimators from Section 2.5.1, however, with different variables: The a priori SNR ¢ and the

a posteriori SNR ~ are defined in recursive MMSE estimation as (cf. (6.12))

0% + o2 ol
C:%:ﬁ (E3)
D D
and N
Y — +|2 ]\/[2
c= ‘ St _ |M] _ (E.4)

oh op
respectively. Furthermore, within the update step the observation is defined as M = Y-S *,
instead of the noisy speech STFT coefficient Y only. In the following, we will derive a general
formula for the update step based on a generalized speech prior and then specific estimators

will be introduced, assuming a specific statistical model for the propagation error.

Generalized Speech Prior

Employing the new bivariate generalized gamma PDF (2.26) as speech prior pgz(-) and a
bivariate Gaussian PDF (6.5) as likelihood pp(-), the fraction in (E.2) yields the estimation
update (cf. (2.38))

o N - Al
§E-|Emw=2.ePE".e b dE
5_¢C
E= — (E5)

(B2 BB . ¢ b dE
C

Employing polar integration with £ = |E|e’* and dE = |E|d|E|de, as well as employing

M =Y -5+ = |M|e?¢, we obtain
02 ) o _ M2 B[22 B| | M]|-cos(c—0) B
§§ B - eic eI e D ded|E)|
500
b= ©2r B —IMIPHB22 | Bl M| cos(c—0) - (E.6)
§§ Bt e BB . ¢ ) ded|E|
0

Integrating w.r. t. the spectral phase e using [Gradshteyn and Ryzhik, 1965, (8.431.5)], (E.6)

can be rewritten as

Spectral amplitude estimate

Spectral phase estimate

o _1EL_gigm _ _
B M (2 ER) 48
E=-2" _ : ele E.7
o o IBE g 2M|| & 7 (50
plapee s (AR 42|
D
0 —
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The formula of the update step of recursive MMSE STS estimation based on a generalized
speech prior turns out to be the same form as the classical non-recursive MMSE STS esti-
mator (2.39) consisting of well separated amplitude and phase estimates. In order to obtain
specific estimators, one of the specific speech priors from Table 2.1 has to be chosen, each
having an own parameter set. Therefore, employing the speech priors from Section 2.3.1
for (E.7) results in specific estimators for the update step which will be introduced in the

following.

Gaussian Speech Prior

Assuming the Rayleigh distribution for the propagation error amplitudes (Gaussian propa-
gation error), i.e., using the parameters n = 2, § = 1/(7}257 and v = 1 (cf. Table 2.1), the
generalized update step (E.7) turns out to be

B2 L 4L

o - \[2 2] 2IM| | & =
(1BP-e L (8B diB)
~ D .
Ep =2 - ele (E.8)
o | o _
o=l (24151) a2
0 D

with subscript R denoting the Rayleigh assumption for the the propagation error amplitudes.
Integrating w.r. t. the propagation error amplitudes |E| using [Gradshteyn and Ryzhik, 1965,
(6.631.1)], (E.8) yields

~ o2 ) ~ g’ A~
Fr=—2Lt— M=Kz - (Y -8T)=—=— (Y -§F E.9
R = e Ml = K (V=8 = g (v =81 (E.9)

with ¢ and Kr = ¢/(1+¢) being the a priori SNR and the Kalman gain (6.18), respectively.
Please note that the Kalman gain Ky and the update step ER can be associated with
the Wiener spectral weighting rule Gr.grs in (2.41) and the MMSE STS estimator (2.41),

respectively.

Super-Gaussian Speech Priors

Assuming the chi distribution for the propagation error amplitudes (super-Gaussian distri-
bution for the propagation error), i.e., using the parameters n = 2, v = v, and § = Z/X/r72ET
(cf. Table 2.1) as well as [Gradshteyn and Ryzhik, 1965, Egs. (6.631.1), (8.406.3)], the gen-
eralized update step (E.7) can be rewritten as (cf. (2.43))

L 9. _s¢
~ vy - C lFl(Vx+1727 I +C

B, =K, (Y -§%) = :
X X Vx+< lFl (l/X; 1; ﬁj—()

) (Y = 8% (E.10)
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where subscript x denotes the chi assumption for the propagation error amplitudes. Different
from the Gaussian case (E.9), (E.10) is also a function of the a posteriori SNR ¢ which is
only following a slightly different definition as in the non-recursive case. Please note that,
just as in the non-recursive case, (E.9) is a special case of (E.10) with v, = 1. Furthermore,
the Kalman gain K, and the update step EX can be associated with the MMSE STS spectral
weighting rule G,.grs in (2.43) and the MMSE STS estimator (2.43), respectively.

Assuming the gamma distribution for the propagation error amplitudes (super-Gaussian
distribution for the propagation error), i.e., using the parameters n = 1, v = v, and
B =/vr(vr +1)/og (cf. Table 2.1), the generalized update step (E.7) results in (cf. (2.44))

51 exp (=181 — Y ) 1 (B B
D D
Elr-1-exp (=2 |E]2 — Yt g\ (23 21 g| B
o on o
D 2 D

with subscript I' denoting the gamma assumption for the propagation error amplitudes. Just

o0
o |
Ep=2 el? (E.11)

§

0

as in the non-recursive case, the integrals in (E.11) do not have closed form solutions, there-
fore, either some approximations or numerical methods are required. Just as in Chapter 2 we
propose calculating the integrals in (E.11) by quadrature. For convenience, we first rewrite
(E.11) using variable substitution with |E| = k- |M| and d|E| = dk - |M

the integrands as a function of ¢ and < as

in order to obtain

s
§ k- exp (f§k2 - \/m\/gk) -1y (26k) dk
EF:KF'(Yfé\Jr):ocO .(Y7§+).
§ kr=1 . exp (—§k2 — \/m\/gk) 1o (2¢k) dk
0
(E.12)

These integrals can be calculated numerically by, e. g., the Gauss-Kronrod quadrature for a
typical range of ¢ and ¢ [Brass and Petras, 2011]. Please note that the Kalman gain Kt and
the update step (E.12) can be associated with the MMSE STS spectral weighting rule Gr.sts
in (2.45) and the MMSE STS estimator (2.45), respectively.



Appendix F

Synopsis of

Recursive A Posteriori SPP Estimation

The aim of this appendix is to derive specific GLRs for a posteriori SPP estimation assuming
Gaussian or super-Gaussian propagation errors. Just as in Chapter 4, we will first derive a
generalized GLR based on the bivariate generalized gamma PDF as speech prior. Specific
GLRs assuming either Gaussian or super-Gaussian distributions for the propagation error
will turn out as special case. Please note that for ease of readability, we will omit the indices

¢ and k in this appendix. However, sequences will still keep their time indices.

Generalized Speech Prior

Employing the bivariate generalized gamma PDF (2.26) as speech prior p(S \5 *, Hy) and
a bivariate Gaussian PDF (6.5) as likelihood p(Y'|S, Hy), the common GLR formula (7.10)
yields (cf. (2.38))

_ly=8+p2

L Pyt SwEommm e oIS St enesas
0
- : - F.1
Uler  P(Ho[Y() L "
g ¢ 7

with subscript gI' denoting the generalized gamma model for the propagation error. By
introducing a new integration variable £ =9 gt being the propagation error, (F.1) can be

rewritten as

ly-§t—pg2
i ez oy — —BIE|" 17
¢ P(H\[Y5 ) ﬁmée b |E[MTE e AR
|o= . - F.2
"l ™ PG = "

147



148 F Synopsis of Recursive A Posteriort SPP Estimation

Employing polar integration with E = |E|e’* and dE = |E|d|E|de as well as employing

M=Y—G+t= 2 we obtain
. ? w1 BB zsfr M2 B2 200 Bl cos(e—c) _
w s (B PR b ded|E|
P(H] ‘Yl_l) 2m-T(v) 5 o
Al = v = A
Ul P(Ho[YS ) -

e Db (F.3)

© L, 27
P(HI‘YS—l) 77»6”/ J~|E|W_l B *ET J 2|M||E|cos(o—€) \E\cos(g 9] d d‘E“
— . . .e e ‘D b .
P(HoYS Y 27 -T(v) ‘ ‘
0

Integrating w.r. t. the spectral phase e using |Gradshteyn and Ryzhik, 1965, (8.431.5)], (F.3)

can be rewritten as

0

HY§) 0" . -2 2|M|-|E|\ , -
pg| = P “ . /5 f gt g g, (AMUED g ] ra
gF (H(]‘Y [25)

=)

This is a generalized GLR formula for recursive MMSE estimation under SPU. The corre-
sponding generalized a posteriori SPP estimator can be obtained by (7.6). Please note the
similarity to (4.3) being the non-recursive equivalent of (F.4). In the following, we will derive

specific GLRs assuming either a Gaussian or a super-Gaussian propagation error.

Gaussian Speech Prior

Assuming the Rayleigh distribution for the propagation error amplitudes (Gaussian speech
prior), i.e., using parameters n = 2, 3 = 1/0%, and v = 1 (cf. Table 2.1), the generalized
GLR (F.4) can be rewritten as

o0

P(HYSY 2 _ _ 1 1 2lM| - |E _
R L (—|E|2 [—2 . —]) I (M) diE|| (F5)
o o o}

R P(Ho|Y5 ) ‘7?7: D

o

with R denoting the Rayleigh assumption for the propagation error amplitudes. Utiliz-
ing |Gradshteyn and Ryzhik, 1965, Eq. (6.631.1)], (F.5) turns out to be (7.11). The corre-
sponding a posteriori SPP estimator can be obtained by (7.6).

Super-Gaussian Speech Priors

Assuming the chi distribution for the propagation error amplitudes (super-Gaussian speech
prior), i.e., using parameters n = 2, 8 = v, /0%, and v = v, (cf. Table 2.1), the generalized
GLR (F.4) turns out to be

PHL YL 9 VX nlER P olM| - |E _
Aé _ ( 1‘Y2,1) . Vx gyx J|E|2u 1., XoZ e - I w d‘E‘ (F6)
x  P(HolYy ") I'(v 9D
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where subscript x denotes the chi assumption for the propagation error amplitudes. Us-
ing [Gradshteyn and Ryzhik, 1965, Eq. (6.631.1)] to solve the integral w.r.t. |E|, (F.6) can
be redefined as (cf. (2.72))

P(H,|YSH x
A = | 2,1) : ( = ) 1 (ux;l;i<< ) . (F.7)
x  P(Ho|YEY) \wy+¢ vy + ¢

The corresponding generalized a posteriori SPP estimator can be obtained by (7.6)

Assuming the gamma distribution for the propagation error amplitudes (super-Gaussian

speech prior), i.e., employing parameters n = 1, v = vr, and 8 = /vr(vr + 1)/op for the
generalized estimator (E.7) (cf. Table 2.1), the generalized GLR (F.4) yields (cf. (4.4))

A = P(Hl\Yéj) . [V VF + 1 JIE\”‘ 1D (;% o (2\M|2< \E|> 4|
T P(Ho[Yy™) oD
(F.8)
with subscript I' denoting the chi assumption for the propagation error amplitudes. Similar
0 (4.4), the integral in (F.8) cannot be obtained in closed form. Using quadrature, however,
the result can be calculated numerically. For this, it is meaningful to reformulate (F.8) using
variable substitution |E|=4k - |[M| and d|E|=Fk - d|M| leading to (cf. (4.5))

o P(H YY) D(vr)

_ i oo ®
A[ o P(Hl‘Yg 1) . [VF(VF + 1)] 2 . (%) 2 _J‘]#/r—l . 6*\/VF(VF+1)\/%’C ) e—g‘k'z . IO (2§]€) dk.
0

(F.9)
This reformulation allows for obtaining the GLR as a function of the a priori SNR ¢ and
the a posteriori SNR ¢. The GLR (F.9) based on a super-Gaussian propagation error as-
sumption with gamma-distributed amplitudes can be computed by, e. g., the Gauss-Kronrod
quadrature [Brass and Petras, 2011]. Finally, the corresponding generalized a posteriori SPP

estimator can be obtained by (7.6).
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Appendix G

Derivations for

Recursive A Priori SPP Estimation

The aim of this appendix is to derive the likelihoods p(s(k)|H,) and p((k)|Hp) for the
likelihood ratio test (7.18). For ease of readability, we will omit the frequency bin index k

in the following.

Starting with the likelihood of speech presence, we have to derive the PDF p(¢,|H;) with
o= Y-S [°/o%,,. Please note that the argument within the absolute value operator
can be rearranged using the signal and channel model from Figure 6.1 as follows Y, — §}
=(Se+ Dy) — §f =D+ (S¢ — @*) =D, + E, with D, and E, being the acoustic noise and
the propagation error, respectively. Since D, and Ej are statistically independent, we can

write

Pagjin (M =Yy — §Z|H1) = paym (Me = Do + EZ‘Hl)

~ G.1
- Jm(n —80) - p,(Se — 7). (G.1)
C

Assuming Gaussian noise (2.27) and Gaussian propagation errors (6.14) as well as employ-
ing polar integration using |Gradshteyn and Ryzhik, 1965, Egs. (6.631.1), (8.406.3), and
(8.431.5)|, the PDF (G.1) yields

. 1 o | T
Py, H (A{[IY[*S+ Hl) = e DB = — _ _—___ _.¢ D¢ ‘
eIt ¢ | m(o}, + Ufﬂ) m(oh, + Ué—u)
(G.2)

which is still a Gaussian PDF with the variance o7, ,+0% ,. The quantity |M|= |Y47§ﬂ will

accordingly follow the Rayleigh distribution. Its PDF can be obtained by polar integration
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of (G.2) using M, =|M,| - e/ as (cf. (D.3))

[ M| 270
. P o 5 N
I, — _ + - y . JpP . A1, ~
P, (M = Vo= S11|m) = 5 [ [ owagm, (1981 7]01) - |88 a3
0 0 (G.3)
~ |v,—8F 2
o
UD,ZJ"UE,Z

Then, |Yg—§€+\2 will follow the exponential distribution and its PDF is calculated according
to [Papoulis and Pillai, 2002, Example 5-2]| as

2 o+2 1 o+
Piagype|m, (‘MZ‘ = Ve =571 Hl) oy, - 5| Puelty (m -5 “HI)
1 JY@’;}'}‘ZAL (G.4)
= . D HQ_
Ul%l + O'ZE,Z

Finally, ¢, = [Y;—S;/|?/o% remains also exponential distributed and its PDF can be obtained
according to [Papoulis and Pillai, 2002, Eq. (5-18)| as

v, - S; P v, - 57
Deg|Hy (S‘z = f/ Hy | =op, ‘PWW|H1 T fi
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Assuming speech absence, the likelihood p(s|Hp) can be derived in a similar way. Starting
with (G.1) and assuming that pg, p, (Ee = S@—S’HHO) = §(E; = S,—5}) as in (7.8), the
likelihood of speech absence turns out to be (7.9). Assuming a bivariate Gaussian distribution

for the noise Dy, the likelihood of speech absence yields

Ve8] 12
~ 1 _e s
Py, (My = Yy — SﬂHo) =—5—-ec ‘Dt . (G.6)
T,

The absolute value of Y[fgf will than follow the Rayleigh distribution with the PDF

| M| 27
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Then, the square of Rayleigh-distributed \YZ—ASA”; | values will follow the exponential distri-

bution, i.e., the PDF of |Y[7§[|2 in speech absence turns out to be

. 1 .
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Finally, ¢ = [V;— 5 |2 /o3, will also follow the exponential distribution and the likelihood of
speech absence can be written as

Y-S
PolHo S0 = —— 5

0D Ipu

Hg)
(G.9)

) . [Ye- 5P
H“) =90 Plagype| (‘TW a2,

=e .

Accordingly, the ratio of the likelihood of speech presence and the likelihood of speech

absence yields

RS
) _ 1 e (G.10)
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List of Symbols

1Fi(o) confluent hypergeometric function

Ay(k) speech spectral amplitude

ap(k) speech spectral phase

A prediction coefficients

15} parameter of the generalized gamma PDF

Bpp smoothing factor of the decision-directed SNR estimator
C set of all complex numbers

Dy(k) noise STEFT coefficient

d(n) noise signal

E{} statistical expectation operator

E propagation (a priori estimation) error

n parameter of the generalized gamma PDF

exp(+) exponential function

el) exponential function

7 arbitrary function

INQ) gamma function

~Ye(k) a posteriori SNR

g() function to model estimation domains, such as the STS, the STSA, or the

LSA domain
Hy hypothesis of speech absence
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H, hypothesis of speech presence

K (k) Kalman gain

k frequency bin index

A generalized likelihood ratio (GLR)

14 frame index

In(+) natural logarithm

v parameter of the generalized gamma PDF
n discrete time index

P(Hy |Y) a posteriori SAP
P(Hy) a priori SAP

P(H, |Y) a posteriori SPP

P(H;) a priori SPP

pyys(-) likelihood

pa(’) speech spectral amplitude PDF

pspy (+) posterior

ps(+) prior

py(+) evidence

Ry(k) noisy speech spectral amplitude

R set of all real numbers

Se(k) speech STFT coefficient

op (k) noise PSD

o, (k) speech PSD

U%l(k’) propagation (or a priori estimation) error PSD
(k) a posteriori SNR as defined in recursive MMSE estimation

Se(k) estimated speech STFT coefficient
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S/ (k) a priori estimate of the speech STFT coefficient
s(n) clean speech signal

Jo(k) noisy speech spectral phase

&u(k) a priori SNR

Yo(k) noisy speech STFT coefficient

y(n) noisy speech signal

Co(k) a priori SNR as defined in recursive MMSE estimation
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List of Abbreviations

AR autoregressive

BPSK  binary phase-shift keying

DD decision directed

DFT discrete Fourier transform

GLR generalized likelihood ratio

ii.d. statistically independent and identically distributed
IDFT inverse discrete Fourier transform

IMCRA  improved minima controlled recursive averaging
ITU-T  International Telecommunication Union, Telecom. Standardization Sector
LLR log-likelihood ratio

LMS least-mean-squares

LSA log-spectral amplitude

MAP maximum a posteriori

MCRA  minima controlled recursive averaging

ML maximum likelihood

MMSE  minimum mean square error

MS minimum statistics

MSB most significant bit

NLMS  normalized least-mean-squares

OLA overlap-add

OM optimally modified

PCM pulse-code modulation

PDF probability density function

PSD power spectral density

RMS root mean square

SAP speech absence probability

SNR signal-to-noise ratio

SPP speech presence probability

SPU speech presence uncertainty

STFT short-time Fourier transform
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STS short-time spectral

STSA short-time spectral amplitude

VAD voice activity detection

w.T.t. with respect to
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