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Abstract

This dissertation addresses theory and applications of generalized autoregressive condi-
tional heteroscedasticity (GARCH) models with Markov regimes for digital speech pro-
cessing. The GARCH model is widely-used in the field of econometrics for volatility
forecast derivation of econometric rates, and it was recently proposed in the field of signal
processing for applications such as speech enhancement, speech recognition, and voice
activity detection. GARCH models explicitly parameterize the time-varying volatility by
using both past conditional variances and past squared innovations (prediction errors),
while taking into account excess kurtosis (i.e., heavy tailed distribution) and volatility

clustering.

In this thesis, we develop a new statistical model for nonstationary signals in the joint
time-frequency domain based on GARCH formulation with Markov regimes. The pro-
posed model exploits the advantages of both the conditional heteroscedasticity structure
of GARCH models and the time-varying characteristics of hidden Markov chains. The
main motivation for this research is spectral modeling of speech signals for hands-free
communication applications such as speech enhancement, nonstationary noise reduction,

dereverberation, and audio source separation.

We analyze the asymptotic stationarity of Markov-switching GARCH (MS-GARCH)
processes in the general case of (p,q)-order GARCH models with finite-state Markov
chains. Necessary and sufficient conditions for asymptotic wide-sense stationarity are de-
veloped for several model formulations which are known in the literature. The properties
of the proposed model are investigated and algorithms are developed for conditional vari-
ance, as well as for signal estimation in noisy environments. The proposed model with
the corresponding estimation algorithms are shown to be useful for applications of speech

enhancement and speech dereverberation. In addition, a state smoothing algorithm is



9 ABSTRACT

developed for the sequence of active states estimation. Furthermore, a new formulation
for the speech enhancement problem is proposed in this thesis, which incorporates simul-
taneous operations of detection and estimation. A detector for speech presence in the
short-time Fourier transform domain is combined with an estimator, which jointly mini-
mizes a cost function that takes into account both detection and estimation errors. We
show that the proposed simultaneous detection and estimation approach enables greater
noise reduction than estimation only approach, without further degrading the speech
signal.

A simultaneous classification and estimation approach together with GARCH model-
ing is employed for developing an algorithm for single-sensor audio source separation. We
show that for mixtures of speech and music signals, an improved source separation can
be achieved compared to using Gaussian mixture model for both signals. Moreover, cost
parameters enable one to control the trade-off between missed and false detection of the
desired signal, and correspondingly the trade-off between signal distortion and residual

interference.
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Chapter 1

Introduction

This dissertation addresses the theory of generalized autoregressive conditional het-
eroscedasticity (GARCH) models with Markov regimes and their applications to signal

processing, and in particular to digital speech processing.

GARCH model explicitly parameterizes a time-varying volatility by using both re-
cent conditional variances and recent squared innovations. This model is widely-used
in the field of econometrics for the analysis and volatility forecasts in financial markets.
Recently, this model was proposed for speech processing applications, such as speech en-
hancement, speech recognition, and voice activity detection. In this thesis we formulate
a new complex-valued Markov-switching GARCH (MS-GARCH) model for nonstation-
ary signals in the joint time-frequency domain. The MS-GARCH model exploits the
advantages of both the conditional heteroscedasticity structure of GARCH models and
the time-varying characteristics of hidden Markov chains. The basic motivation for our
research is based on spectral modeling of speech signals, where examples for applications
may include, e.g., noise reduction in communication systems (both background and tran-
sient noise), speech enhancement and dereverberation in hands-free communication, and

audio source separation.

The thesis starts with an asymptotic stationarity analysis of MS-GARCH processes.
In case of processes with time-varying variances, conditions for asymptotic wide-sense
stationarity are useful to ensure a stable process, with a finite second-order moment.
We then formulate a new complex-valued MS-GARCH model for nonstationary signals

in the short-time Fourier transform (STFT) domain. The properties of the model are

7



8 CHAPTER 1. INTRODUCTION

investigated and algorithms are developed for causal, as well as noncausal estimation in
noisy environment. The proposed model is shown to be useful for spectral modeling of
speech signals for the applications of speech enhancement and speech dereverberation.
A basic property of speech signals is that their expansion coefficients are sparse in the
STFT domain. Therefore, a reliable detector may significantly improve performance in
noisy environments. We propose a new formulation for the speech enhancement problem,
which incorporates simultaneous operations of detection and estimation. This approach
is applied to develop speech enhancement algorithms under stationary, as well as tran-
sient noise. A simultaneous classification and estimation approach together with GARCH
modeling is employed to develop an algorithm for single-sensor audio source separation.
In this chapter we briefly describe scientific background for the main topics of this

research and specify the structure of the thesis.

1.1 Markov-switching GARCH models

The GARCH model is widely-used in the field of econometrics, both by practitioners and
by researchers [1-5]. The model represents a powerful tool for analysis and forecasting of
volatility in financial markets. This model, first introduced by Bollerslev [1] as a gener-
alization of the ARCH model [2], explicitly parameterizes the time-varying volatility by
using both recent conditional variances and recent squared innovations. GARCH mod-
els preserve the persistence of the process volatility in the sense that small variations
tend to follow small variations and large variations tend to follow large variations. Incor-
porating GARCH models with hidden Markov chains, where each state (regime) of the
chain implies a different GARCH behavior, extends the dynamic formulation of the model
and enables a better fit for a process with a more complex time-varying volatility struc-
ture [6-11]. However, a major drawback of such models is that estimating the volatility
with switching-regimes requires knowledge of the entire history of the process, including
the regime path. Consequently, Markov-switching ARCH models were proposed [12,13],
which avoid problems of path dependency in a noiseless environment. The conditional
variance in ARCH models depends on previous observations only, so the Markov chain

does not have to be known for constructing the conditional variance for a given regime.
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In [6], a variant of MS-GARCH (MS-GARCH) model was introduced relying on the
assumption that the conditional variance given current regime is dependent on the ex-
pectation of the previous conditional variances rather than their values. Accordingly,
the conditional variance depends on some finite, state dependent, expected conditional
variances via their conditional state probabilities. Klaassen [7] proposed modifying this
model by manipulating the current regime and all available observations while evaluat-
ing the expectation of previous conditional variances. A different method for reducing
the dependency of the conditional variance on past regimes has recently been proposed
in [8]. Accordingly, a Markov chain governs the ARCH parameters while the autoregres-
sive behavior of the conditional variance is subject to the assumption that past conditional
variances are in the same regime as that of the current conditional variance. These vari-
ants of MS-GARCH models were developed for improved volatility forecasts of financial

time-series under possible existence of shocks.

MS-GARCH processes, as well as the standard (single-state) GARCH process, are non-
stationary as their second-order moments change recursively over time. However, if these
processes are asymptotically wide-sense stationary then their variances are guarantied to
be finite. A necessary and sufficient condition for the stationarity of a (single-regime)
GARCH(p, q) process has been developed in [1]. A deep analysis of the probabilistic
structure of MS-GARCH model is derived in [14] with conditions for the existence of
moments of any order. In [15-17], stationarity analysis has been derived for some mixing
models of conditional heteroscedasticity, and conditions for the asymptotic stationarity of
some AR and ARMA models with Markov-regimes has been derived in [18-22]. However,
for the MS-GARCH models, stationarity conditions are known in the literature only for
some special cases. In [7], necessary (but not necessarily sufficient) conditions for station-
arity are developed for the special case of two regimes and GARCH modeling of order
(1,1). A necessary and sufficient stationarity condition has been developed in [8] for a spe-
cific MS-GARCH model formulation, but only in case of GARCH(1, 1) behavior in each
regime. We introduce a comprehensive approach for stationarity analysis of MS-GARCH
models, which manipulates a backward recursion of the model’s second-order moment. A
recursive formulation of the state-dependent conditional variances is developed and the

corresponding conditions for stationarity are obtained. In particular, we derive necessary
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and sufficient conditions for the asymptotic wide-sense stationarity of two different vari-
ants of MS-GARCH processes, and obtain expressions for their asymptotic variances in
the general case of m-state Markov chains and (p, ¢)-order GARCH processes.

Recently, GARCH models have been employed for modeling speech signals in the time-
frequency domain [23-25], for speech recognition application [26], and for voice activity
detection [27]. Speech signals in the STFT domain demonstrate both variability clus-
tering and heavy tail behavior similarly to financial time-series [25]. Motivated by these
characteristics, it was proposed to model the conditional variance of speech signals in the
STFT domain by a complex GARCH model. This model has been shown useful for speech
enhancement applications [23-25], but it relies on the assumption that the model parame-
ters are time-invariant. It is commonly assumed in econometrics that the analyzed process
is observed in a noiseless environment so that its past observations provide a complete
specification of its current conditional variance, for any given regime. In our proposed
MS-GARCH approach for speech modeling, the desired signal is generally observed in a
noisy environment. Accordingly, we developed algorithm for conditional variance estima-
tion which is based on iterating propagation and update steps with regime conditional
probabilities. In addition, we developed state smoothing algorithm which generalizes

existing algorithms which are used for state smoothing in hidden-Markov processes.

1.2 Speech enhancement

The problem of spectral enhancement of noisy speech signals from a single microphone has
attracted considerable research effort for over thirty years, and is still an active research
area, e.g., [28-40]. This problem is often formulated as estimation of speech spectral
components from a degraded signal which consists of statistically independent additive
noise. A variety of different approaches for spectral enhancement of noisy speech signals
have been introduced over the years. One of the earlier methods is the spectral subtraction
[29,30]. Accordingly, an estimate of the clean signal is obtained by subtracting an estimate
of the power spectral density (PSD) of the background noise from the short-term PSD
of the degraded signal. The square root of the result is considered as an estimate for the

spectral magnitude of the desired signal, while the phase of the noisy signal is used as
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the desired phase. This method generally results in random fluctuations in the residual
noise, known as musical noise, which may be annoying and disturb the perception of the
enhanced speech [41]. Many variations for the spectral subtraction method have been
developed during the years to cope with the musical residual noise phenomena [42-45].
Statistical methods for speech enhancement are designed to minimize the expected
value of some distortion measure between the clean and estimated signals [32-34, 36,
38,46,47]. These approaches require presumption of reliable statistical models for the
speech and noisy signals and specification of a perceptually meaningful distortion measure.
Distortion measures which are of particular interest in speech enhancement applications
are the squared error [32,48], the squared error of the short-term spectral amplitude
(STSA) [33] and the squared error of the log spectral amplitude (LSA) [34,38]. To enable
further attenuation of the additive noise, estimation under speech presence uncertainty is
often considered [32,33,37,38,41,49,50]. In addition, to eliminate residual noise in case
of speech absence, voice activity detector (VAD) is often incorporated with the estimator
output [51-56]. Subspace methods for speech enhancement attempt to decompose the
vector space of the noisy signal into a signal-plus-noise subspace and a noise-only subspace
[57-60]. Spectral enhancement is then performed by removing the noise subspace and
estimating the speech coefficients from the signal-plus-noise subspace. Another spectral
enhancement method relies on modeling the vectors of speech signal based on hidden
Markov models (HMMs) [35,61-63]. The probability distribution of the speech (and in
some applications also of the noise) are estimated from long training sequences of clean
samples. The speech signal is then estimated from the noisy observation based on the
trained model according to some distortion criteria. HMMs are successfully applied for
speech recognition applications, e.g., [64,65]. However, for the application of speech

enhancement they were not found to be sufficiently refined models [66].

1.2.1 Spectral modeling of speech signals

Spectral enhancement of speech signals often relies on the assumption that the spectral
coefficients of the speech signal (as well as of the noise signal) are statistically indepen-
dent, with conditional distribution which may be considered as, e.g., Gaussian [33,34,38],

Super-Gaussian [47], Laplace [67], or Gamma [68]. Although the statistical independency
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assumption simplifies the design of the optimal estimator under any of the assumed dis-
tributions, it does not hold in reality since consecutive spectral magnitudes are strongly
correlated [24,25,41,69]. In fact, in many of the above-mentioned speech enhancement
algorithms, the time-frequency dependent speech spectral variances are estimated using
the decision-directed approach [33,70] which relies on the strong correlation of successive
spectral variances. Let x and d denote speech signal and uncorrelated noise signal, respec-
tively, and let y = x 4+ d denote the observed signal. Applying the STFT to the observed
signal we obtain Yy, = Xy + Dy were t and k denote the time-frame and frequency-bin
indices, respectively. The decision-directed estimator for the speech spectral variance is
given by

2

i = o [ K|+ (10— @) mas { (¥l ane) . 0) (11)

were A\ denotes the estimate for the speech spectral variance and Ag 4, denotes the spectral
variance of the noise spectral coefficient. The parameter o (0 < o < 1) is a weighting
factor (typically chosen close to one) that controls the tradeoff between noise reduction
and transient distortion brought into the signal [70]. A larger value of « results in a greater
reduction of the musical noise phenomena, but at the expense of attenuated speech onsets
and audible modifications of transient components. It is worth noting, that the noise
spectral variance needs also to be estimated. This can be practically obtained during
speech absence intervals or from the noisy observations by using the minima controlled
recursive averaging algorithm [38,71] or the minimum statistics approach [72].

A relaxed statistical model for speech signals was proposed in [69]. This model is based
on the assumptions that speech spectral phases are iid random variables, and the speech
spectral component X;; is a zero-mean complex Gaussian random variable with iid real
and imaginary components. The sequence of speech spectral variances { Ay, [t = 0,1, ...} is
a random process and each spectral variance is correlated with the sequence of the spectral
magnitudes. However, given a specific spectral variance Ay, the spectral magnitude at
the same time-frequency bin is statistically independent with other spectral magnitudes.
This model firstly treated both the sequences of the spectral coefficients { Xy} and of the
spectral variances { Ay} at a specific frequency-bin as random processes.

Recently, it was proposed to model speech spectral coefficients using GARCH model

[23-25]. This model explicitly parameterizes the time-varying volatility (conditional vari-
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ance) at a specific frequency-bin index, by using both recent conditional variances and
recent squared values of the spectral coefficients. It was shown that under perfect de-
tection for the speech spectral coefficients, improved performance is achieved by using
the GARCH model compared to using the decision-directed approach. In this disserta-
tion, we introduce a GARCH model with Markov regimes for speech spectral modeling.
This model exploits the advantages of both the conditional heteroscedasticity structure
of GARCH models and the time-varying characteristics of hidden Markov chains. The
model parameters are allowed to change in time according to the state of a hidden Markov
chain and may be ascribed to switching between speech phonemes or different speakers.
We develop model based algorithms, which are shown to be useful for speech enhancement

applications, speech dereverberation, and acoustic source separation.

1.3 Other speech processing applications

While the classical problem of speech enhancement was extensively studied during recent
decades, the applications of hands-free communication and digital storing of audio signals
raised interesting problems such as speech dereverberation, nonstationary noise reduction,
and acoustic blind source separation.

Speech signals that are received by a distant microphone from the speech source usually
contain reverberation. The sound wave produced by the speaker is propagated outward
from the source. The wavefronts reflect off the walls and other objects and superimposed
at the microphone. These reflections can degrade the fidelity and intelligibility of speech
signals and the performance of automatic speech recognition systems [73]. The received
reverberated sound generally consists of a direct sound, reflections that arrive shortly after
the direct sound (commonly called early reverberation), and reflections that arrive after
the early reverberation (or late reverberation) [73-75]. While the early reflections mainly
contribute to spectral coloration and may even improve the intelligibility of the speech
sound, the late reverberation changes the waveform’s temporal envelope as decaying "tails’
are added at sound offsets. This may cause distant and echo-ey sound quality [73, 76].
Algorithms for reverberation reduction (or dereverberation) can be divided to two classes.

Algorithms in the first class are based on an estimation of the acoustic impulse response
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(AIR). The desired signal is, in that case, estimated by deconvolution methods, e.g.,
[77-79]. Two drawbacks of these algorithms are, however, that they have shown to be
sensitive to small changes in the AIR, and in some cases the order of the AIR needs
to be known [80,81]. Methods in the second category try to suppress reverberation
without estimating the AIR, e.g., [74,82-84]. The spectral coefficients of the desired
signal are estimated using some statistical model, while trying to suppress the undesired
reverberation. We develop a dual-microphone speech dereverberation algorithm for noisy
environments, which is aimed at suppressing late reverberation and background noise. The
spectral variance of the late reverberation is obtained with adaptively-estimated direct
path compensation, and a MS-GARCH model is used to estimate the spectral variance

of the desired signal, which includes the direct sound and early reverberation.

Blind separation of mixed audio signals received by a single microphone has been
a challenging problem for many years. Examples of applications include separation of
speakers [85, 86|, separation of different musical sources (e.g., different musical instru-
ments) [85,87,88], separation of speech or singing voice from background music [89-92],
and signal enhancement in nonstationary noise environments [35,62,93-95]. In case the
signals are received by multiple microphones, spatial filtering may be employed as well
as mutual statistical information between the received signals, e.g., [96-102]. However, if
several sources are recorded by a single microphone, some a priori information is necessary

to enable a reasonable separation performance.

In [94,95] speech and nonstationary noise signals are assumed to evolve as autoregres-
sive (AR) processes, while the a priori statistical information (codebooks) is obtained us-
ing a training phase and includes several sets of linear prediction coefficients. In [87,88,90]
the acoustic signals are modeled by Gaussian mixture models (GMMs). In [35,62] the
acoustic signals are modeled by hidden Markov models (HMMs) with AR sub-sources.
The assumed statistical models provide a priori information about the distinct signals,
which together with training sequences of signals and appropriately extracted codebooks
enable source separation from signal mixtures. GMM and AR-based codebooks are gener-
ally insufficient for representing statistically rich signals such as speech signals [92], since
each state specifies a predetermined probability density function (pdf), or a mixture of

pdf’s. We develop a new algorithm for single-sensor audio source separation of speech
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and music signals, which is based on MS-GARCH modeling of the speech signals and
GMM for the music signals. Since in MS-GARCH model the active state only specifies
the evolution of the spectral variances along time, the corresponding statistical model
can take almost any values for the spectral variances. The separation of the speech from
the music signal is obtained by a classification and estimation approach, which enables to

control the trade-off between residual interference and signal distortion.

1.4 Detection and estimation of speech signals

In many signal processing applications as well as communication applications, the signal
to be estimated is not surely present in the available noisy observation. Therefore, as
specified in Section 1.2, algorithms often try to estimate the signal under uncertainty
(i.e., using some a priori probability for the existence of the signal) [32,33,38,41], or
alternatively, apply an independent detector for signal presence [51-56]. This detector
may be designed based on the noisy observation, or, on the estimated signal. The spectral
coefficients of the speech signal are generally sparse in the STF'T domain in the sense that
speech is present only in some of the frames, and in each frame only some of the frequency-
bins contain the significant part of the signal energy. Therefore, both signal estimation
and detection are generally required while processing noisy speech signals [38,41, 103].
However, existing algorithms often focus on estimating the spectral coefficients rather
than detecting their existence. The spectral-subtraction algorithm [29,30] contains an
elementary detector for speech activity in the time-frequency domain, but it generates
musical noise caused by falsely detecting noise peaks as bins that contain speech, which are
randomly scattered in the STFT domain. Subspace approaches for speech enhancement
[57,59,60,104] decompose the vector of the noisy signal into a signal-plus-noise subspace
and a noise subspace, and the speech spectral coefficients are estimated after removing
the noise subspace. Accordingly, these algorithms are aimed at detecting the speech
coefficients and subsequently estimating their values. McAulay and Malpass [32] were
the first to propose a speech spectral estimator under a two-state model. They derived
a maximum likelihood (ML) estimator for the speech spectral amplitude under speech-

presence uncertainty. Ephraim and Malah followed this approach of signal estimation
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under speech presence uncertainty and derived an estimator which minimizes the mean-
square error (MSE) of the short-term spectral amplitude (STSA) [33]. In [49], speech
presence probability is evaluated to improve the minimum MSE (MMSE) of the LSA
estimator, and in [38] a further improvement of the MMSE-LSA estimator is achieved

based on a two-state model.

A reliable detector for speech activity in the time-frequency domain is of major impor-
tance, not only to improve noise reduction, but also for noise estimation, speech coding
and speech recognition. Many VAD algorithms are designed on a frame-by-frame basis,
e.g., [51-56], or the activity of speech is detected in each time-frequency bin, e.g., [38,103].
The detection of speech presence by using a microphone array has recently received much
attention, e.g., [105-108]. Spriet et al. [109] analyzed the impact of speech detection errors
on the noise reduction performance of multichannel systems and showed that a reliable

speech detector is crucial to achieve a potentially better speech enhancement performance.

Approaches for the design of coupled operations of signal detection and estimation have
been proposed for some communication applications, e.g., [110-113]. In [114] a method
for optimal simultaneous classification and estimation has been proposed by minimizing
the erroneous classification probability in the worst case under a false alarm constraint.
Middleton et al. [115,116] were the first to propose simultaneous signal detection and
estimation within the framework of statistical decision theory. They proposed some dual
schemes for the two operations while considering several coupling methods between the
two operations. The detector is generally optimized with the knowledge of the specific
structure of the estimator, and the estimator is optimized in the sense of minimizing a

Bayes risk associated with the combined operations.

In this research, we reformulate the speech enhancement problem as a joint problem
of speech activity detection and spectral estimation. The problem formulation assumes
sparsity of the speech spectral coefficients and it introduces coupled operations of detection
and estimation using a combined Bayes risk. The Bayes risk incorporates both the cost
of estimation errors and the cost of fault detection, whether it is a missed-detection of
speech components or a false detection. While considering the problem of single-channel
audio source separation, multi-hypotheses are used for both signals. In that case we

incorporate simultaneous classification and estimation scheme for the separation. In both
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cases, the combined cost results in cost parameters that enable to control the trade-off
between signal distortion, caused by missed detection of speech components, and residual

noise resulting from false-detection.

1.5 Thesis structure

This thesis is organized as follows. Chapter 2 briefly outlines the basic theories and
methods which were used during this research. The original contribution of this research
starts in Chapter 3.

In Chapter 3, we develop a comprehensive approach for stationarity analysis of MS-
GARCH models. We consider the general case of m-state Markov chains and (p,q)-
order GARCH processes, and specify the unconditional variance of the process using the
expectation of the regime dependent conditional variances. No history knowledge of the
process is assumed, except for the model parameters. The expectation of the conditional
variance at a given regime is then recursively constructed from the conditional expectation
of both previous conditional and unconditional variances. Consequently, we obtain a
complete recursion for the expected vector of state dependent conditional variances. The
recursive vector form is constructed by means of a representative matrix which is built
from the model parameters. We show that constraining the largest absolute eigenvalue of
the representative matrix to be less than one is necessary and sufficient for the convergence
of the unconditional variance, and therefore, for the asymptotic stationarity of the process.
We derive stationarity conditions for the general formulation of the two variants of MS-
GARCH models introduced by Klaassen [7] and Haas et al. [8]. We show that our results
reduce in some degenerated cases to the stationarity conditions developed by Bollerslev [1],
and by Klaassen and Haas et al.. Furthermore, we show that the stationarity conditions
developed by Klaassen are not only necessary but also sufficient for asymptotic stationarity
of his model.

In Chapter 4, we introduce a Markov-switching time-frequency GARCH (MSTF-
GARCH) model for speech signals in the STFT domain. The MSTF-GARCH model
exploits the advantages of both the conditional heteroscedasticity structure of GARCH

models and the time-varying characteristics of hidden Markov chains. The expansion
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coefficients are considered as nonstationary random signals in the time-frequency domain
and modeled as multivariate complex GARCH processes with Markov-switching regimes.
A corresponding recursive algorithm is developed for signal restoration in a noisy environ-
ment. The conditional variance is estimated by iterating propagation and update steps
with regime conditional probabilities. The model parameters are estimated from a train-
ing data set prior to the signal restoration using ML approach, and the number of states
is assumed to be known. We show that the derivation in [117] of bounds on the MSE
of a composite source signal estimation is applicable for obtaining an upper bound on
the MSE of a single step MSTF-GARCH estimation. Experimental results demonstrate
the improved performance of the proposed algorithm for restoration of MSTF-GARCH
process compared to using an estimator which assumes a stationary process and com-
pared to using an estimator which assumes a smaller number of regimes than the process
actually has. Furthermore, it is demonstrated that the squared absolute values of speech
coefficients in the STF'T domain are better evaluated by using the MSTF-GARCH model
than by using the decision-directed approach.

In Appendix 4.A, we present an application of the MSTF-GARCH model to speech
enhancement. We employ the MSTF-GARCH model by assuming different Markov chains
in distinct frequency subbands with identical state transition probabilities. The GARCH
parameters are state dependent and frequency variant. We define an additional state
for the case where speech coefficients are absent (or below a certain threshold level) and
introduce parameter estimation method which is computationally more efficient than the
traditional ML approach. Furthermore, the probability of the speech absence state can
be used as a soft voice activity detector which is naturally generated in the reconstruction
algorithm. Experimental results demonstrate improved noise reduction performance while

preserving weak components of the speech signal.

Chapter 5 addresses the problem of state smoothing in MS-GARCH processes in noisy
environments. The dependency of the conditional variance on past observations and past
active regimes are taken into consideration as we generalize both the forward-backward
recursions [118] and the stable backward recursion [119,120]. We derive two recursive
steps for the evaluation of conditional densities of future observations. The first step

is an upward recursion which manipulates the future observations for the evaluation of
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their conditional densities, corresponding to all possible future paths. The second step is
a backward recursion which integrates over these paths to evaluate the future densities
required for the noncausal state probability. The computational complexity of the gener-
alized recursions grows exponentially with the number of future observations employed for
the fixed-lag smoothing. However, experimental results demonstrate that the significant
part of the improvement in performance, compared to using causal estimation, is achieved

by considering a few future observations.

In Chapter 6, we propose a new formulation for the speech enhancement problem
based on simultaneous operations of detection and estimations. A detector for the speech
coefficients is combined with an estimator, which jointly minimizes a cost function that
takes into account both estimation and detection errors. Under speech-presence, the cost
is proportional to a quadratic spectral amplitude (QSA) error [33], while under speech-
absence, the distortion depends on a certain attenuation factor [29,38,70]. We derive a
combined detector and estimator with cost parameters that enable to control the trade-
off between speech distortion, caused by missed detection of speech components, and
residual musical noise resulting from false-detection. The combined solution generalizes
the well-known STSA algorithm, which involves merely estimation under signal presence
uncertainty. In addition, we propose a modification of the decision-directed a priori SNR
estimator, which is suitable for transient-noise environments. Experimental results show
that the simultaneous detection and estimation yields better noise reduction than the
STSA algorithm while not degrading the speech signal. The advantage of using a suitable
indicator for transient noise is demonstrated in a nonstationary noise environment, where
the proposed algorithm facilitates suppression of transient noise with a controlled level of

speech distortion.

Appendix 6.B introduces a closely related application of removal of transient noise
using a practical detector for the presence of transient noise. We formulate a speech en-
hancement problem under multiple hypotheses, assuming some indicator or detector for
the presence of noise transients in the STF'T domain is available. Cost parameters control
the trade-off between speech distortion and residual transient noise. We derive an optimal
signal estimator that employs the available detector and show that the resulting estima-

tor generalizes the optimally-modified log-spectral amplitude (OM-LSA) estimator [38].
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Experimental results demonstrate the improved performance obtained by the proposed

algorithm, compared to using the OM-LSA.

Chapter 7 deals with the problem of single-channel audio source separation. A novel
approach is proposed for single-channel blind source separation of speech and music sig-
nals. This approach includes a new codebook for speech signals, as well as a new separa-
tion algorithm which relies on a simultaneous classification and estimation procedure. The
codebook is based on GARCH modeling of speech signals and a GMM for music signals.
Two methods are proposed for classification and estimation. One is based on simultaneous
operations of classification and estimation which jointly minimize a combined Bayes risk.
The second method employs a given (non-optimal) classifier, and applies an estimator
which is optimally designed to yield a controlled level of residual interference and signal
distortion. The GARCH model for the speech signal with several states of parameters en-
ables smooth (diagonal) covariance matrices with possible state switching. Experimental
results demonstrate that for mixtures of speech and piano signals it is more advantageous
to model the speech signal by GARCH than GMM, and the codebook generated by the
GARCH model yields significantly improved separation performance. In addition, the
classification and estimation approach enables the user to control the trade-off between
the distortion of the desired signal caused by missed detection, and the amount of the

residual signal resulting from false detection.

In Chapter 8, we consider the problem of speech dereverberation using MS-GARCH
modeling. We develop an improved dual-microphone speech dereverberation algorithm
which relies on a MS-GARCH modeling of the desired early speech component, which
consists of the direct sound and early reverberation. The model is applied to distinctive
frequency subbands and specifies the volatility clustering of successive spectral coeffi-
cients, while a speech-absence state is used for evaluating the speech presence probability.
Furthermore, an adaptive approach is developed to estimate the parameter for the di-
rect path compensation (DPC) directly from the observed signals. Experimental results
show that using the MS-GARCH modeling rather than the decision-directed approach,
improved results can be obtained. Furthermore, by using the proposed algorithm, the
performance obtained with blindly estimated DPC parameter is comparable to that ob-

tained with an optimal DPC parameter that is calculated from the actual AIR, which is



1.6. LIST OF PUBLICATIONS 21

unknown in practice.
Chapter 9 summarizes the main contributions of this dissertation and presents some

future research directions.

1.6 List of publications

The chapters of this thesis are based on the following publications:

Chapter 3 is based on:

1. A. Abramson and I. Cohen, On the stationarity of Markov switching GARCH pro-
cesses, Econometric Theory, vol. 23, no. 3, pp.485-500, 2007.

Chapter 4 is based on:

2. A. Abramson and I. Cohen, Recursive supervised estimation of a Markov-switching
GARCH process in the short-time Fourier transform domain, IEEE Trans. on Signal
Processing, vol. 55, no. 7, pp. 3227-3238, July 2007.

3. A. Abramson and I. Cohen, Asymptotic stationarity of Markov-switching time-
frequency GARCH processes, in Proc. 30th IEEE Internat. Conf. Acoust. Speech
Signal Processing., ICASSP-06, Toulouse, France May 2006, pp. III 452-455.

Appendix 4.A is based on:

4. A. Abramson and I. Cohen, Markov-switching GARCH model and application to
speech enhancement in subbands, in Proc. 10th Internat. Workshop on Acous. Echo

and Noise Control, IWAENC-2006, Paris, France September 2006. (Best student

paper).
Chapter 5 is based on:

5. A. Abramson and I. Cohen, State smoothing in Markov-switching time-frequency
GARCH models, IEEE Signal Processing Letters, vol. 13, no. 6, pp. 377-380, June
2006.



22 CHAPTER 1. INTRODUCTION

Chapter 6 is based on:

6. A. Abramson and I. Cohen, Simultaneous detection and estimation approach for
speech enhancement, IEEE Trans. Audio, Speech, and Language Processing, vol 15,

no. 8, pp. 2348-2359, Nov. 2007.
Appendix 6.B is based on:

7. A. Abramson and I. Cohen, Enhancement of speech signals under multiple hypotheses
using an indicator for transient noise presence, Proc. 31th IEEE Internat. Conf.
Acoust. Speech Signal Processing., ICASSP-07, pp. IV 533-536, Honolulu, Hawaii
Apr. 2007. (Best student paper finalist).

Chapter 7 is based on:

8. A. Abramson and I. Cohen, Single-sensor audio source separation using classifi-
cation and estimation approach and GARCH modeling, submitted to IEEE Trans.

Audio, Speech, and Language Processing.
and Chapter 8 is based on:

9. A. Abramson, Emanuél A. P. Habets, S. Gannot, and I. Cohen, Dual-microphone
speech dereverberation using GARCH modeling, to appear in Proc. 32th IEEE In-
ternat. Conf. Acoust. Speech Signal Processing., ICASSP-08, Las-Vegas, Apr.
2008.



Chapter 2

Research Methods

In this chapter, we briefly review research methods which were useful during this research.
We start by introducing the GARCH model formulation. We then continue by introducing
a specific formulation for MS-GARCH model with its known conditions for asymptotic
stationarity. The GARCH modeling approach for speech spectral coefficients is briefly re-
viewed with the variance estimation algorithm, as well as spectral enhancement approach.
Finally, we briefly review existing methods for single-sensor blind source separation and

speech dereverberation by using spectral enhancement.

2.1 GARCH Models and stationarity analysis

A linear (p,q)-order GARCH model is defined as follows. Let ¢; denote a real-valued
discrete-time stochastic process, and let 1, denote the information set (o-field) of all

information through time ¢. The GARCH(p, ¢) process is then given by [1]
Et = Ot V¢ (21)

where {v;} are iid random variables with zero mean, unit variance, and some predeter-
mined probability density. The conditional variance of the process, 02 = E{e?|1; 1},

evolves as

q p
O'tz = 5 + Z Oéié??_i + Z ﬂjaf_j (22)
i=1 j=1

23
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where

p = 0, ¢>0,
5 > 0, Q; ZO, 7, = 1,...,q,
ﬁj 2 0, ]: ]_,...,p.

For p = 0 the process reduces to the ARCH(q) process [2], and for ¢ = p = 0 the
process ¢; is simply a white noise. The nonnegativity of the parameters oy, ¢ = 1,...,q
and 3, j = 1,...,p, together with £ > 0, are sufficient to ensure a positive conditional
variance, o2. However, since the conditional variance is a time varying random process,

it is net guarantied in general that the process would be finite.

Theorem 2.1. [1] The GARCH(p, q) process as defined in (2.1) and (2.2) is (asymptot-
ically) wide-sense stationary with E(g;) = 0, lim;_o Var(e;) = &/ ( YT @-)
and Cov(eg, e;) = 0 for t # 7 if and only if Y 1, o + Z§=1 B < 1.

The proof can be found in [1,5].
Theorem 2.1 gives important constraint on the model parameters such that the second-
order moment of the GARCH process would be finite. It also shows that under this

condition, the process is asymptotically wide-sense stationary.

2.1.1 Markov-switching GARCH model

Let S; € {1,...,m} denote the (unobserved) regime at a discrete time t and let s; be
a realization of S;, assuming that {S;} is a first-order stationary Markov chain with
transition probabilities a;; £ p(S; = j|S;1 = i), a transition probabilities matrix A,

"7 & p(S; =1), where ’

{A}ij = a;j, and stationary probabilities m = [my, mo, ..., Ty
denotes the transpose operation.

Incorporating GARCH models with a hidden Markov chain, where each state of the
chain (regime) allows a different GARCH behavior and thus a different volatility struc-
ture, extends the dynamic formulation of the model and potentially enables improved
forecasts of the volatility [6-11]. Unfortunately, the volatility of a GARCH process with

switching-regimes depends on the entire history of the process, including the regime path,

which makes the derivation of a volatility estimator impractical. Many different variants
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have been formulated for Markov-switching GARCH models. One popular formulation in
econometrics is the model proposed by Klaassen [7] as a modification of Gray’s model [6].
These models integrate out the unobserved regime path so that the conditional variance
can be constructed from previous observations only. Accordingly, given the Markovian

active state s; € {1,2}, the conditional variance follows [7]:

Ultz,st = €St + O‘Stg?—l + ﬁStE {O-t2—1,St,1 | Sts ,lvbt—l} : (23)

As can be seen from (2.3), this model formulation originally assumes a degenerated model
with only two-state Markov chain with GARCH(1, 1) in each state. Define a 2 x 2 matrix

C with elements ¢;; = p(Si—1 = j | St = ©)(a; + 3;). Then, we have the following theorem:

Theorem 2.2. [7] Necessary conditions for asymptotic wide-sense stationarity of the
process defined in (2.1) and (2.8) are c11,c90 < 1 and det(I — C) > 0. The asymptotic

conditional variances are then given by:

—g-ot | (2.4)

5] )

2
01

[\

Proof. The unconditional variance under s; can be obtained by taking expectation which

is conditioned on the active state

Ultz,st = gst + aStE [53—1 | st] + ﬁStE [Ut2—1,St71 | St]
= gst + OéstE {E [5?_1 | St—1, St} | St} + ﬁstE {E [Uf—l,st,l St—1, St} | St}
= £St + OéstE {Uf—l,st,l | St} + ﬂStE {0-152—1,3,5,1 ‘ St}

£St + (Oést + 6&) E {Uf—l,st,l ‘ St} : (25)

Next, assume that o?, and o2, are time invariant, and denote them by o7 and o3, respec-

tively. Then

2 2
N (2.6)
o2 & ot
where ¢;; = p(Si-1 =j | St =1) (a; + 3;) and
p(si—1|8:)p(si-1)
Si—118) = . 2.7
p(si1]si) pP(Si1=1]8)p(Sic1 =1) +p(Sim1 =2|5) p(Si—1 = 2) 20

Under the assumption that o7 and o3 exist, (I — C) is invertible and we have (2.4).
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The necessary conditions for the existence of the unconditional variances are derived as
follows. Since we have sufficient conditions for the positivity of the conditional variances
(i.e., & > 0 and ag, G5 > 0 for s = 1,2), all elements of (I — C’)_1 must be non negative
and (I — C’)_l must not have a zero raw. Since c1o = a1 4+ 31 — ¢11 and o1 = g + B2 — a9

we can write

1 - + 61 —
(I—C)' = R €22 a1+ f1 —cn (2.8)
det (I =C) | ay 4 B, — 2 I —cn
Since
ozi—l—ﬁi—cii:(oszﬂi) [1—p(St_1:i|St:i)] ZO (29)

the nonnegativity of (2.8) implies that det (I — C') > 0, so that 1 —c;; > 0 and 1 —c99 > 0.
But ¢;; and ¢ must not equal one, otherwise, det (I — C) < 0. Therefore, necessary

conditions for the existence of stationary variances are cjy,coo < 1 and det (I — C) >

0. O

In Chapter 3 we derive conditions which are both necessary and sufficient for asymp-
totic stationarity, considering any finite-state Markov chain and any (p,q)-order of

GARCH model in each state.

2.2 Time-frequency GARCH model and spectral

speech enhancement

2.2.1 Time-frequency GARCH model

Recall z and d represent speech and uncorrelated additive noise signals, and y = = + d
represents the observed signal. Applying the STFT to the observed signal we have in the
time-frequency domain

Yie = Xk + Dy - (2.10)

Let X" ={Xy|t=0,1,....,7, k=0,..., K — 1} represent the set of clean spectral coeffi-
cients up to frame 7. Let HI* and HE* denote hypotheses for speech present and absence,

respectively, in the time-frequency bin (¢, k), and let

Aiklr 2 B {| X | HEF, X7} (2.11)
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denote the conditional variance of Xy under the hypothesis that speech is present in the
time-frequency bin (¢, k), given the clean spectral coefficients up to time-frame 7. The

time-frequency GARCH (TF-GARCH) relies on the following assumptions [23,25]:

1. Given {\4} and the state of speech presence in each time-frequency bin (HY* or

HE), the speech spectral coefficients { X} are generated by

Xtk = VA Vik (2.12)

where {Vi | HiF} are identically zero, and {Vj | H{¥} are statistically independent
complex random variable with zero mean, unit variance, and independent and iden-

tically distributed (iid) real and imaginary parts:

HE BVl =0, BE{|[Val’} =1,
HEF Ve =0. (2.13)

2. Under H', the real and imaginary parts of Vj;, are iid with Gaussian probability
density.

3. The conditional variance Ay;—1, referred to as the one-frame-ahead conditional vari-

ance, is a random process which evolves as a GARCH(1, 1) process:
Atk|t—1 = Amin + @ \Xt—l,k|2 + (>\t-1,k\t-2 — >\min) (2.14)

where

Amin >0, >0, >0, a+8<1. (2.15)

4. The noise spectral coefficients { Dy} are zero-mean statistically independent Gaus-

sian random variables, with iid real and imaginary parts.

The first assumption implies that the speech spectral coefficients {th | Hﬁk} are condi-
tionally zero-mean statistically independent random variables given their variances { Ay }.
However, the GARCH formulation parameterizes the correlation between successive con-

ditional variances at the same frequency-bin index.
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2.2.2 Variance estimation

Since the conditional variance in the TF-GARCH depends on the entire history of the
process, while observing noisy signal, the conditional variances can not be reconstructed
and need to be estimated. The estimation of the spectral variance from the noisy obser-
vations is estimated by using two steps. First, the conditional variance estimate th\t—l
is being updated one frame ahead in time by using the additional information Y}z, than,
for the next frame the conditional variance is updated based on the model formulation.
Specifically, an estimate for Ay, is obtained by calculating its conditional mean under
H'F given Yy, and j\tk“_l. By definition Ay = |Xw|?. Hence, the update step is obtained
by [24,69]:

A = E{|th|2’Hik>5\tk\t—1>Y;k}

_ gtklt—l )\d7tk ‘l— é-tklt—l |)/;k|2 (216)
1+ &ikpe— T+ &urpe—1

where \g . = FE {|Dy|?} and étk“_l £ S\tk‘t_l/)\d,tk is the a priori SNR. Substituting (2.16)

into the model formulation (2.14) we have the propagation step:

5\tk\t—1 = F {)\tk|t—1 | HE 5‘t—1,k|t—27 Y2—1,k}
= )\min +ak {|Xt—1,k|2 | Hi_Lka 5\t—l,k|t—2a Y;f—l,k} + ﬁ (Xt—l,k\t—2 - Amin)
= Amin + @A 41 + B (5\1&—1,19|t—2 — >\mm> - (2.17)

This two-step estimation method allows estimation of the conditional variances from the
noisy coefficients. It is important to note that the model parameters are generally esti-

mated from a training set using maximum likelihood (ML) approach [5].

2.2.3 Spectral enhancement

Having an estimate for the spectral variances of the speech spectral coefficients, 5\“@, an
estimator for the coefficients Xy is obtained by minimizing the expected distortion given
5%, Adtk, Yu and the a posteriori speech presence probability g 2 (H’i’l‘C | Ytk) [41]:

min £ {d (th>th) | Qures My Ad,thtk} - (2.18)

Xtk
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In particular, restricting ourselves to a squared error distortion measure of the form
. . B 2
d (th>th> = }g (th) -9 (th)‘ (2.19)

where ¢ (X) and g (X) are specific functions which determine the fidelity criteria, the

optimal estimator is calculated from

g (th) = £ {f] (Xe) | @ures Mekes Mg Ytk}
= qw b {fl(th) |H§k,5\tk,)\d,tk,3ﬁk}
+ (1= qu) B {9 (Xu) | Hg", Yie } - (2.20)
Fidelity criteria that are of particular interest for speech enhancement applications are

the MMSE of the STSA [33] and MMSE of the LSA [34]. The MMSE-STSA estimator is
derived by substituting into (2.19) the functions

9 (th> =
| Xw|,  under H*

§(Xu) = . (2.21)
Gmin |Y;gk‘ y under Hgk

Xk

Let Y = |Yig|?/Aase denote the a posteriori SNR and let vy, £ vy étk/(l + étk) The

resulting estimator is given by

Xu = [th Gsrsa (étka %k) + (1 — qu) Gmin] Yik (2.22)
where [33]
Gsrsa (€,7) 2 \é:—vexp (—%) [(1 +v) I (%) +vl (%)] : (2.23)

and I, (-) denotes the modified Bessel function of order v. The MMSE-LSA estimator is

obtained by using the functions

9<th> = log’th
log [ X! , under H

g(Xu) = (2.24)
10g (Gmin |Yir]), under HE .

and the resulting estimator follows

A~ ~ qik
X = Grsa (@k, ’Ytk) GL9% Yy, (2.25)
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where [34]

Grsa(§,7) = 1i£exp (1/00 e;xd:c) : (2.26)

It is important to note, that both estimators (2.22) and (2.25) are insensitive to the phase

estimation error, and they are combined with the phase of the noisy signal [33].

2.3 Single-channel blind source separation

Separation of a mixture of signals observed via a single sensor is an ill posed problem, and
some a priori information is required to enable reasonable reconstructions. In [87-89],
a GMM is proposed for the signals’ codebook in the STFT domain, and in [94,95] an
AR model is proposed with different sets of prediction coefficients for each of the signals
in the time domain. However, each set of AR coefficients, together with the excitation
variance corresponds to a specific covariance matrix in the STF'T domain, similarly to the
GMM. Under each of these models, each framed signal is considered as generated from
some specific distribution which is related to the codebook with some probability, and a
frame-by-frame separation is applied.

Let s1,s, € CV denote the vectors of the STFT expansion coefficients of signals s;(n)
and ss(n), respectively, for some specific frame index. Let ¢; and ¢y denote the active
states of the codebooks corresponding to signals s; and s,, respectively, with known a
priori probabilities p; (i) = p (¢ =14), i = 0,...,m; and py (j) £ p(gz = j), j = 0, ..., my,
and >, p1 (i) = >°;p2(j) = 1. Given that 1 = i and g2 = j, s1 and s, are assumed
conditionally zero-mean complex-valued Gaussian random vectors with known diagonal
covariance matrices, i.e. ,8; ~ CN (O,E ) and sy ~ CN( Z(J ) For the AR model
[35,62,94,95], each set of prediction coefficients in the time domain corresponds to a
specific covariance matrix in the STFT domain, up to scaling by the excitation variance.
Assuming sufficiently long frames, these covariance matrices are considered as diagonal
[95].

Based on a given codebook, it is proposed in [88] and [95] to first find the active pair
of states {7,7} = {q1 = i,¢2 = j} using a maximum a posteriori (MAP) criterion:

{i 5} = argmaxp (x4, ) p (i, 5) (2.27)

2,
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where x = s1+89, p(-]4,7) =p(-| 1 = i,¢q2 = j), and for statistically independent signals
p(i,7) = p1 (i) p2 (7). Subsequently, conditioned on these states (i.e., classification), the

desired signal may be reconstructed in the mmse sense by

5 = E{sl|x,%,j}
- (s 0

Wi x (2.28)

and similarly! §, = Wi x. Alternatively [35,88,90], the desired signal may be recon-

structed in the mmse sense directly from
él = F {Sl |X}
= Ei{E[s1|x,4 4]}
= > p(i,jlx) Wix. (2.29)

Z‘?j

In case of additional uncorrelated stationary noise in the mixed signal, i.e.,
X =81 + Sy + d (230)

with d ~ CN (0,X), the covariance matrix of the noise signal is added to the covariance

matrix of the interfering signal, and then the signal estimators remain in the same forms.

2.4 Speech dereverberation

A generalized statistical reverberation model has been proposed in [73-75]. Accordingly,

the AIR A (n), can be split into two segments, h. (n) and h; (n):

he(n), 0<n<T,
h(n)=9 m(n), n>T, . (2.31)

0, otherwise

The value T, is chosen such that h. (n) contains the direct path, and that h; (n) contains
of all later reflections. To enable modeling the energy related to the direct path, the

!Note that in this section the index i always refers to the signal s; and the index j refers to the other

_ . N
signal sp. Therefore, Wj; = 2@” (2?) + Eéj)) .
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following model is used:

be (n)e™, 0<n<T,
he (n) = , (2.32)

0, otherwise

where b, () is a white zero-mean Gaussian stationary noise signal and ¢ is linked to the

reverberation time?, Tyy. The reverberation component h; (t) follows

b(t)e®, t>T,
h(t) = : (2.33)

0, otherwise

where b; (n) is a white zero-mean Gaussian stationary noise signal. It is assumed that

be (n) and b; (n) are uncorrelated, and the energy envelope of h (n) can be expressed as

o2e™ . 0<n<T,
Ey{h*(n)} =9 ofe™, n>T, (2.34)

0, otherwise

where 02 and o7 denote the variances of b, (n) and b (n), respectively, and generally,
o2 > o}
Considering a speech signal = (n) which is propagates towards a microphone, through

a room with AIR & (n), the received signal can be denoted as
y(n) = e (n) + i (n) +d(n) (2.35)

where z. (n) is the early speech component, z; (n) is the late reverberant signal, and d (n) is
an uncorrelated additive noise. Spectral enhancement approach for speech dereverberation
is aimed at estimating the early speech component from the noisy observation by using a

time-frequency dependent gain function. Consequently, in the STF'T domain we have
X, (t,k) =Gt k)Y (t,k) . (2.36)

The gain function may be obtained by means of spectral subtraction [74] or MMSE-
LSA sense [75]. In any case, the spectral variances of both the early speech component,

Ae (k) = E{|X. (t, k)|2}, and of the late reverberant signal, \; (¢, k) = E {|X, (¢, k:)|2},

2The reverberation time, Tg, is defined as the time for the reverberation level to decay to 60 dB below

the initial level.
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are estimated from the observed signal based on the reverberation model. Accordingly,

while evaluating the gain function, the a priori and a posteriori SNRs are given by

~

A B e (¢, k)
§(tk) = A (k) + A (8, F)
Yt k) = < Y (¢, ) : (2.37)

A (t k) + A (t, k)



34

CHAPTER 2. RESEARCH METHODS



Chapter 3

Stationarity Analysis of

Markov-Switching GARCH

Processes’

GARCH models with Markov-switching regimes are often used for volatility analysis of fi-
nancial time series. Such models imply less persistence in the conditional variance than the
standard GARCH model, and potentially provide a significant improvement in volatility
forecast. Nevertheless, conditions for asymptotic wide-sense stationarity have been de-
rived only for some degenerated models. In this chapter, we introduce a comprehensive
approach for stationarity analysis of Markov-switching GARCH models, which manipu-
lates a backward recursion of the model’s second-order moment. A recursive formulation
of the state-dependent conditional variances is developed and the corresponding conditions
for stationarity are obtained. In particular, we derive necessary and sufficient conditions
for the asymptotic wide-sense stationarity of two different variants of Markov-switching
GARCH processes, and obtain expressions for their asymptotic variances in the general

case of m-state Markov chains and (p, ¢)-order GARCH processes.

!This chapter is based on [121].

35
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3.1 Introduction

Volatility analysis of financial time series is of major importance in many financial applica-
tions. The generalized autoregressive conditional heteroscedasticity (GARCH) model [1]
has been applied quite extensively in the field of econometrics, both by practitioners
and by researchers, and shown to be useful for the analysis and forecasting the volatility
of time-varying processes such as those pertaining to financial markets. Incorporating
GARCH models with a hidden Markov chain, where each state of the chain (regime)
allows a different GARCH behavior and thus a different volatility structure, extends
the dynamic formulation of the model and potentially enables improved forecasts of the
volatility [6-11]. Unfortunately, the volatility of a GARCH process with switching-regimes
depends on the entire history of the process, including the regime path, which makes the

derivation of a volatility estimator impractical.

Cai [12] and Hamilton and Susmel [13] applied the idea of regime-switching parameters
into ARCH specification. The conditional variance of an ARCH model depends only on
past observations, and accordingly the restriction to ARCH models avoids problems of infi-
nite path dependency. Gray [6], Klaassen [7] and Haas, Mittnik and Paolella [8], proposed
different variants of Markov-switching GARCH models, which also avoid the problem of
dependency on the regime’s path. Gray introduced a Markov-switching GARCH model
relying on the assumption that the conditional variance at any regime depends on the
expectation of previous conditional variances, rather than their values. Accordingly, the
conditional variance depends only on some finite set of past state-dependent, expected
values via their conditional state probabilities, and thus can be constructed from past ob-
servations. Klaassen proposed modifying Gray’s model by conditioning the expectation of
previous conditional variances on all available observations and also on the current regime.
A different concept of Markov-switching GARCH model has recently been introduced by
Haas, Mittnik and Paolella. Accordingly, a finite state-space Markov chain is assumed to
govern the ARCH parameters while the autoregressive behavior of the conditional vari-
ance is subject to the assumption that past conditional variances are in the same regime

as that of the current one.

Markov-switching GARCH processes, as well as the standard GARCH process, are
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nonstationary as their second-order moments change recursively over time. However, if
these processes are asymptotically wide-sense stationary then their variances are guar-
antied to be finite. A necessary and sufficient condition for the stationarity of a (single-
regime) GARCH(p, ¢) process has been developed in [1]. Condition for the stationarity
of a natural, path-dependent Markov-switching GARCH(p, ¢) model, has been developed
in [122], and in [14] a deep analysis of the probabilistic structure of that model is de-
rived with conditions for the existence of moments of any order. In [15-17], stationarity
analysis has been derived for some mixing models of conditional heteroscedasticity, and
conditions for the asymptotic stationarity of some AR and ARMA models with Markov-
regimes has been derived in [18-22]. However, for the Markov-switching GARCH models
described above, which avoid the dependency of the conditional variance on the chain’s
history, stationarity conditions are known in the literature only for some special cases.
Klaassen [7] developed necessary (but not necessarily sufficient) conditions for stationarity
of his model in the special case of two regimes and GARCH modeling of order (1,1). A
necessary and sufficient stationarity condition has been developed by Haas, Mittnik and
Paolella [8] for their Markov-switching GARCH model, but only in case of GARCH(1, 1)

behavior in each regime.

In this chapter, we develop a comprehensive approach for stationarity analysis of
Markov-switching GARCH models, in the general case of m-state Markov chains and
(p, q)-order GARCH processes. We specify the unconditional variance of the process us-
ing the expectation of the regime dependent conditional variances, and assume no history
knowledge of the process except for the model parameters. The expectation of the con-
ditional variance at a given regime is then recursively constructed from the conditional
expectation of both previous conditional and unconditional variances. Consequently, we
obtain a complete recursion for the expected vector of state dependent conditional vari-
ances. The recursive vector form is constructed by means of a representative matrix which
is built from the model parameters. We show that constraining the largest absolute eigen-
value of the representative matrix to be less than one is necessary and sufficient for the
convergence of the unconditional variance, and therefore, for the asymptotic stationarity
of the process. We derive stationarity conditions for the general formulation of the two

variants of Markov-switching GARCH models introduced by Klaassen and Haas et al..
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We show that our results reduce in some degenerated cases to the stationarity condi-
tions developed by Bollerslev [1], Klaassen [7] and Haas et al. [8]. Furthermore, we show
that the stationarity conditions developed by Klaassen are not only necessary but also
sufficient for asymptotic stationarity of his model.

This chapter is organized as follows: In Section 3.2, we review the variants proposed
by Klaassen and Haas et al. for Markov-switching GARCH models, and develop compre-
hensive necessary and sufficient conditions for asymptotic stationarity appropriate for the
general formulation of the models. In Section 3.3, we derive relations between our results

and previous works.

3.2 Stationarity of Markov-switching GARCH mod-

els

Let S; € {1,...,m} denote the (unobserved) regime at a discrete time t and let s; be
a realization of S;, assuming that {S;} is a first-order stationary Markov chain with
transition probabilities a;; = p(S; = j|S;_1 = i), a transition probabilities matrix A,
{A}ij = a,j, and stationary probabilities m = [71, 79, ..., 7], T = p(S; = i), where ’
denotes the transpose operation. Let Z; denote the observation set up to time ¢, and
let {v;} be a zero-mean unit-variance random process, with independent and identically

distributed elements. Given that S; = s;, a Markov-switching GARCH model of order

(p, q) can be formulated as

&t = O¢,5, V¢ (31)
where the conditional variance of the process o7, = E{e} | Sy = s;,Z;—1} is a function of

p previous conditional variances and ¢ previous squared observations.

Klaassen [7] and Haas, Mittnik and Paolella [8], proposed different variants of Markov-
switching GARCH models. The former is a modification of Gray’s model [6]. Each
of these overcomes the problem of dependency on the regime’s path encountered when
naturally integrating the GARCH model with switching-regimes. However, conditions

for these models to be asymptotically wide-sense stationary and therefore to guarantee a
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finite second-order moments, are known only for some special cases. Klaassen developed
necessary conditions for the stationarity of his model in the case of two-state Markov
chain and GARCH of order (1,1). Hass et al. gave a necessary and sufficient stationarity
condition for their model, but this condition is restricted to a first-order GARCH model
in each of the regimes (i.e., p = ¢ = 1). We first review these variants of Markov-
switching GARCH models, which we call MSG-I and MSG-II, respectively. Then we
develop necessary and sufficient conditions for their asymptotic wide-sense stationarity

and derive their stationary variances.

3.2.1 MSG-I model

Gray [6] proposed to model the conditional variance of a Markov-switching GARCH model
as dependent on the expectation of its past values over the entire set of states, rather than
dependent on past states and the corresponding conditional variances. Accordingly, the

state dependent conditional variance follows

q p
2 2 2
Oisy = &t Z Qs T Z Bjs B (Q—j ‘It—j—l)
i=1 j=1

q P m
= Lt ) ing Y Biw Y p(Sij=s|T) ot . (32)
i=1 jzl St,jzl
and the following constraints
£:>0, 5, >0, Bjs, >0, i=1,..,q, i=1,..,p, ss=1,...,m (3.3)

are sufficient for the positivity of the conditional variance.

Gray’s model integrates out the unobserved regime path so that the conditional vari-
ance can be constructed from previous observations only. As a consequence, there is no
path dependency problem although GARCH effects are still allowed. Empirical analy-
sis of modeling financial time series demonstrates that this Markov-switching GARCH
model implies less persistence in the conditional variance than the standard GARCH
model, and in addition, its one-step ahead volatility forecast significantly outperforms the

single-regime GARCH model (see, for instance [6,9,11]).
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Klaassen [7] proposed modifying Gray’s model by replacing p (S;—; = s4—j | Z;—;j—1) in
(3.2) by p(Si—j = si—j | Zt—1, St = s;) while evaluating UzSt. Consequently, all available
observations are used, as well as the given regime in which the conditional variance is
calculated. The conditional variance according to Klaassen’s model (denoted here as

MSG-I) is given by

q p m
2 2 2
0l =ba+ D> Cisei i+ Bis D, P(Sij =911 T, Si=s)07 ., (34)
i=1 ]:1 St—jzl

and the same constraints (3.3) are sufficient for the positivity of the conditional variance.

Both models integrate out the unobserved regimes for evaluating the conditional vari-
ance. However, Klaassen’s model employs all the available information while Gray’s model
employs only part of it since it does not utilize all the available observations and the as-
sumed regime in which the conditional variance is being calculated. Specifically, if process’
regimes are highly persistent, then both the current state s; and the previous innovation
£,_1 give much information about previous states and thus the conditional probability of
s¢—1 given all the observations up to time ¢t —1 and the next state, is substantially different
from the probability of s;_; which is conditioned only on observations up to time t —2 [7].
In contrast to Gray, Klaassen do manipulate this information in his model while eval-
uating the expectation of previous conditional variances. Furthermore, the formulation
(3.4) better exploits the available information, and its structure yields straightforward

expressions for the multi-step ahead volatility forecasts [7,9].

The unconditional variance of the MSG-I process, defined in (3.1) and (3.4), can be

calculated as follows:

L [83} = EIt71,St [E (83 ‘It—17 St)}

m
= Fs, I:El—t—l (aiSt | st)] = Z s, B, | (O'zSt | st) ) (3.5)

si=1
For notation simplification, we shall use E(-|s;) and p(-|s;) to represent E(-|S; =
s¢) and p(-| Sy = s;), respectively, where s; represents the regime realization at time ¢.

Furthermore, we shall use Fj () to denote the expectation over the information up to time
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t, i.e., Ez, (). The expectation of the regime dependent conditional variance follows
q
Et—l [O-tz,st | St} = gst + Z ai,stEt—l [51%_1' ‘ St}
i=1

+ Z/@g st Z Ei [ St—j |It—175t) 0-152_‘]‘7st7j ‘ St] ) (3-6)

St— ]:1
where the expectation over €7 ; can be obtained by

Ei [c":‘?_i‘st] = Z /I 5t D (Ze—1 |56, 80—3) P (51—i | 8¢) ALy

St—q i=1

= Z p (St—i ‘ St) Ei [63_2- | St—is St} . (3-7)

St,izl
Note that given the current active state, the expected absolute value is independent of

any future states. Therefore,

By [ef i simivs)] = Eia[g] | sei)
= /I / 5?_2']9 (5t—i |It—i—17 St—i)p (It—i—l ‘ St—i) dep—idLy ;4
= B [E(e] | Timic, Sei) | 51—i]
— B [af_ st_z} . (3.8)

Furthermore, the conditional expectation over the conditional variance in (3.6), weighted

by the current state probability can be obtained by
Ei 4 [p (St—j | Zi—1,5¢) Utz_];stfj | St] = / Uf_j7st,jp (St—j | Zi1,50) p(Zi-1 | 8¢) ALy
Ti—a

= / Uf_j,st,jp (Zi1 | 81—j5 5t) p (81— | s¢) dZp—1
Ti—1
= D (gl 50 By |08 g, 150 - (3.9)

Consequently, the expectation of the conditional variance at a given regime s; can
be recursively constructed, according to the model definitions, from both expectation of
previous conditional variances and expected squared values given the current regime s;.
Let r = max {p, ¢} and define a;, = 0 for all i > q and B;; £ 0 for all i > p. Then, by
substituting (3.7), (3.8) and (3.9) into (3.6) we obtain

By (o7 8] =&+ (i +Bis) Y plsimi|50) Eina [af iy | St— z}, (3.10)

i=1 St— 2—1
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and applying Bayes’ rule we have

p(si-ils) = —=p(se|si-i) = T {Ai}SH& : (3.11)

The expected state dependent conditional variance (3.10) is recursively generated from a
weighted sum of its previous expected values through their conditioned probabilities and

the model parameters. Let £ = [, ..., &), let £ be an m-by-m matrix with elements

()5 2 (et B) 2 {45, 85 =L, (312

s

and let h, = [E,_; (0711S:=1),.... By (07, | Sy =m)]" be an m-by-1 vector of the

expected state dependent conditional variances. Then, we have

hy=¢+) K. (3.13)

=1

Define the rm-by-1 vectors h, £ [hé, hi |, ..., hg_m}’ and € & [€/,0,...,0]" , and let

[ ) @ K ]
I, 0, . 0,,
Om I
Uy £ (3.14)
O - 0 I, O

be an mr-by-mr matrix where I, represents the identity matrix of size m-by-m and 0,,
is an m-by-m matrix of zeros. Then a recursive vector form of the expected conditional

variance (3.13) can be written as

hy =€+ Uh,_,, t>0, (3.15)

with some initial conditions fl_l.
Let p(-) denote the spectral radius of a matrix, i.e., its largest eigenvalue in modulus,
and let A; be an m-by-m square matrix built from the mr-by-ms matrix (I — ¥)~" such

that {Ar};; = {(1- \III)_l}ij , 4,7 =1,...,m. Then we have the following theorem:
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Theorem 3.1. An MSG-I process as defined by (3.1) and (5.4) is asymptotically wide-

sense stationary with variance limy .o E (e2) = w' A€, if and only if p (V7)) < 12.

Proof. The recursive equation (3.15) can be written as

t—1
b, =Why+ Y WE, t>0. (3.16)

i=0
According to the matrix convergence theorem (e.g., [124, pp. 327-329]), a necessary and
sufficient condition for the convergence of (3.16) for t — oo is p(¥;) < 1. Under this
condition, W} converges to zero as t goes to infinity and 3'_} Wi converges to (I — ;) ™",
where the matrix (I — ) is then guaranteed to be invertible. Therefore, if p (V) < 1,
equation (3.16) yields
Jim h, = (I—) '€, (3.17)
By definition, the first m elements of h, constitute the vector h;, while the first m
elements of € constitute the vector &, and the remaining elements of € are zeros. Conse-
quently,
tli)rgo h, = A€ (3.18)

and using (3.5) we have

lim E (g) = w'As€. (3.19)

t—o0
Otherwise, if p(¥;) > 1, the expected variance goes to infinity with the growth of the

time index. O

3.2.2 MSG-II model

Another variant of Markov-switching GARCH model has recently been proposed by Haas,
Mittnik and Paolella [8]. This model assumes that a Markov chain controls the ARCH
parameters at each regime (i.e., & and «; ), while the autoregressive behavior in each
regime is subject to the assumption that past conditional variances are in the same regime
as that of the current conditional variance. Specifically, the vector of conditional variances

248 (.2 2 2 7 e g
o; = [atvl,at’z, “"Ut,m] is given by

2Note that for a matrix with nonnegative elements, there exists a real eigenvalue which is equal to the

spectral radius [123, p. 288].
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q p
of =&+ i +) BYo; . (3.20)
i=1 j=1

where a; £ i1, .., @im)s i = 1,...,q, and Bj = [Bj1, -, Bjm)s § = 1, ..., p, are vectors
of state dependent GARCH parameters, and BU) édiag{ﬁj} is a diagonal matrix with
elements (3; on its diagonal. The same constraints which are sufficient to ensure a positive
conditional variance in MSG-I model (3.3) are also applied here to guaranty the positivity

of the conditional variance.

Note that the conditional variance at a specific regime depends on previous conditional
variances of the same regime through the diagonal matrices BY). Consequently, this model
allows derivation of the conditional variance at a given time from past observations only.
Furthermore, the MSG-II model is analytically more tractable than MSG-I model [§]
and its conditional variance can be straightforwardly constructed since the conditional
variance at a specific time does not depend on previous state probabilities but only on

previous observations and previous conditional variances.

Let a; be an m-by-1 vector of zeros for i > ¢ and let BY) = 0, for j > p. Let Q0

denote an m?2-by-m? block matrix of basic dimension m-by-m

o o oo
@ 0 o
Q(z) A Ql2 Q22 Qm2 ’ (321)
o0, Al ol
with each block given by
O 2 (S, =5]S=35) (e, +BY), s5=1,...m, (3.22)

where e, is an m-by-1 vector of all zeros, except its sth element which is one. We define

an rm?2-by-rm? matrix by
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[ Q) Q@ Q0 |
Lz Oy Oz
N
we . (3.23)
Oz -+~ Oz Iz O

Let Ay be an m2by-m? matrix which is built from the rm2by-rm? matrix (I — ¥y)~"
such that {Ap};; = {(1- \IIH)_l}Z.j, i,j=1,...,m? Let # = [m€],me),...,mme. |, then

we get the following theorem for the stationarity condition of an MSG-II process:

Theorem 3.2. An MSG-II process as defined by (3.1) and (3.20) is asymptotically wide-

sense stationary with variance limy_o, E (e2) = 7' Ag€, if and only if p(V;7) < 1.

The proof is given in Appendix 3.A.

3.2.3 Comparison of stationarity conditions

It has been pointed out in [8], that stationarity of the MSG-II model with p = ¢ = 1
requires that the regression parameters 3; ; < 1 for all s. It follows from (3.20) that for
general order (p, ¢), it is necessary that ", ;s < 1 . However, the reaction parameters
o; s may become rather large with correspondence to the regime probabilities. For MSG-I
and model, the reaction parameters o, as well as the regression parameters 3; ; may
be larger than one, provided that the corresponding regime probabilities are sufficiently
small. Furthermore, in the representative matrix Wy (3.14) the reaction parameters and
the regression parameters are weighted by the same weights p (S;_; = s|S; = §). Conse-
quently, for a given state s, the values of ;s and 3;; in MSG-I model have the same
contribution to the model stationarity®, but for MSG-II model, each of them affects dif-
ferently the heteroscedasticity evolution. Figure 3.1 illustrates the stationarity regions
for MSG-I model (solid line) and MSG-II (dashed-dotted line), in the case of two-state
Markov chains and GARCH of order (1,1). In (a), the regime transition probabilities are

3This also holds for the natural extension of GARCH(p,q) to Markov-switching, which has been
analyzed in [122].
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a;1 = 0.6 and ag s = 0.7 and the reaction parameters are a;; = 0.4 and ;2 = 0.5. The
stationarity region is the interior intersection of each curve and the two axes. In (b),
a1 = 0.2, ags = 0.3 are considered with reaction parameters a;; = 0.8 and a; 9 = 0.2.
For the MSG-I model, stationarity is allowed with regression parameters larger than one
while for the MSG-II, 3,1 and (3 » must be both smaller than one for stationarity. In both
cases, my > my, however, in (a) the stationarity region of the MSG-II is contained in the
stationarity region of MSG-I while in (b), in which case ag 1 >> a2, for 811 € [0.2,0.55]
stationarity is achieved with a larger 3, o for the MSG-II than for the MSG-I.

3.3 Relation to other works

Klaassen [7] developed conditions which are necessary, but not necessarily sufficient, for
asymptotic stationarity of a two-state MSG-I model of order (1,1). Consider the 2-by-2

matrix C' with elements
cij = aj; (r; + Pry) mj/m, i, =1,2, (3.24)
Klaassen showed that the stationary variance of the process is given by
ol =n'(I-C)'¢, (3.25)
and that the conditions:
11, ¢ < 1, and det(I — C) >0, (3.26)

are necessary to ensure that the stationary variance is finite and positive.

For the special case of our analysis for GARCH orders of (1, 1) and MSG-I model with
two states, the representative matrix Wy reduces to matrix C' and the stationary variance
reduces to the expression given in (3.25). Metzler showed [125] that for a nonnegative
matrix C (i.e., ¢;; > 0), p(C) < 1 if and only if all of the principal minors of (I — C') are
positive. Furthermore, together with Hawkins-Simon condition [126], p (C') is less than one
if and only if (1 — C’)_1 has no negative elements. Therefore, for the nonnegative matrix
C, the condition ¢y, < 1 implies det(/ — C) > 0 and it is equivalent to p (C) < 1.
Accordingly, the conditions of Klaassen are not only necessary but also sufficient for

asymptotic stationarity.
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Figure 3.1: Stationarity regions for two-state Markov-chains with GARCH of order (1, 1) corre-
sponding to MSG-I (solid line) and MSG-II (dashed-dotted line). The regime transition proba-
bilities and the reaction parameters are (a) a1 = 0.6, ag2 = 0.7 and a1 = 0.4, ag 2 = 0.5; (b)

a1 = 0.2, a2 = 0.3 and ay1 = 0.8, Q12 = 0.2.
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A necessary and sufficient condition for asymptotic stationarity of an MSG-II model
of order (1, 1) has been developed by Haas et al. [8]. Accordingly, the largest eigenvalue

in modulus of an m2-by-m? block matrix D is constrained to be less than one, where

Dll D21 Dml
D= '12 '22 . 2 (327)
Dlm D2m Dmm

is built from matrices D;; of size m-by-m which are obtained by

The stationarity analysis in [8] for an MSG-II process employs a forward recursive
calculation of the expected conditional variance, assuming some initial conditions. As a
result, the probabilities of state transitions, a;;, are used for evaluating the expectation of
the one step ahead conditional variance. Our analysis manipulates a backward recursion
of the conditional variance expectation, and thus, it uses the stationary probabilities of
the Markov chain, along with the transition probabilities, to generate previous conditional
states probabilities p (s;—; | s¢). Therefore, when we degenerate the MSG-II model to order
p = q = 1 (which is the case analyzed in [8]) the block matrices D (3.27) and ¥y (3.23)

are not identical, and specifically, for that order of model we have ¥; = QM) and

Wiaij

1

TjQj;
Although our representative matrix ¥y and that developed in [8] do not share the same
elements, we show in Appendix 3.B that their eigenvalues are identical and therefore both
conditions are equivalent for that order of MSG-II.

A special case of any of the MSG models is a degenerated case of having a single
regime of order (p,q) (the models reduce to a standard GARCH(p, ¢) model). In that
case, the representative matrices are equal, W; = Wy, Francq, Roussignol and Zakoian
[122] developed a stationarity condition for the natural case of Markov-switching GARCH
model, in which case the conditional variance depends on the active regime-path. For
the special case of a single-regime model they got the transition matrix of a standard

GARCH(p, ¢) model which is equal to that which is derived e.g., by substituting £ =
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a;1+ 01 and I} = 11in (3.14). They showed that having the spectral radius of that matrix
to be less than one is equivalent to Bollerslev’s condition for the asymptotic wide-sense

stationarity of a GARCH(p, q) model, > ., (a;1 + Bi1) < 1 [1].

3.4 Conclusions

Conditions for asymptotic wide-sense stationarity of random processes with time-variant
distributions are useful for ensuring the existence of a finite asymptotic volatility of the
process. We developed a comprehensive approach for stationarity analysis of Markov-
switching GARCH processes where finite state space Markov chains control the switching
between regimes, and GARCH models of order (p, q) are active in each regime. Necessary
and sufficient conditions for the asymptotic stationarity are obtained by constraining the
spectral radius of representative matrices, which are built from the model parameters.
These matrices also enable derivation of compact expressions for the stationary variance

of the processes.

3.A Proof of Theorem 3.2

In this appendix we prove Theorem 3.2, which gives necessary and sufficient condition for
the asymptotic wide-sense stationarity of MSG-II model and also its stationary variance.
Following (3.20) and (3.5), the expectation of the MSG-II conditional variance under

a chain state s, follows:
q p
Et—1(0152,s ‘ St> = gs —+ Z ai,sEt—l (8?_1- ‘ St) + Z 6j,sEt—1(O-tz_j,s | St) (330)
i= =1
where using (3.7) and (3.8)

Et15t1|8t :Zpst i|s¢) Et11<0t2,8“|8t Z), (3.31)

St—i=1

and

Ei (07 . 1st) = Es,_, [Eia(o] ;| si—j,51)]

m

= > p(segls) Bria (07, 0s05) - (3.32)

St—j=1
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The main difference between an MSG-II model and MSG-I model is that the conditional
variance depends on previous conditional variances of the same regime, regardless of the
past regimes path. By contrast, for MSG-I model, the conditional variance is a linear
combination of past state-dependent conditional variances, where for each one the state
is conditioned to be the active one. Consequently, the computation of the unconditional
variance for an MSG-II model requires the terms Ey_;_i(o7 ;| si—;) for all s = 1,...,m,
while in case of MSG-I model, only Et_j_l(af_j,sw | s¢—;) is relevant to calculate the
expectation of the unconditional variance. Accordingly, an m?2-by-1 vector is necessary
to represent Et_l(azs | s¢) elements, and rm?-by-rm? matrix is employed for the recursive
formulation.

By substituting (3.32) and (3.31) into (3.30) we have

St—i) + BisEria (Uf_i,s ‘ St—i):| .
(3.33)

Let gt (S, St) = Et—l (0"25 | St)a and let 12 = [gt (1a ]-) y gt (27 1) y o Gt (mv 1) y Gt (1a 2) y ey Gt (m> m)]/

be a vector of expected, state dependent, conditional variances. Then, a recursive formu-

Et—l(Utz,s | s1) = §S+Z Z P (si—ilst) [Oéi,sEt—i—l <Ut2_i,st7i

i=1 s¢t_;=1

lation of the conditional variance is given by
=&+ Wyg, t>0, (3.34)

where g = [g), g _, ..., g;_m}/. The completion of this proof follows the proof of

Theorem 1.

3.B Equivalence with Haas condition

In this appendix we show that the eigenvalues of matrices D (3.27) and ¥ = QW) (3.23)
are equal for the case of an m-state MSG-II model of order (1,1).

Let D denote an m2-by-m? matrix that is given by

BY + o€ O e O
. O B 4+ ael
D é 2 O I (335>
O e Om  BY +ayel,
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and let ® denote the Kronecker product. Then D = D (A’ ® I,,). Let 1,, denote an
m-by-1 vector of ones and let P £ diag(mw ® 1,,). By substituting (3.28) into (3.29), we

have
Qb — %ai]— (BY + ae)) (3.36)
J
and
Qb = p~(A' ® I,,) DP. (3.37)

Therefore, Q) and (A’ ® I,,,) D are similar matrices, and the spectrum of Q). eig{ QW },

satisfies

cig {QW} = eig {(A' ® I,,) D} — cig {D (A Im)} — cig {D} . (3.38)
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Chapter 4

Markov-Switching GARCH Process

in the Short-Time Fourier Transform

Domain!

In this chapter, we introduce a Markov-switching generalized autoregressive conditional
heteroscedasticity (GARCH) model for nonstationary processes with time-varying volatil-
ity structure in the short-time Fourier transform (STFT) domain. The expansion coeffi-
cients in the STFT domain are modeled as a multivariate complex GARCH process with
Markov-switching regimes. The GARCH formulation parameterizes the correlation be-
tween sequential conditional variances while the Markov chain allows the process to switch
between regimes of different GARCH formulations. We obtain a necessary and sufficient
condition for the asymptotic wide-sense stationarity of the model, and develop a recursive
algorithm for signal restoration in a noisy environment. The conditional variance is esti-
mated by iterating propagation and update steps with regime conditional probabilities,
while the model parameters are evaluated a priori from a training data set. Experimental
results demonstrate the performance of the proposed algorithm.

In Appendix 4.A, we introduce an application of the Markov-switching GARCH model
in the STFT domain to speech enhancement. A GARCH model is utilized with Markov
switching regimes, where the parameters are assumed to be frequency variant. The model

parameters are evaluated in each frequency subband and a special state (regime) is de-

!This chapter is based on [127,128].
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fined for the case where speech coefficients are absent or below a threshold level. The
problem of speech enhancement under speech presence uncertainty is addressed and it is
shown a soft voice activity detector may be inherently incorporated within the algorithm.
Experimental results demonstrate the potential of our proposed model to improve noise

reduction while retaining weak components of the speech signal.

4.1 Introduction

The generalized autoregressive conditional heteroscedasticity (GARCH) model is widely-
used in the field of econometrics for volatility forecast derivation of economic rates. This
model, first introduced by Bollerslev [1] as a generalization of the ARCH model [2], explic-
itly parameterizes the time-varying volatility by using both recent conditional variances
and recent squared innovations. GARCH models preserve the persistence of the process
volatility in the sense that small variations tend to follow small variations and large varia-
tions tend to follow large variations. Incorporating GARCH models with hidden Markov
chains, where each state (regime) of the chain implies a different GARCH behavior, ex-
tends the dynamic formulation of the model and enables a better fit for a process with a
more complex time-varying volatility structure [7-9]. However, a major drawback of such
models is that estimating the volatility with switching-regimes requires knowledge of the
entire history of the process, including the regime path. Consequently, Cai [12] and Hamil-
ton and Susmel [13] proposed a Markov-switching ARCH model, which avoids problems of
path dependency in a noiseless environment. The conditional variance in ARCH models
depends on previous observations only, so the Markov chain does not have to be known for
constructing the conditional variance for a given regime. Gray [6] introduced a variant of
Markov-switching GARCH model relying on the assumption that the conditional variance
given current regime is dependent on the ezpectation of the previous conditional variances
rather than their values. Accordingly, the conditional variance depends on some finite,
state dependent, expected conditional variances via their conditional state probabilities.
Klaassen [7] proposed modifying Gray’s model by manipulating the current regime and
all available observations while evaluating the expectation of previous conditional vari-

ances. A different method for reducing the dependency of the conditional variance on
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past regimes has recently been proposed by Haas, Mittnik and Paolella [8]. Accordingly,
a Markov chain governs the ARCH parameters while the autoregressive behavior of the
conditional variance is subject to the assumption that past conditional variances are in
the same regime as that of the current conditional variance. Gray, Klaassen and Haas et
al. developed their variants of Markov-switching GARCH models for improved volatility
forecasts of financial time-series under possible existence of shocks. They assumed that
a process is observed in a noiseless environment so that its past observations provide a

complete specification of its current conditional variance, for any given regime.

Recently, GARCH models have been employed for modeling speech signals in the time-
frequency domain [23-25]. Speech signals in the short-time Fourier transform (STFT)
domain demonstrate both “variability clustering” and heavy tail behavior similarly to fi-
nancial time-series [25]. Motivated by these characteristics, it was proposed to model the
conditional variance of speech signals in the STFT domain by a complex, K-dimensional
GARCH model, with statistically independent elements (given past information) sharing
the same GARCH specification. This time-frequency GARCH (TF-GARCH) model has
been shown useful for speech enhancement applications, but it relies on the assumption
that the model parameters are time-invariant. In [26], a GARCH model has been utilized
in the time domain for speech recognition applications. The model parameters, charac-
terizing the speech phonemes, are assumed speaker independent and time-varying. It was
shown that estimating the GARCH specifications for each speech segment and using the
parameters as part of the signal characteristics, speech recognition performance can be

improved.

In this chapter, we introduce a Markov-switching time-frequency GARCH (MSTF-
GARCH) model which exploits the advantages of both the conditional heteroscedasticity
structure of GARCH models and the time-varying characteristics of hidden Markov chains.
Modeling probability density functions of speech signals by utilizing hidden Markov mod-
els has been found useful in speech recognition applications [63-65], and modeling the
speech spectral coefficients as hidden Markov processes with a probability density proto-
type in each frame was applied to the problem of speech enhancement [35,62]. Here we
model the expansion coefficients of nonstationary random signals in the time-frequency

domain as multivariate complex GARCH processes with Markov-switching regimes, and
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obtain a necessary and sufficient condition for the asymptotic wide-sense stationarity of
the model. A corresponding recursive algorithm is developed for signal restoration in a
noisy environment. The conditional variance is estimated by iterating propagation and
update steps with regime conditional probabilities. The model parameters are estimated
from a training data set prior to the signal restoration using maximum-likelihood (ML)
approach, and the number of states is assumed to be known. We show that the derivation
in [117] of bounds on the mean-square error (MSE) of a composite source signal estimation
is applicable for obtaining an upper bound on the MSE of a single step MSTF-GARCH
estimation. Experimental results demonstrate the improved performance of the proposed
algorithm for restoration of MSTF-GARCH process compared to using an estimator which
assumes a stationary process and compared to using an estimator which assumes a smaller
number of regimes than the process actually has. Furthermore, it is demonstrated that the
squared absolute values of speech coefficients in the STF'T domain are better evaluated
by using the MSTF-GARCH model than by using the decision-directed approach.

This chapter is organized as follows. In Section 4.2, we introduce the Markov-switching
time-frequency GARCH model and obtain a necessary and sufficient condition for its
asymptotic wide-sense stationarity. In Section 4.3, we address the problem of signal es-
timation from noisy observations. In Section 4.4, we derive an upper bound on a single
estimation step mean-square error. In Section 4.5, we address the problem of model esti-
mation. Finally, in Section 4.6 we provide some experimental results which demonstrate
restoration of MSTF-GARCH process from noisy observations, and estimation of con-
ditional variances and squared absolute values in the STFT domain from noisy speech

signals.

4.2 Markov-switching  time-frequency GARCH

model

In this section we briefly review the TF-GARCH model [25], and introduce a new time-
frequency GARCH model with Markov-switching regimes, which allows further flexibility

in the formulation of the time variation of the conditional variance.
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4.2.1 Time-frequency GARCH model

Let {Xy |t=0,...,T—1,k=0,.., K — 1} be the coefficients of a time-frequency trans-
formation of a discrete-time signal = (e.g., STFT coefficients), where ¢ is the time frame
index and k is the frequency-bin index. Let X; £ [X;, ..., X; k1] be the vector of spec-
tral coefficients at time frame ¢, let X7 = XJ = {X;|t=0,...,7} represent the set of
spectral coefficients up to time 7, and let A, = E {|Xy|*| X7} denote the conditional
variance of the spectral coefficient at time-frequency bin (¢, k), given the clean spectral
coefficients up to time 7. Let {V,;} € C¥ be a complex Gaussian random process with
V; ~CN (0, Ig), where I is a K-by-K identity matrix. A K-dimensional time-frequency
GARCH model of order (p, q), is defined as follows [25]:

Xy = )\tk|t—1Vtk> k= 0, --~>K -1 (4-1)
q P
Age—1 =C-1+ Z a; X O X7, + Z BiAe—jlt—j—1 5 (4.2)
i=1 j=1

where 1 denotes a vector of ones, ® denotes a term-by-term multiplication and * denotes
complex conjugation. The conditional variance vector, Ay—1 = E{X; ® Xj | X'}, re-
ferred to as the one-frame-ahead conditional variance [25], is a linear function of the

coefficients’ past squared values and conditional variances, where
¢ >0, a; >0, i=1,....,q, (;>0, j=1,...,p, (4.3)

are sufficient constraints for the positivity of the conditional variance [1]. The time-
frequency GARCH has been introduced in [23] for modeling speech signals in the STFT
domain, but the parameters of the GARCH model are assumed time invariant. Extending
this model such that the model parameters may vary with time introduces additional
flexibility in the model formulation, which may result in better characterization of speech

signals and improved restoration in noisy environments.

4.2.2 MSTF-GARCH formulation

Let S; denote the (unobserved) state at time ¢ and let s; be a realization of S;, assuming
Sy is a first-order Markov chain. Let Z! £ {X* S'} denote all available information

up to time ¢, which contains the clean signal coefficients and the regimes path up to
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time ¢, S' £ {so, ..., s}. Denote by Ap—15 = E{|Xw|?|Z""%, s} the one-frame-ahead
conditional variance of the spectral coefficient X;; given the information up to time ¢t — 1
and the chain state s;. We assume that the spectral coefficients X;, are generated by
an m-state Markov-switching time-frequency GARCH process of order (p, q), denoted by
Xy ~ MSTF-GARCH(p, q), which follows:

th =1/ )\tk|t—1,8t‘/;k‘7 k= Oa >K - ]'? (44)

and the one-frame-ahead conditional variance evolves as follows:

q p
At|t—1,s,5 = Cst]- + Z ai,stXt—i ®© X:—z + Z ﬁj,st)‘t—ﬂt—j—l,st,j ) (45)
j=1

i=1

where
(s>0, >0, [;s>0, 1=1,...,q, 7=1,...,p, s=1,...m 4.6
b ]7

are sufficient constraints for the positivity of the one-frame-ahead conditional variance.
It follows from (4.4) and (4.5) that the conditional density of the coefficients depends on
past values (through previous conditional variances) and also on the regime-path up to
the current time. As considered in previous works on TF-GARCH, we assume that the
model parameters are frequency-invariant. This restriction can be easily relaxed for the
case of frequency (or sub-band) dependent parameters, i.e., (x5, ;s and (x5, but the
complexity of the model estimation then grows rapidly (see Section 4.5).

GARCH models provide a rich class of possible parametrization of conditional het-
eroscedasticity (i.e., time-varying volatility) and the hidden Markov chain allows these
GARCH formulations to switch along time. Volatility persistence naturally arises in a
single-regime GARCH model. However, the existence of a Markov chain with different
GARCH parameters allows the process to switch between regimes of different volatility

formulations and different levels of volatility.

4.2.3 Stationarity of an MSTF-GARCH process

The conditional variance of a GARCH process, and in particular of a Markov-switching

GARCH process, changes recursively over time. Consequently, asymptotic wide-sence
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stationarity is required to ensure a finite second-order moment [7,8,121]. Necessary and
sufficient conditions for the asymptotic stationarity of three variants of GARCH models
with Markov-switching regimes have been derived in [121]. Those models generalize the
models of Gray [6], Klaassen [7] and Haas et al. [8], but they all differ from our MSTF-
GARCH model, which is a multivariate, complex valued process that entails the regime
path for the construction of the conditional variance from past observations. A necessary
and sufficient condition for asymptotic wide-sense stationarity of an MSTF-GARCH pro-
cess has been derived in [128]. For the completeness of this chapter we briefly summarize
these results:

Assuming a stationary Markov chain with stationary probabilities 7, = p (S; = s), the

unconditional variance of the process can be calculated using (4.4) and (4.5):
E{X,0Xi} = ZWStE{Xt © X7 | s}

= Y T E{Ajia) (4.7)
where

q P
E {At\t—l,st} = (s, 1+ Z ;s B {Xt—i O X7, St} + Z B {/\t—j|t—j—1,st,j | St} )

i=1 Jj=1

(4.8)

and

E {At—i|t—i—175’t,i | St} = Zp (St—i | 3t> E {At—ﬂt—i—l,st,i} . (4-9)

St—i
Note that F {)\t‘t_Lst} denotes the expected value of the conditional variance under the
regime S; = s;, but E {At‘t—LSt | } denotes a conditional expectation of the conditional
variance at time t where the active regime at that time is unknown. Since no prior

information is given, we have

E {Xt—i o X;, | St} = ZP (51—i|s¢) B {At—i\t—i—l,st,i} ) (4.10)

and consequently we obtain [128]

7T

E {At|t—l,5t} = Cst]‘ + Z Z (ai,St + ﬁi,St) ;tii {Ai}gtﬂ-,st E {)‘t—i\t—i—l,st,i} ) (411)

i=1 St—q
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where 7 £ max{p, ¢}, QG s, 20Vi>q, Bise £ 0Vi > p, and A is the transition probabilities
matrix, i.e., {A},; £ a;j = p(S; = 7| S;_1 =i). Define m-by-m matrices K;, i = 1,...,7

with elements

{Ki}, s & (ais + Bis) Z— {A},, s5=1,.m, (4.12)
and an mr-by-mr matrix as follows
[ Ky K, i, |
I, 0 e 0
NS 9 Im o e (4.13)
0 - 0 I, 0

Let p(-) denote the spectral radius of a matrix, i.e., its largest eigenvalue in modulus,
and let ® be an m-by-m square matrix built from the mr-by-mr matrix (I — %)~ such

that {®},, = {(I—- )"},

. i,7 = 1,...,m. Then a necessary and sufficient condition

for asymptotic wide-sense stationarity of an MSTF-GARCH process is p (V) < 1, and
the asymptotic covariance matrix of the process is then a diagonal matrix (see [128] for a

detailed proof):
lim £ {X: X[} = (w®¢) I, (4.14)

where ¢ = [(1, ..., (n]’, 7 is the row vector of the stationary probabilities of the Markov
chain, and ()H denotes the Hermitian transpose operation.

This stationarity condition is a necessary and sufficient condition for the existence of
a finite second-order moment of the process. It implies that in some regimes (but not in
all of them) the conditional variance may grow over time (i.e., >, qis+ >, Bjs > 1 for

some states s) but still the unconditional variance can be finite [121,128].

4.3 Restoration of noisy MSTF-GARCH process

In this section we develop a recursive algorithm for the restoration of MSTF-GARCH

processes observed in additive stationary noise.
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A hidden Markov process is a discrete-time finite-state Markov chain observed through
a memoryless invariant channel, where the chain state is assumed to be hidden but the
transition probabilities between sequential states are assumed to be known. As a conse-
quence of the memoryless channel, the conditional density of the observed signal at time
t (say X;) given the chain state s;, depends only on the given state and not on previous
observations, i.e., the conditional density of a hidden Markov process (HMP) realizes
p(Xe| st Xe1, Xi—2,...) = p(X¢]sy). Combining GARCH models with hidden Markov
chains, where each state is assumed to have a different GARCH formulation, introduces
further complexity when trying to forecast or estimate the process, since the conditional
variance of the process evolves as a function of previous conditional variances, as implied
from (4.5). Consequently, the conditional density depends on the entire history of the
process, i.e., past values and active states. To avoid this problem, several variants of
GARCH processes with Markov-switching regimes have been proposed, e.g., [6-8]. These
models formulate differently the conditional variance at any regime as dependent on past
signal observations only. However, these variants of Markov-switching GARCH models
have been developed for the purpose of forecasting volatility of financial time-series, as-
suming that the process is observed in a noiseless environment, and that all past clean

signal values are given.

We use an MSTF-GARCH(1, 1) model, as defined in (4.4) and (4.5), to model complex,
nonstationarity random signals and we develop a recursive signal estimation algorithm for
restoring the clean signal and its second-order moment, from noisy observations. The or-
der (1,1) is chosen for computational simplicity since higher (p, g)-orders imply strong
dependency of successive conditional variances. Therefore, p = ¢ = 1 is generally as-
sumed for the applications of Markov-switching GARCH modeling, e.g., [6-8,12, 13].
Let {Xu} and {Dy} denote the spectral coefficients of signal and uncorrelated addi-
tive noise signal, respectively, and let Y, = Xy + Dy represent the observed signal.
Let X; be a K-dimensional complex-valued stochastic process, which evolves as an m-
state first-order MSTF-GARCH, i.e., X; ~MSTF-GARCH(1, 1), and let D; represent
a K-dimensional complex Gaussian random noise, D; ~ CAN(0, R%), with known di-
agonal covariance matrix R?=diag{a?}. We assume that all MSTF-GARCH model

parameters are known, i.e., the initial regimes probability 7(®), the probability tran-
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sitions matrix A, and the GARCH(1,1) parameters in each of the m regimes. Let
o = {71'(0), A, Gy ooy Gy Q1 ey Qo B, ...,ﬁm} be the set of parameters which specifies
the model, where for a first-order process we denote a; = a5 and [ £ B1,s- In practice,
the model parameters ¢ are estimated from a set of clean training signals as generally
done with hidden Markov models [35,62,64,129] while the covariance matrix of the noise
process can be estimated using the minimum statistics [72] or the minima controlled re-
cursive averaging algorithms [38,71]. The problem of model estimation is addressed in

Section 4.5.

The spectral restoration problem is generally formulated as deriving an estimator X
for the spectral coefficients, such that the expected value of a certain distortion measure
is minimized. We develop a recursive estimator for the signal’s spectral coefficients and
for their absolute squared values in the sense of minimum mean-square error (MMSE),
and we then extend this framework to signal restoration in the sense of MMSE of the
log-spectral amplitude (LSA), which is often used in speech enhancement applications,

see for instance [34, 38].

Let Y™ = Y7 2 {Y,|t=0,...,7} be the set of observations up to time 7. The causal
MMSE estimator of the coefficients X; given the noisy observations up to time ¢ is obtained

as follows:

E{X |V} = p(s| V) E{X; |5V} . (4.15)

Denote the state dependent, one-frame-ahead conditional covariance matrix of the clean

signal as

R £ E{X,X["|s, T '} . (4.16)

Following the model formulation this covariance matrix is a function of Rf,  and X;_
only. However, the clean signal values are usually unavailable, nor the sequence of active
states, so the evaluation of (4.16) requires the whole available observations. To overcome
this problem, we assume that given current regime, past estimated conditional covariances
are sufficient statistics for the conditional variance estimation [24]. Accordingly, given the

set of estimated one-frame-ahead conditional variances A, £ {Xt‘t_lﬁt | Sy =1, ...,m}

which manipulates the observations up to time ¢ — 1, we may use the following signal
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estimator:

Xt = Zp <8t‘At,Yt> E{Xt‘staﬁiaYt} y (417)
where under a Gaussian model
. . . -1
E {Xt | 50, Rﬁt,Yt} - i (R; + Rd> Y, . (4.18)

Note that f?ft is a K-by-K diagonal matrix (since {Vj} are statistically independent)
with the estimated state-dependent conditional variance 5\t|t—1,st on its diagonal. This
state-dependent conditional variance can be recursively estimated in the MMSE sense
by calculating its conditional expectation under s; given the observation Y;_; and the

previous set of estimated conditional variances:

5\t|t—1,st £ F {At\t—l,st | St [\t—laYt—n ¢}
= (5, 1+ a5F {Xt—l O X4 | st ]\t—la Yio1; Cb}

+ ﬁstE {/\t—l\t—zst,l | St, ]\t—la Yio1; Cb } . (4'19)

The conditional second-order moment in (4.19), can be obtained by

j\t—l\t—l,st £FE {Xt—l © X ] s, At—la Yioq; ¢}

= ZP (St—l | StaAt—laYt—M ¢> E {Xt—l © X:_l \ S¢—1, StaAt—laYt—l; ¢}

St—1

= ZP (St—l | St, ]\t—la Yio1; Cb) E {Xt—l © X:_1 | St—1, /A\t—l\t—zst,l,Yt—l? Cb}

St—1

= Zp <3t—1 | st, ]\t—la Yo Cb) 5\1t—1|t—1,st,1 . (4.20)

St—1
The expected one-frame-ahead conditional variance in (4.19), given the one-frame-ahead

regime, can be obtained by:

. N .
Aiift—26 = I {)\t—ut—z,st,l | s, N1, Yiq; ¢}

= ZP <3t—1 | st [\t—laYt—l; ¢) E {At—l\t—z,st,l St—1, St, At—l; ¢}

St—1

= ZP <3t—1 \ St [\t—la Yioq; ¢) 5\zt—1|t—2,st,1 . (4-21)

St—1
The third lines in (4.20) and in (4.21) rely on the fact that given all observations up

to time ¢t — 1 and given the state s;_;, the second-order moment of the process at that
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time, and also its conditional variance, are independent of any future state. Moreover,
notice that :\t\t,st and :\t\t,st ., in (4.20) represent the expected second-order moment of the
process based on information up to time ¢, given the chain state at the same time, and
given the next state, respectively. Similarly, 5\t|t_1,5t and 5\t|t_1,5t ., in (4.21) represent the
expectation of the one-frame-ahead conditional variance at time ¢ given the chain state
s¢, and given the chain state at the next time step, respectively.

The MMSE estimation of the process’ second-order moment j‘t\t,st in (4.20) given the
estimated one-frame-ahead conditional variance of the same regime 5\t|t_1,5t (4.21), can

be obtained by

5\1t|t,s,g =F {Xt © X7 | s, 5\zt|t—1,s,g7 Yt}

~ ~ -1 N ~ -1
— i (R;@ + Rd) {02 + R (R;g + Rd) (Y, ® Yj)} s =1,.,m, (4.22)

similarly to the method in [24] applied to the case of a single-regime spectral GARCH.
Following the notation in [24] we call (4.22) the update step as it updates the estimation of
the signal’s second-order moment at time t from its estimated one-frame-ahead conditional
variance, using the new observation Y,. Substituting (4.20), (4.21) and (4.22) into (4.19)
we obtain the propagation step which propagates ahead in time to obtain a conditional
variance estimation at the next time, ¢ + 1 (assuming regime s,.1), using the available

information up to the current time t:

AIf-i-l\t78t+1 = <5t+11 + a8t+1At\t78t+1 + /85t+1At‘t—175t+17 St+1 = 1a —ey (423)

Let At £ {AO, Al, ey At} be the set of the recursively estimated conditional variances
up to time ¢, then we can manipulate all previous estimations to recursively evaluate the

probability p (st_l | s, A1 Y,y gb) in (4.20) and (4.21) by
p <St—1 |56, ALY s cb) =p <3t—1 ALY, g ¢> Uy 1.50/D <5t ALY g ¢> , (4.24)

where

P (st | At_l, Y, i; qb) = Zp (31‘,—1 | At_l, Y, q; qb) As, .50 - (4.25)

St—1
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The conditional state probability at the right of (4.25) can be obtained by
b (Yt, s | A%; gb)

b (Y| A%0)

b (Yt | st, 5\1t|t—1,s,g) p <3t ALY, ¢>

— ZSt b (Yt|5t7 j\t\t—l,st> P (St | At_let—1; ¢> ) (4.26)

p <3t | ]\t, Yy Cb) =

where b (- | -) denotes a conditional density function. Specifically, b (Yt | 8¢, 5\t|t_1,st) is the
observation conditional density which is a complex normal distribution with zero-mean

and R? + R? covariance matrix,

1

ACAESVERE gy

. -1
exp {Yff (e, + R?) Yt} @)
Computing the conditional density b (Yt | 54, S\t‘t_mt) tends to be numerically unstable
for large values of K since the diagonal values of its covariance matrix (i.e., S\t‘t_mt) are
typically of the same order of magnitude. Therefore, b (Yt | 51, ;\t‘t_Lst) tends to zero or
infinity exponentially fast as K increases. It is therefore useful to recursively evaluate a

normalized density b (Yt | 51, ;\t\t—l,st) as follows:

B <Yt,0> e Y;,;;_l | St S\t\t—l,st> b <Y;;; | St S\t\t—l,st>

Zst 6 (Y;,Oa ey Y;jg_l | St 5\t\t—17st) b (Y;/; | St 5\t\t—17st)
(4.28)
for k = 0,.., K — 1 and substitute it into (4.26). As can be seen from (4.26), this

normalization of b (Yt | 51, ;\t‘t_Lst) does not affect the value of p (st | At, Y QS) .

E ()/;,07 (ERE) }/;]; | St Xt‘t—l,&) =

The causal one-frame-ahead conditional variance and the conditional second-order

moment of the process can be obtained by

5\zt|t—1 = Zp <3t \ At, Yt) E {)\t|t—l,St \ St, At}

= >.p (St | ]\t’Yt> Nje-t. (4.29)

St

/\t|t = ZP <3t | At, Yt) E {Xt © XI | St 5\t|t—1,st> Yt}

St

- Zp <8t ‘ At’ Yt) 5‘1‘/|15,St ) (430)

St
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while a state smoothing (i.e., noncausal state probability estimation) for the path-
dependent MSTF-GARCH model has been derived in [130] and may be employed for
noncausal estimation.

The causal recursive MMSE signal restoration algorithm, presented in (4.17) to (4.26),
has a compact vector form with respect to the regimes vector. Let s, =[S, =1,...,S; =

m]’ be the regimes vector at time ¢, let
~ R /
pt(ST) £ [p <ST =1 ‘ Atht) y e P <ST =m | At7Yt>] (431>

be the probabilities of the regimes vector s,, conditioned on all observations up to frame
t. Let C; be a regimes probability matrix at time ¢ conditioned on the next regime and
all available observations up to time ¢, i.e., ¢;;j = p (St =] S =7, At,Yt) , 1, =
1,...,m. Let a and 3 represent the vectors of the m regimes’ GARCH parameters, i.e.,
a2 oy, ..., and B = B, ..., Bl Let ;\tlel,st = |:5\tk|7—1’s7_2:1, -~-a5\tk|7—1,372:m}/ be an
m x 1 vector of the kth index estimated conditional variances based on observations up
to time i, and the corresponding m regimes vector s,,. Denote by a and cgi) the ith
column of matrices A and Cy, respectively, and let (=) denote a term-by-term division
of two vectors. A step-by-step vector form of the causal signal estimation procedure is
described in Table 4.1.

The algorithm, summarized in Table 4.1, estimates both the spectral coefficients and
their conditional variance in the MMSE sense. A more general signal enhancement prob-

lem is formulated as minimization of the following distortion measure:

B{If (Xu) = FZa) 13} (432)
where f(X) is a Borel integrable function. The estimator can be found from
£ (%) = E{F (Xu) |V} (4:33)
where
E{f(Xa) 1V} =D 0 (S =5 V) E{f (Xux) |5, Y'} . (4.34)

The log-spectral amplitude MMSE estimator, obtained by substituting f (X) = log | X|
into (4.33), is of particular importance in speech enhancement applications, see for in-

stance [34,38]. The LSA estimator [34] is given by
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Table 4.1: Vector form of the recursive MSTF-GARCH signal estimation

Initialization:

p-i(so) =
X—1,Ic|—2,so = X—1,16\—1,50 = 0m><1> k= 07 ooy K -1

fort=0,...T—1
Mrfi—1se = €+ 0O X1 ppimis + BO Mot p—zs, k=0, K—1
:\tk\ust = ;\tk|t—1,st O] [0,31 + (xtk\t—l,st : |Ytk|2> (+) (;\tk|t—1,st + 0,31)}
(=) (Aers +071) k=0, K —1
b <Yt|st, J\t‘t_175t> = 7 K|R2 + Ryl exp {—Y{f (R + Rd) - Yt} s =1,..,m

B, 2 diag{b (Yt\st, S\t\t_l,st) }

pu(s)) = By pi—i(se) [1By pr—i(s)] ™

pi(sit1) = A'pi(sy)

fori=1,..m:c” =ald @ pi(s)/pi(sip1 = 1)
Mifesin = CF Mrjrs, k=0, K —1
Akf—1s00s = Cf Moy k=0, K —1
Koo = Bz, (B2, + ) Ty,

Xy = p;(st)f(tmt,sta Ek=0,.,.K—1

|th| = €exp (E{10g|th||)\tk>Y;k})
= G (&, O) [Yar! (4.35)
where
A Atk A |Y;tk‘2 A Veek
Stk tgkv Ytk O_tQk P ﬁtk 1 ‘|‘€tk ( 36)
and
£ 1 /°° et
) = - —dt ) . 4.
G(&.7) 1 ePla ) T (4.37)

& and vy represent the a priori and a posteriori SNRs respectively [33].
By substituting (4.35) into (4.34), and combining the result with the phase of the

noisy signal [34], we obtain the spectral coefficient estimator in the MMSE-LSA sense
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~ ~ ~ P(StD}t)
X = Yik H G (&k,st, ﬁtk,st) : (4.38)
where
. Nkl s N s
gtk,st = tk|2t7 t? tk,st £ M7 (439>
Ok 1+ &is,

and p (s¢|)") is recursively estimated using (4.26).

4.4 Estimation efficiency

In this section we analyze the mean-square error of a one step ahead MMSE estima-
tion using the proposed recursive algorithm. The recursive formulation of the MSTF-
GARCH yields an accumulated error in the estimation of the variance and the signal.
However, for each regime and in each frame the algorithm evaluates the conditional vari-
ance as a weighted sum of previous estimated conditional variances and squared abso-
lute values (4.20), (4.21). These weights are proportional to the conditional densities
b (Yt | st ;\t‘t_17st> in (4.26). Consequently, an over estimation of the conditional variance
on a specific frame can be followed in the algorithm by giving a high probability (i.e.,
higher weight) to a regime with small parameters which compensates the previous over
estimation. Similarly, an under estimation of the conditional variance can be compensated
by giving a high probability to a regime with large parameters.

Assume that the process is observed perfectly (without noise) up to time ¢ — 1 and
that the regime path is known up to that time. Then, A;_i;_2,_, can be calculated
by (4.5). Following Ephraim and Merhav [117] which derive bounds for the MSE of a
composite source signal estimation, we assume that (i) the Markov chain is stationary
and the necessary and sufficient condition for a bounded variance is satisfied; (ii) j\tmst is
square integrable with respect to b (Yt | At\t—l,st) and b (Yt | At|t_17§t); and (iii) the regime
transition probabilities are positive, i.e., a;; > amin >0 Vi, 7 =1,...,m.

The one-step-ahead MMSE estimator (4.17) is unbiased in the sense that £ {Xt} =
E {X.}, and following [117] we obtain an upper bound for the variance of the one-step-
ahead estimation error, assuming that the process is observed with an additive, indepen-

dent stationary noise. The one-step-ahead MSE is given by
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éég%UE{<X,-XQ<Xf—XJH}, (4.40)

where the signal estimator X, follows

A~

X, = E{X,|T"7Y,}
= F {Xt | St—1, /\t—1|t—2,st,1> Xi-1, Yt}

Under the above assumptions the MSE can be written as [117, eq. (13) — (17)]

e; = pi + 17, (4.42)
where
— a |
u; = ?trE {cov (X | As, 80, YY)}
1
= ?tI'E {COV (Xt | At\t—l,sm S¢, Yt)} (443)
= 2 1 . .
= 9 Z E{p (se|si-1, 80 Y0)p (8¢ | se-1, M0, Y1) g (56,8, A, Yo) by (4.44)
St#St
and

- 1 A . . . H
g (St, 3t>At,Yt) = Etl" { (Xt\t,st - Xt|t,§t) (Xt\t,st - Xt\t,§t) }

=g (St, St /\t|t—1,5t> )‘t|t—1,§ta Yt) . (4.45)
The state probabilities in (4.44) can be evaluated using (4.26):

b (Yt ‘ St, At\t—l St) Qsy_q,s
ALY o) Qorove 1.46
p (St | St—1 t t) Zst b (Yt | st’ At‘t-lﬂt) astil’st ( )

and the signal estimate given the state s; is given by

Xt|t,st = WSth 9 (447)

where W, is the conditional Wiener filter: W, £ R (R? + Rd)_l. Substituting (4.47)
into (4.45), we have
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- 1
g (St, St At> Yt) = ?YH (WSt - Wgt)H (Wst - Wgt) Yt

2 KYHWS‘i WY (4.48)

The one-step-ahead MSE;, e_?, is decomposed into two positive terms, ,u_? and n_f The first
is the MSE of the estimator Xt\ust which relies on knowing the true regime at time ¢,
and therefore it is the optimal estimator in the MMSE sense. This term is evaluated by

substituting (4.43) into (4.47):

— 1
2 = Etrsz s, s, Ws, R%. (4.49)

The second term, 72, is a weighted sum of cross error terms which depend on pairs of the
process regimes. This term is difficult to evaluate, but it is upper bounded by [117, eq.
(18) and (23)]

— 1 B
s g ; an2 (L, (30) + I, (1)) (450)
where
tr {W2; Ry (s, 8
L) < 5 20w {W2sQi) <|RA (50,50 1@l - Qs 1 T Liah s }St>}>
Sﬁ’ést stst :,

(4.51)
with A > 0 [117, eq. (31) to (39) and (54) to (60)], @Qs, denotes the covariance matrix of
the noisy signal given the regime s;, and R) (s, $;) is defined by

-1

Ry (s6,5) = Q5" + (1= 1) Q7] (4.52)

In the derivation of (4.51) it is assumed that R) (s, §;) is positive definite [117]. Since
Qs, is a diagonal matrix with positive eigenvalues, R) (s, §;) is positive definite for any
0 < A < 1. Substituting (4.51) into (4.50) and using the diagonality of the covariance

matrices, we obtain an upper bound for the cross error term

— 1
n < —

7 > (W2, Qs } - IR (51,80 |- Qa7 1Qs, M + tr {W2 5, Ra (s1,51)})

a
min s1#£3

(4.53)
for 0 < A < 1. It is worthwhile noting that our MSE analysis follows the analysis in [117]
but, the latter deals with a memoryless regime-switching process and a Toeplitz covariance

matrix, whereas in our case both assumptions do not hold.
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4.5 Model estimation

In this section we address the problem of estimating the model parameters ¢ = {mw©®,
A, Cyeony Gy Oy eeey Oy B, ooy B b The ML estimation approach is commonly used for
estimating the parameters of GARCH models (e.g., [1,5,7]) and also for estimating the
transition probability matrices (e.g., [129]). The model parameters are estimated from a
training data set of N clean signals of lengths T, m = 1,..., N. Let {XE")} denote the
spectral coefficients of the nth clean training signal and let X" £ {Xg") |t=0,..7}
The conditional distribution of the vector Xg") given its past observations is a mixing of

. . . . . AT, (1
zero mean Gaussian vectors with diagonal covariance matrices Rst( ),

b (Xfﬁ” | XHW) =5 " p (s | X0 (X§"> | 52, J%;(")) . (4.54)

Given a set of model parameters ¢, the diagonal covariance matrix of the density
b (XE") | s¢, th’(")) can be recursively estimated by using the estimation algorithm intro-
duced in Section 4.3, where the signal observations are known in this case. Assuming that
the process is asymptotically wide-sense stationary, and that the training sequences are
sufficiently large, the initial state probabilities, 7(*), and the initial conditional variance,
Ao|-1,s50, have negligible contribution to the total likelihood. Therefore it is convenient to
choose in the following optimization problem the stationary values as the initial values,
i.€e., 5\0k\-1,so = @é as the initial conditional variances, and 7(® = # as the initial state

probabilities.

The conditional log-likelihood of the training set is given by

Tn—1

L@)=>"Y logb (X§"> | L), ¢) . (4.55)
t=0

n

Using the constraints in (4.6) and imposing A to be a transition probability matrix,
the ML estimates of the model parameters ¢ can be obtained by solving the following

nonlinear constrained optimization problem:
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maxL(¢)
¢
) R M
st (>0, &;>0, [;>0, Y ay=1 Vie{l,..m}. (4.56)
j=1

For a given parameters set qg, the sequence of state dependent conditional variances {At}
can be evaluated recursively according to the method described in Section 4.3 and so is
the set of conditional state probabilities p (s; | X*~1). The conditional log-likelihood (4.55)
can then numerically maximized under the linear constrains of (4.56) as specified in [6,7]
or by using sequential quadratic programming [131,132]. The computational complexity
required for the model estimation is much higher than that required for a single-regime
GARCH model since m? parameters are to be estimated for the transition probabilities
matrix and in addition 3m GARCH parameters are to be evaluated. However, using the
Markov-switching model, the optimization problem needs to be solved only once, prior to
the restoration procedure. It is well known that the optimal set of parameters, ¢, is not
necessarily unique in a Markovian model [129] and in addition, the numerical optimization
solution may only guarantee a local maxima of the likelihood function. However, the
flexibility of the model enables better results than that achievable with a single-regime
GARCH model [7,8]. This is also shown in our simulation results, both for MSTF-GARCH

processes and for speech signals.

4.6 Experimental results

In this section we demonstrate the performance of the proposed algorithm when applied
to restoration of noisy MSTF-GARCH signals, and to estimation of conditional variances

and squared absolute values of speech signals in the STFT domain.

4.6.1 MSTF-GARCH signals

The proposed model estimation and signal restoration algorithm has been applied to
MSTF-GARCH models of 3 and 5 regimes, degraded by additive independent white noise
with 0 to 15 dB input signal-to-noise ratio (SNR). For each state space (m = 3,5), a set of

20 stationary models have been simulated with uniformly distributed parameters on the
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interval (0, 1]. For each model, the parameters, ¢, are estimated from a set of 10 training
signals, each of time length 7' = 100 and dimension K = 100. The estimated parameters
are employed for restoration of a set of test signals containing 20 noisy signals of the same
size, and basically 4 types of estimated variances are compared by incorporating them
into the signal’s recursive MMSE estimator of (4.17) and (4.18). The “theoretical limit” is
referred to as the estimator which exploits the true conditional variances, Ay;—1 ,,, of the
simulated process. This estimator is the optimal estimator in the MMSE sense and its
performance is compared with those of the recursive estimators. The “MSTF-GARCH,
true model” is referred to as the recursive signal estimator, described in Section 4.3, which
manipulates the true parameters set, ¢, and the “MSTF-GARCH, m = i’ estimator
employs a set of estimated parameters, qg, assuming that the model has i regimes. For the
“MSTF-GARCH, m = 1" estimator, the set of parameters, QAS, is estimated using the ML
approach as described in Section 4.5. The performance of our algorithm is also compared
with that of an estimator that assumes a “constant variance” process. For that estimator
(only), the vector of “stationary” variances, are evaluated for each noisy signal from the

corresponding clean signal.

Figure 4.1 (a) shows the SNR improvement obtained by using the different estimators,
when applied to 3-state MSTF-GARCH signals. It can be seen that even when assuming
a small number of regimes, still the MSTF-GARCH estimator outperforms the “constant
variance” estimator, and the results achieved by assuming 3 or 5 regimes are comparable
to those obtained by using the true model parameters. Figure 4.1 (b) shows estimation
results for 5-state MSTF-GARCH processes, under the assumption of 1, 3, 5 or 7 regimes.
The estimation performances improve with the increase of the number of assumed regimes,
but using a larger number of regimes than the true number (e.g., 7 instead of 5 or 5 instead

of 3) yields less accurate results.

The time-varying behavior of the recursive estimator is demonstrated for a 5-state
MSTF-GARCH signal degraded by additive white noise with 5 dB SNR. Figure 4.2 shows
trace of the instantaneous output SNR for each time frame, obtained by the optimal es-
timator, the recursive estimators with presumable 1 or 5 regimes (i.e., “MSTF-GARCH,
m = 1,5") and a “constant variance” estimator. The varying volatility of the process

implies time-varying performances for all those estimators. Nevertheless, under the as-
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Figure 4.1: SNR improvements obtained by using different MSTF-GARCH based estimators
when applied to (a) 3-states MSTF-GARCH signals and (b) 5-state MSTF-GARCH signals.
MSTF-GARCH models with various number of regimes are considered and compared with the

true MSTF-GARCH parameters, the theoretical limit and a constant variance estimator.
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Figure 4.2: Trace of instantaneous output SNR achieved by the proposed algorithm when applied
to a realization of a 5-state MSTF-GARCH process degraded by additive white noise with 5 dB
SNR, and restored by an MSTF-GARCH estimator, assuming 1 and 5 states.

sumption of 5 regimes our recursive estimator follows the optimal estimator with a rela-
tively small degradation in performance. The single-regime estimator yields comparable
results as the 5-regimes estimator for frames with large input SNR. However, for frames
with low input SNR the results obtained by the single-regime estimator are comparable

to those obtained by the “constant variance” estimator.

4.6.2 Speech signals

The idea of using different states for the enhancement of speech signals was first introduced
by Drucker [28]. He assumed five categories of speech signals, comprising fricatives, stops,
vowels, glides, and nasals. The application of HMMs for speech enhancement requires
a higher number of states [35,62] since these models allow only a single density, or a
finite set of mixture-densities, for the spectral coefficients in each state. The GARCH-
based models allow continuous values of conditional variances with possible transients
resulting from switching states. Hence, a small number of states may be sufficient for the

representation of the coefficients’ second-order moments. Furthermore, the dynamic of the
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spectral coefficients is frequency dependent. Therefore, we assume different parameters
in different sub-bands.

The speech signals used in our evaluation are taken from the TIMIT database. The
training set includes 10 different utterances from 10 different speakers, half male and half
female. The speech signals are sampled at 8 kHz and normalized to the same energy.
Transformation into the STFT domain is obtained by using half overlapping Hamming
analysis window of 32 millisecond length. We consider 1,3 and 5-state MSTF-GARCH
models for the speech signals and estimate the one-frame-ahead conditional variance for
test speech signals, not on the training set. Figure 4.3 shows typical estimates of the
one-frame-ahead conditional variance, j\tk“_l, at frequencies of 1, 2 and 3 kHz, using the
different MSTF-GARCH models and assuming independent model parameters in each
frequency sub-band. The estimated conditional variances are compared with the clean
signal’s squared absolute value |th|2. It can be seen that by increasing the number of
regimes, the conditional variance yields a better prediction of the squared absolute value
of the signal. Moreover, it can be seen that the conditional variance estimated by a single-
regime model is smoother than that estimated based on a multi-regime model, and the
latter better tracks rapid changes in the signal’s energy with possible switching of regimes.
During the first few frames, the speech signal is absent and thus, as long as the squared ab-
solute value is below the minimum variance allowed by the model, the predicted variances
are determined by the model threshold. However, the predicted variances converge to the
absolute squared value as soon as the latter exceeds this threshold. Larger number of
states may allow better representation of the conditional variance in different magnitude
ranges and different volatilities, at the expense of greater computational complexity.

Many speech enhancement algorithms employ the decision-directed approach for the

speech spectral variance estimation [33,70]. Accordingly,

ARP = max {a

N 2
Xt—l,k}

L) (V- o) | fmina,%} , (457)

where @ (0 < @ < 1) is a weighting factor that controls the trade-off between noise
reduction and transient distortion introduced into the signal. A larger value of & results
in a greater reduction of the musical noise phenomena, but at the expense of attenuated

speech onsets and audible modifications of transient components. The parameter &, is
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Figure 4.3: Typical traces of one-frame-ahead conditional variance estimates for speech signals
at frequencies (a) 1 kHz, (b) 2 kHz and (c) 3 kHz. The conditional variances are estimated by
MSTF-GARCH models of single-state (dashed-dotted line), 3 states (dotted line) and 5 states

(dashed line), and compared with the clean signal’s squared absolute value (solid line).
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Figure 4.4: Typical traces of estimated squared absolute values for speech signal at frequency
of 2 kHz. The variances are estimated by a 5-state MSTF-GARCH model (dashed-dotted line),
decision-directed approach (dotted line) and compared with the clean signal’s squared absolute

value (solid line). The SNRs are (a) 0 dB and (b) 10 dB.
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a lower bound on the a priori SNR.
The GARCH modeling enables an analytical derivation of the decision-directed es-
timator [69]. Considering the degenerated case of a single-state and a single-frequency

ARCH(1) model (i.e., § = 0), the update step (4.22) can be written as
5\tlc|t = @tkj\tk|t—l + (1 —aw) (|Y;tk|2 - U/%) (4.58)

with <
)‘tk\t—l

~ 27
(Atk|t—l + U;%)

and 0 < ay, < 1. Substituting the propagation step for th‘t_l (4.23) into (4.58) with

(4.59)

— A
Oétkzl—

a = 1, we obtain
At = A B { | Xooul? | Y71} + (1= aw) ([Yi)? — 02) + aud. (4.60)

For ( << E{|Xt_1,k|2 | Y71}, (4.60) is similar to the decision-directed variance esti-
mation (4.57) with a;, = @ and where E {|Xt_1,k|2 \yt-l} holds for ‘Xt_l’kr which is
the squared absolute value of the spectral coefficient estimate based on the observations
Yi=1. Accordingly, the degenerated ARCH-based variance estimation with o = 1 and low
valued ( is closely related to the decision-directed estimator with a time-varying frequency-
dependent weighting factor ay,. However, the GARCH (and ARCH) modeling approach
manipulates the spectral variance as a random process, whereas the decision-directed ap-
proach assumes the spectral variance is a parameter which is heuristically evaluated. In
addition, the decision-directed approach thresholds the estimated variance to be larger
than &;,07 while in the GARCH modeling, the lower bound is inherently incorporated
into the variance estimation. Since 5%“_1 > (, from (4.22) we obtain the following lower

bound

3 ¢ 9 S 2
A — —— Y, 0. 4.61
tk|t><:_‘_o_]3 O-k+<-+o,]%|tk| > ( )

Modeling the spectral coefficients as an MSTF-GARCH allows further flexibility for the
variance estimation. Figure 4.4 demonstrates the estimated squared absolute values of a
speech signal corrupted by a white Gaussian noise with SNR of (a) 0 dB and (b) 10 dB.
The signal squared absolute value at frequency of 2 kHz is compared with its estimated

variance using 5-state MSTF-GARCH model and by using the decision-directed approach.
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It shows that the MSTF-GARCH approach with 5 states yields a better estimate of
the squared absolute value both under high and low SNR conditions, especially in low
energy bins. Furthermore, the MSTF-GARCH approach enables a better tracking of rapid
changes in the coefficients energy than the decision-directed approach.

The differences between Figure 4.3 and Figure 4.4 is that the former demonstrates
the prediction of the coefficients’ variances (i.e., the conditional variance) in a noiseless
environment while the latter shows their second-order moments’ estimation in a noisy
environment. The variance prediction has a small delay of tracking rapid changes and the
update step yields a better estimate of the squared absolute value in high energy bins.
However, when noisy observations are employed, low-energy bins may be under the noise
level and thus the estimation may be less accurate (for both the MSTF-GARCH approach
and the decision-directed approach).

Figures 4.3 and 4.4 demonstrate that the proposed MSTF-GARCH model, when com-
pared to a single-regime model, or to the decision-directed approach, improves the variance
prediction and the squared absolute value estimation of speech signals in the STFT do-
main. Still, one needs to derive a frequency-dependent model and to estimate the signal
presence probability in each time-frequency bin of the noisy speech signal based on the

proposed model, which is a subject for further research.

4.7 Conclusions

We have proposed a statistical model for nonstationary processes with time-varying
volatility structure in the STFT domain. Exploiting the advantages of both the condi-
tional heteroscedasticity structure of GARCH models and the time-varying characteristics
of hidden Markov chains, we model the expansion coefficients as multivariate, complex
GARCH process with Markov-switching regimes. The correlation between successive co-
efficients in the time-frequency domain is taken into consideration by using the GARCH
formulation which specifies the conditional variance as a linear function of its past values
and past squared innovations. The time-varying structure of the conditional variance is
determined by a hidden Markov chain which allows a different GARCH formulation in

each state.
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We showed that an ML estimate of the model can be practically obtained from training
signals (assuming that the number of states is known), and developed a recursive algorithm
for estimating the signal and its conditional variance in the STFT domain from its noisy
observations. The conditional variance is recursively estimated for any regime by iterating
propagation and update steps, while the evaluation of the regime conditional probabilities
is based on the recursive correlation of the process. Experimental results demonstrate the
improved performance of the proposed recursive algorithm compared to using an estimator
which assumes a stationary process, even when the number of assumed regimes is smaller
than the true number. When the number of assumed regimes approaches the true one,
the recursive estimator yields comparable restoration results to those achievable by using
the true model parameters. The conditional variance of an MSTF-GARCH process, as
well as the instantaneous SNR on each frame, change over time. It is demonstrated that
the recursive estimation approach has relatively small performance degradation compared
to the theoretical estimation limit in the MMSE sense. Performance evaluation with real
speech signals demonstrates better variance estimation when using a multi-regime model,
compared to using a single-regime model, and improved squared absolute value estimation
in a noisy environment compared to using the decision-directed approach.

Several extensions of this work, which may be interesting for further research, include
analysis of the algorithm sensitivity to the number of the assumed states, the parameters
values and the training set; generalization of the multivariate complex Markov-switching
GARCH model, such that the conditional covariance matrix is not necessarily diagonal
and the correlation between distinct frequency-bins is also taken into account; and finally
estimation of the signal presence probability in the time-frequency domain and modifica-

tion of the recursive signal estimation algorithm under signal presence uncertainty.
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4.A Application of Markov-Switching GARCH
Model to Speech Enhancement in Subbands?

In this appendix, we introduce an application of the Markov-switching GARCH model
for spectral speech enhancement. A GARCH model is utilized with Markov switching
regimes, where the parameters are assumed to be frequency variant. The model param-
eters are evaluated in each frequency subband and a special state (regime) is defined for
the case where speech coefficients are absent or below a threshold level. The problem of
speech enhancement under speech presence uncertainty is addressed and it is shown a soft
voice activity detector may be inherently incorporated within the algorithm. Experimen-
tal results demonstrate the potential of our proposed model to improve noise reduction

while retaining weak components of the speech signal.

4.A.1 Introduction

Statistical modeling of speech signals in the short-time Fourier transform (STFT) domain
is of much interest in many speech enhancement applications. The Gaussian model [33]
enables to derive useful estimators for the speech expansion coefficients such as the mini-
mum mean-square error (MMSE) of the short-term spectral amplitude (STSA), as well as
MMSE of the log-spectral amplitude (LSA) [33,34]. Recently, a generalized autoregres-
sive conditional heteroscedasticity (GARCH) model has been introduced for statistically
modeling speech signals in the STFT domain [24]. However, the proposed model assumes
that the parameters are both time and frequency invariant and it also requires an inde-
pendent detector for speech activity in the time-frequency domain. A Markov-switching
time-frequency GARCH (MSTF-GARCH) model has been proposed in [127] for modeling
nonstationary signals in the time-frequency domain. Accordingly, the parameters are al-
lowed to change in time according to the state of a hidden Markov chain (e.g., switching
between speech phonemes), but the parameters are still frequency-invariant. The model
is estimated using training signals based on maximum likelihood (ML) approach and a

recursive algorithm has been derived for conditional variance estimation and signal re-

2This appendix is based on [133].
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construction from noisy observations. However, not only that different phonemes may
result in different GARCH parameters, speech signals are generally characterized by dif-
ferent both volatility and energy levels in various frequency bands. Therefore, different

parameters may better represent different frequency subbands.

In this appendix, we modify the MSTF-GARCH model by assuming different Markov
chains in distinct subbands with identical state transition probabilities. The GARCH
parameters are state dependent and frequency variant. We define an additional state
for the case where speech coefficients are absent (or below a certain threshold level) and
introduce parameter estimation method which is computationally more efficient than the
traditional ML approach. Furthermore, the probability of the speech absence state can
be used as a soft voice activity detector which is naturally generated in the reconstruction
algorithm. Experimental results demonstrate improved noise reduction performance while

preserving weak components of the speech signal.

Section 4.A.2 introduces the statistical model. In Section 4.A.3, we show how the
model parameters can be estimated and in Section 4.A.4, we derive the speech enhance-
ment algorithm based on the proposed model. Finally, in Section 4.A.5 we evaluate the

performance of the proposed algorithm.

4.A.2 Model formulation

Let {Xu|t=0,1,..T — 1,k =0,1,..., K — 1} denote the coefficients of a speech signal in
a STFT domain, where ¢ is the time frame index and k is the frequency-bin index. Let
{v} be iid complex Gaussian random variables with zero-mean and unit variance, let &,
denote the nth frequency subband with n € {1,2,..., N} and N < K. An (m + 1)-state
hidden Markov chain is assumed for each frequency subband, denoted by S; (k,), with
a realization s; (k,) € {0,1,...,m} and state transition probabilities which are indepen-
dent of the subband index. Let Z' denote all available information up to time ¢, i.e.,
{X|7=0,1,...,t, k=0,1,..., K — 1} and the regimes (states) path. Given the active
state S; (kn) = st (Kn), the one-frame-ahead conditional variance of the spectral coefficient

Xik, k € Ky is defined by Agp—1,s, £ FE {|th|2 | 7t st}, with s; = s; (k). The speech
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spectral coefficients are assumed to follow an MSTF-GARCH process of order (1, 1) [127]:

Xk = A/ Mkjt-1,5Vk, K € Ry (4.62)

2
)\tk|t—1,st - )\min,n,st + A sy |Xt—1,k| + /Gn,st ()\t—l,k\t—lst,l - )\min,n,stfl) 3 (463)

where Apinns, > 0 and g, Bns, > 0 are sufficient constrains for the positivity
of the one-frame-ahead conditional variance, given that the initial conditions satisfy
Aok|=1,50 = Aminn,so fOr all k& € K, and s = 0,1,...,m. Note that the model formula-
tion in [127] is slightly different. We assume that the parameters are frequency dependent
while each Apin s, defines the minimum value of the conditional variance in subband &,
under S; (k,) = s;. Let ag, .5 2 (S, =s;|S,_1 = s,_1), let 7, denotes the stationary

probability of state s and let ¥ be an (m + 1) x (m + 1) matrix with elements

T3 ~
ws+1,§+1 = W_ag,s (an,s + ﬁn,s) ; $,8 = Oa ]-7 s, M (464)

Then, a necessary and sufficient condition for asymptotic wide-sense stationarity of the

model defined in (4.62) and (4.63) is p (V) < 1, where p(-) denotes spectral radius [128].

This condition is also necessary to ensure a finite second order moment for the process.
The unconditional expectation of the state-dependent one-frame-ahead conditional

variance follows

E {)‘tk|t—l,st} = )\min,n,st + an,stE {‘Xt—l,k‘2 ‘ St}
+ 6n,stE {At—l,k\t—ZSt,l | St} - 6n,stE {Amin,n,St,l ‘ St} (465>

with

E {)\min,n,St,1 | St} = Zp (St—l | St) )\min,n,stfl

St—1

- T W 4.66
t—1,5t 2 1,St—1

St

St—1

Therefore, the stationary variance of the process is given by (see [128])
lim B (X} = 7 (L — )7 N, (4.67)

where 7 is a row vector of the stationary probabilities, [, is the identity matrix of order

m+ 1,

~ ~ T
)\min,n é |:>\min,n,07 >\min,n,17 ceey >\min,n,m1| (468>
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and

N A 6n,s
)\min,n,s = )\min,n,s - T E 7T§a'§,s)\min,n,§ . (469)
s —
3

4.A.3 Model estimation

The estimation of a GARCH model with Markov regimes is generally obtained from
a training set using ML approach [5,13]. However, the maximization of the likelihood
function is numerically unstable for multi-regime processes and only a local maxima can be
generally obtained. Assuming an (m + 1)-state Markov chain with GARCH of order (1, 1)
in each regime, the maximization process generates (m + 1)2 variables for the transition
probabilities and additional 3 x (m + 1) variables for the GARCH parameters in each
regime. Speech signals in the STFT domain demonstrate different levels of magnitudes
in different subbands and the coefficients are generally sparse. Therefore, we limit the
conditional variances in each subband within a dynamic range of 1, dB and define a special
state for speech absence hypothesis. Let (, £ max |th|2 and ¢, = Maxy ke, |th|2
denote the global maximum energy and the local maximum energy of the coefficients (in

subband k), respectively. Then, for the speech absence state (namely, s, = 0), we set
)\min,n,O = 1010g10 $o=19/10 y On o = /Gn,O =0. (470)

Under speech presence, a local dynamic range of 1, dB (1, < n,) is assumed for the
conditional variances. Furthermore, the parameters Ayinns, s > 0 are chosen to enable
tracking any transients between different levels of magnitudes results in switching the
active state. Without loss of generality, we sort the states according to the minimum

variance level such that
>\min,n,1 = max {)‘min,n,Oa 1010g10 Cn_m/w} ) (471>

and for s = 2,...,m, Apinn,s are log-spaced between Apin .1 and ¢,. Each state practically
represents different floor level for the spectral coefficients’ variance. The parameters
O s, Bns for s > 0 set the volatility level of the conditional variance and they are chosen
as follows. Assuming an immutable state s, the stationary variance follows

11— /Gn,s

- an,s - ﬁn,s

A
)\oo,n,s =

lim Atk\t—l,s = >\min,n,s 1 (472)

t—o00, k€kn
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provided that o, s+ 3, s < 1. Since different states are related to different dynamic ranges
in ascending order, we constrain Asgn s < Aminn,s+1 and therefore

11— /Gn,s < )\min,n,s—i-l . (473)

1— Qp.s — ﬁn,s - )\min,n,s

The autoregressive parameters, [3, , are chosen experimentally while the moving average
parameters, s, are chosen to satisfy equality in (4.73). Although the clean signal is
assumed to be available for the model estimation, it is only the high energy values that
are needed in each subband. These values can be practically estimated from the noisy
coefficients using the spectral subtraction approach. The state transition probabilities
can be estimated from test signals such that each active state is determined by the energy

level of the subband.

4.A.4 Spectral enhancement of noisy speech

Let Dy, denote the spectral coefficients of a noise signal which is uncorrelated with the
speech signal and assume that Dy, ~ CN (0,0%). Let Yy = Xy + Dy be the noisy
observations and let Y* £ {Y,,|7=0,1,...,t,k=0,1,..., K — 1} denote the set of the
observed coefficients up to time ¢. The noise variance o2, is assumed to be known and
it can be practically estimated using the improved minima controlled recursive averaging
approach [71]. Reconstruction of the one-frame-ahead conditional variances of the speech

coefficients is carried out recursively for each state by

5\tk|t—1,st = )\min,n,st + an,stE {|Xt—1,k|2 | yt—l’ st}

+ 6n,stE {At—l,k\t—lst,l | yt_la St} - ﬂn,stE {)\min,n,St,l ‘ yt—l’ St} (474>

where
E {|Xt—l,k|2 |yt_1a St} = ZP (St—l | St yt_l) E {|Xt—1,k|2 |yt_1, St—l}
£ Zp (St—l | St yt_l) j\t—l,k\t—l,st,l 5 (475)
E{ M ipi-2s, 4 | Y7 s} = ZP (se-1]s,Y7) 5\t—1,k\t-2,st,1 (4.76)
and

E {)\min,n,St,l ‘ yt—l’ St} = ZP (St—l ‘ St, yt—l) )\min,n,st,1 . (477>

St—1
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A detailed algorithm for the conditional variance restoration is described in [127].
Having an estimate for the speech coefficient’s second order moment under each state,
j\tk“,st, estimates of the speech coefficients are obtained by minimizing the mean-square

error of the log-spectral amplitude (LSA). Let

. Atklt.s N s Yl
gtk‘,st é tk‘;’ : ) tk,st é gtki : : | t§| . (478)
Oik 1+ &k Ok
Then, the LSA estimation of the speech coefficients is given by
. A n p(se|2%)
Ko =Yie J1 G (s Do) (4.79)
where
é— 1 /oo e—t
G (&0) = = —dt 4.80
€0 =en (5 )5 (150

is the LSA gain function [34] and the state probabilities, p (s, | V"), are evaluated according
to [127].

4.A.5 Experimental results and discussion

In this section, we demonstrate the application of the proposed model to speech enhance-
ment and to speech presence probability estimation.

The enhancement evaluation includes two objective quality measures; segmental SNR
and log-spectral distortion (LSD). The speech signals used in our evaluation are taken
from the TIMIT database. The signals are sampled in 16 kHz, degraded by a nonstation-
ary factory noise and transformed into the STFT domain using half overlapping Hamming
windows of 32 msec length. Twenty subbands are considered with global and local dy-
namic ranges of 7, = 50 dB and 7, = 20 dB, and four-state Markov chains (i.e., m = 3)
for each subband. The autoregressive parameters used in our simulations are (3, s = 0.8
for all n and s > 0. In each subband, the state persistence probability is 0.8 and a, ; are
equally chosen for all s # §. Figure 1 demonstrates the spectrograms and waveforms of
a clean signal, noisy signal with SNR of 5 dB, and the enhanced signal obtained by the
proposed algorithm. It shows that the background noise is highly attenuated while weak
speech components are retained, even while noise transients occur. Furthermore, the seg-

mental SNR and the LSD are improved. A subjective study of speech spectrograms and
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Figure 4.5: Speech spectograms and waveforms. (a) Clean signal: ”Draw every outer line.”;
(b) speech corrupted by factory noise with 5 dB SNR (LSD= 6.68 dB, SegSNR= 0.05 dB); (c)
speech reconstructed by using 4-state model (LSD= 3.14 dB, SegSNR= 6.76 dB).
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Figure 4.6: Conditional speech presence probability obtained by the proposed algorithm and by

the decision-directed based algorithm.

informal listening tests confirm that the quality of the enhanced speech is improved by
using frequency-dependent parameters which are derived from the different energy levels.

The conditional speech presence probability results from the enhancement algorithm
is compared with the statistical model-based voice activity detector (with hang-over) of
Sohn et al. [52] when applied to subbands. The later evaluates the conditional likelihood
L, 2 p(YVS, #0)/p(YV'|S, =0) by utilizing the decision-directed approach for the a
priori SNR estimation (assuming only two states). The conditional speech presence prob-
ability is obtained by p (S; # 0| V) = uLl:/ (1 + pL,), where p £ p(S; #0) /p(S; = 0)
is the a priori probabilities ratio. Figure 2 demonstrates the speech presence probabili-
ties achieved when both algorithms are applied to a speech signal corrupted by a white
Gaussian noise with SNR of 15 dB. The instantaneous SNR is defined as the ratio be-
tween the norms of the clean signal and the noise signal in each subband. It can be
seen that the speech presence probability, derived from our proposed algorithm, results
in a higher dynamic range for the probabilities and in much lower values for low energy
coefficients. Furthermore, the probabilities ascribed to each instantaneous SNR are with

higher variance resulting from the Markovian nature of the model.
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Chapter 5

State Smoothing in
Markov-Switching GARCH Models!

In this chapter, we address the problem of state smoothing in path-dependent Markov-
switching generalized autoregressive conditional heteroscedasticity (GARCH) processes.
We develop a smoothing algorithm which extends the forward-backward recursions of
Chang and Hancock and the stable backward recursion of Lindgren, Askar and Derin. Two
recursive steps are derived for the evaluation of conditional densities of future observations.
The first step is an upward recursion which manipulates the future observations for the
evaluation of their conditional densities, and the second step is a backward recursion
which integrates over the possible future paths. Experimental results demonstrate the

improvement in performance, compared to using causal estimation.

5.1 Introduction

State estimation is of both theoretical and practical importance whenever the underlying
statistical model switches regimes over time [5,129]. State smoothing (i.e., noncausal
state estimation) of hidden Markov processes (HMPs) has been originally introduced by
Chang and Hancock [118]. Their solution for estimating the noncausal state probability,
which is implemented using forward-backward recursions, decouples a forward recursion

for the evaluation of the joint probability density of the current state and all observations

IThis chapter is based on [130].
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up to the same time, and a backward recursion for obtaining the future observations’
density given the current state. Lindgren [119] and Askar and Derin [120] developed
an alternative stable backward recursion for the state smoothing in HMPs. Kim [134]
extended the stable backward recursion to nonmemoryless autoregressive hidden Markov
processes (AR-HMPs) where both the current state (regime) and a finite set of past values

are required for the conditional density evaluation, see also [5, chap. 22].

Generalized autoregressive conditional heteroscedasticity (GARCH) models and also
Markov-switching GARCH (MS-GARCH) models, are widely used in the field of econo-
metrics for volatility forecast derivation of economics rates [7,8,12,13] and they have re-
cently been utilized to several signal processing applications. In [135] GARCH modeling
has been applied to spatially non-uniform noise in multichannel signal processing. In [26]
a regime-switching GARCH model has been utilized for speech recognition and a complex-
valued GARCH model has been proposed in [24,25] for modeling speech signals in the
short-time Fourier transform (STFT) domain for the application of speech enhancement.
Generally, when incorporating GARCH processes with switching-regimes, the volatility
evaluation requires knowledge of the pertinent history of the regime-switching GARCH
process, including the regime-path [12,13]. Properties of path-dependent MS-GARCH
models have been studied by Francq et al. [122]. In order to estimate the model param-
eters, they showed that the conditional likelihood depends on all the possible paths and
for a Markov-switching ARCH model (in which case there is no dependency on past ac-
tive regimes) they showed that the forward-backward recursions can be employed for the
conditional likelihood evaluation. The complex-valued GARCH model has been shown
to be useful in speech enhancement applications [24,25]. Motivated by extending the
dynamic formulation of the time-frequency GARCH model and enabling a better fit for
a process with a more complicated time-varying statistical behavior, a Markov-switching
time-frequency GARCH (MSTF-GARCH) model has been introduced [127]. However,
existing smoothing solutions are inapplicable in case of a path-dependent MS-GARCH
model since both past observations and the regime path are required for the conditional
variance estimation, whereas existing smoothing techniques rely on the assumption that
given the current state, past active regimes are statistically independent of future densi-

ties.
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In this chapter, we develop a state smoothing approach for MSTF-GARCH processes.
The dependency of the conditional variance on past observations and past active regimes
are taken into consideration as we generalize both the forward-backward recursions of
Chang and Hancock [118] and the stable backward recursion of Lindgren [119] and Askar
and Derin [120]. We derive two recursive steps for the evaluation of conditional densities
of future observations. The first step is an upward recursion which manipulates the future
observations for the evaluation of their conditional densities, corresponding to all possible
future paths. The second step is a backward recursion which integrates over these paths
to evaluate the future densities required for the noncausal state probability. The compu-
tational complexity of the generalized recursions grows exponentially with the number of
future observations employed for the fixed-lag smoothing. However, experimental results
demonstrate that the significant part of the improvement in performance, compared to
using causal estimation, is achieved by considering a few future observations.

The organization of this chapter is as follows: In Section 5.2, we introduce the Markov-
switching time-frequency GARCH model and formulate the state smoothing problem. In
Section 5.3 we develop generalized forward-backward recursions as well as generalized
stable backward recursion, and derive our noncausal state probability approach. Finally,
in Section 5.4 we provide experimental results which demonstrate state smoothing for

noisy Markov-switching time-frequency GARCH processes.

5.2 Problem formulation

Let X; € C¥ be a K-dimensional random vector at a discrete time ¢, and let Xy, k €
{0,..., K — 1} be its kth element. Let X}? = {X;|#; <t < t5} represent the data set from
time #; up to tp and let X' & X!. Let S; denote the (unobserved) state at time ¢t and
let s; be a realization of S;, assuming S; is a first-order Markov chain with transition
probabilities as,s,,, = p(Sis1 = S141| S = s¢). Let T8 £ {X* 8'} denote all available
information up to time ¢, where S* £ S = {s, ..., 5;}. We assume that X, are generated
by an m-state Markov-switching time-frequency GARCH process of order (1,1) which

follows [127]:
X = )\tk\t—l‘/;tka k= 0, --~>K -1, (5'1)
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where {Vj;} are iid complex-valued random variables with zero-mean, unit variance and
some known probability density. Given the state s;, the conditional variance of Xy,
Atkft—1,5, = E{ | Xx|? | 201, 5}, is a linear function of the previous conditional variance

and squared absolute value:
Atkli—1 = Aikfe—1,50 = &sp T O, ‘Xt—l,k‘z + B Me—1,kjt—2 5 (5.2)

where & > 0, «ag > 0, and B, > 0, s = 1,...,m are sufficient constrains for the

positivity of the conditional variance. Let ¥ be an m-by-m matrix with elements
Vi = azi(aq + B;)m;/mi (5.3)

where m; = p(S; = i) is the stationary probability of state i, and let p(-) represent the
spectral radius of a matrix. Then, a necessary and sufficient condition for the process
defined in (5.1) and (5.2) to be asymptotically wide-sense stationary is p(¥) < 1 [128].

Let Y, = X, +D; denote the observed noisy signal, where D; denotes the noise process
which is uncorrelated with the signal X;, and let D; be a zero-mean complex-valued Gaus-
sian random process with a diagonal covariance matrix E {Dth } =diag{o?}, where
()H denotes the Hermitian transpose operation. The state conditional probability of a
Markov-switching model, p (s¢|Y7), is of considerable theoretical and practical importance
for signal restoration and state sequence estimation (e.g., [127,129]).

Solutions of the state smoothing problem, i.e., 7 > t, are normally obtained for HMPs
using the forward-backward recursions [118] or the stable backward recursion [119, 120].
Extensions of these recursions for nonmemoryless AR-HMPs [134], [5, Chap. 22], are based
on the quality that s; and a finite set of past clean observations give complete statistical
knowledge of future densities. However, in case of a path-dependent MS-GARCH model,
a recursive formulation specifies the conditional distribution of the process as dependent
on both past observations and the regime path, and therefore existing smoothing solutions

are inapplicable.

5.3 State probability smoothing

In this Section, we develop the noncausal state probability for the model defined in (5.1)
and (5.2). The smoothed probability is derived by generalizing both the forward-backward
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recursions [118] and the stable backward recursion [119,120].

5.3.1 Generalized forward-backward recursions

Assume that the conditional variance of the process is recursively estimated for any given
state (e.g., as proposed in [127]) and assume that the set of the recursively estimated
conditional variances at time ¢, At =S {5\t|t_175t | Sy =1, ...,m}, with the observed signal
Y, are sufficient statistics for the next conditional variance estimation for any given regime

[24,127]. Let X » = E{X,, 0X5,|82,Y"}, » > 71 > 79 denote the vector of

72|71,875 70

estimated conditional variances at time 75 based on the observations up to time 7 and on
the given set of active regimes S72, where ©® denotes a term-by-term multiplication and *

denotes complex conjugation. Let
g (At\t—l,staYt) £ F {Xt O] X: ‘ St = 54, >\t|t—1,s“ YZ} (5-4)

where the function g(+) is determined based on the statistical model of {Vj;} [24]. Define

the generalized forward density by
a(s, V)£ f (st,At,Yt) (5.5)
and the generalized backward density by
3 (yfIzL|SfH_l>yt+l_l) 2 ¢ <yfilL | S A, f—i—l—l) ‘ (5.6)
Then, by substituting [ = 1 we have
£ (50 0 Ae) = (50, 9%) B (5 97) (5.7)
and the noncausal state probability can be obtained by

b (3t|yt+L) = D (St | [\tv f+L>
a (s, V) B (Vi | s YY)
Zst «Q (St7 yt) 6 (yf—l—i——lL ‘ St, yt) ‘
Proposition 5.1. The generalized forward density of an MSTF-GARCH(1,1) process,

(5.8)

a (s, V'), satisfies the following recursion:

a(s, V) =f (Yt | s,, ;\t\t_l,st) D (s, Y7 g, e, s (5.9)

St—1

with the initial condition a (so, Yo) = p(so)f (Yo |so).
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Proof. The generalized forward density is obtained by

Q@ (st,yt) =f (Yt | st,f\t> f (st,f\t) . (5.10)

Given the active regime, the state-dependent conditional variance is sufficient for the
conditional density. Furthermore, A, and {At_l,Yt_l} represent the same statistical

information. Hence

@ (St>yt) =f (Yt |5, S\t\t—l,St) f <3ta]\t—1>Yt—1) ) (5.11)
where
f <3t>]\t—l>Yt—1) = Za (St—b yt_l) Qsy_ysy - (5.12)

Substituting (5.12) into (5.11) we obtain the recursive formulation for the generalized

forward density?. O

Proposition 5.2. The generalized backward density of an MSTF-GARCH(1,1) process,
16} (yfjf | 54, yt), satisfies the following two-step recursion:

Step I: Forl=1,...,L and all S:

A A

tH|t+I-1,8E fsml + a8t+z’\t+l—1|t+l—1,$§“*1 + ﬁSt+1)‘t+l—1|t+l—2,s§“*1 (5-13)

At+l|t+l,8f+l = 9<>‘t+l\t+l—1,sf+let+l> . (5-14>

A

Step II: Forl=L,...,1 and all S':

L I 3 - L l ! I 3 —
f <y§_—||_—l |S§+ 7At‘t—178t7 ;,H— 1) = ﬁ (yfj__[+1 ‘ Szf—l— 7yt+ ) f (Yt-l-l ‘ Szf—l— 7At\t—1,8t7 ;H_ 1)

B (VE 1S Y = 3 F (VIS Ao V) o (5.16)

St+1

with 3 (Viif o | S, V) =1 as the initial condition for the second step, and where 1

denotes a vector of ones.

2The initial conditions for the generalized forward recursion have negligible effect on the conditional
densities assuming an asymptotic stationary process which is sufficiently long. Therefore, the initial
conditional variance f (Yq|so) can be estimated by using the state-dependent stationary density of the

process.
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Proof. The generalized backward density 3 (V1] | s, V') = f (V{1 s, V") can be ob-
tained by
B (yﬂ—_lL | St yt) = Z f (yﬁ—_lL | S;,H_l’ ;\t\t—l,SwYt> Qsysp41 s (5'17)

St+1

where the multivariate density f ()ﬁff | S A 1ses Yt> in (5.17) can be obtained by
f (VIS A Vo) = B8 1S5 9) £ (Yo | S A i) - (5.18)

From (5.17) and (5.18) we recursively obtain for any | =1,..., L :
3 (yttilL | S+, yt—l—l—l) _ Z f (yz&i—lL | S+, 5\t|t—1,st7 tt+l—1) Gy o (5.19)

St+1

and

F (P18 Ao ) = B (VL 1SV f (Yara | SE A Vi)
(5.20)
The conditional density f (YtH | S 5\t|t_1,5t, f”‘l) in (5.20) is the density of the ob-
served data at time ¢ + [ conditioned on the regime path S, the recursively estimated
conditional variance at time ¢ given s;, and also on all observations from time ¢ up to time
t + 1 — 1. This density has a diagonal covariance matrix with the following conditional

variance on its diagonal:

* t+l 3 t41—1
E{Y 0 © Y, | S Koo i}
= o? + 5\ !
- t+|t+1—-1,SEF
2 * t+1 t+1—1
=0+ £3t+l1 + ast+1E{Xt+l—1 © Xt+l—1 | St ) At\t—LStv yt }

+ ﬁst+1E{)\t+l—1\t+l—2 | SfH_l, 5\zt|t—1,s,g> yf+l_2}. (5.21)

The expected absolute squared value of the signal at a specific time given the active regime

is independent of any future regimes, hence

* t+ 3 t-+1—1 — A
E{Xt+l—1®Xt+l—1|St a/\t\t—LSw t } = )‘t+l—1|t+l—1,$§“’1

~

=9 <>‘t+l—1\t+l—2,$f+l*1=Yt+l—1> (5-22)

Combining (5.22) with (5.21), we obtain Step I of the generalized backward recursion
((5.13) and (5.14)), and from (5.19) and (5.20) we obtain Step II ((5.15) and (5.16)). O
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Step I is an upward recursion which manipulates the future observations for estimating
their conditional variances corresponding to all possible regime sequences S, Step II
is a backward recursion, which integrates the Step I results to evaluate the generalized
backward density. Each step of the generalized backward recursion is calculated for m*+!
regime sequences, and therefore the computational complexity increases exponentially
with the delay L. However, as the correlation of the current state and future observations

decreases along time, small values of L sufficiently enhance the chain sequence estimation,

as can be seen in the experimental results.

5.3.2 Generalized stable backward recursion

The stable backward recursion is derived by using the smoothed probability of two se-
quential states, which is given by [120]:

£V TY) £ (se0a | V)

5.23
f (500, VA1 DY) (5:23)

P (Stt-i-l | yt-l—L) _

Under the assumption that {At, Yt} are sufficient statistics for the next state-dependent

conditional variance estimation, we obtain
FSELYETIYY) = F s, VET 156, Y) p (1))
f (yfif | Sfﬂa yt) p (St—l—l | 5, yt) p (St ‘ yt)
= f<yttIlL | Sf-i_lv 5‘t|t—1,s,57 Yt) Asys,41P (St | At, Yt) (524)
and
f (St+17 yfif | yt) = f (yttilL | St+1, yt) p (St+1 | yt)
f <yfj:1L | St+15 5\t+1|t,s,g+1> p <5t+1 | Au Yt) . (5-25)

By substituting (5.24) and (5.25) into (5.23) and integrating out all states at time ¢ + 1,

we obtain the following backward recursion for the smoothed state probability:

(5.26)

~ f <yﬁ-_lL ‘ Swtt+17 j‘t\t—l,Stv Yt) Qsisi 41D (St—l—l ‘ yt—i—L)
p (St | yt+L) =P <$t | Ay, Yt) Z L N -
St41 f (yt+1 | St+1, At+1\t,st+1) p <St+1 | Ay, Yt)

where the conditional density f (yfjf |Sf+1,5\t‘t_178t,Yt> can be derived from the

generalized backward recursion (5.13)-(5.16).  However, the conditional density
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f (Mﬁ’f | st+1,5\t+1|t,5t +1> in the denominator of (5.26) requires calculation of a similar
recursion which is not informed of the regime s;.

Although the stable backward recursion is known to be numerically more stable than
the forward-backward recursions, the instability of the latter is insignificant for short
delays and the former requires computation of the generalized backward recursion twice,

. t+L | ot+1 3 t+L 3
one for evaluating f (ym | S, ,}\t‘t_Lst,Yt) and one for f (ym |st+1,)\t+1|t,5t+1>.

5.4 Experimental results

The generalized state smoothing has been applied to state detection in noisy MSTF-
GARCH(1, 1) processes with 3 states and 5 to 15 dB signal-to-noise ratios (SNRs). Twenty
random stationary models have been simulated with an unconditional Gaussian model
and uniformly distributed parameters on the intervals (0,1/3], (1/3,2/3] and (2/3, 1] for
each state respectively. For each model 20 signals are considered, each of dimension
K =100 and time length 7" = 100. The conditional variances 5\t|t_1,st are estimated using
the recursive approach of [127]. Figure 5.1 shows the detection error rate p($; # s;) for
casual estimation as well as for noncausal estimation with up to L = 4 samples delay.
It can be seen that the state detection monotonically improves with the increase of the
delay. However, the most significant improvement is achieved by using up to 2 future

samples, and the contribution of additional future observations decays along time.

5.5 Conclusions

We have derived state smoothing for Markov-switching time-frequency GARCH process,
in which case the conditional variances depend on both past observations and the regime
path. Our noncausal state probability solution generalizes both the standard forward-
backward recursions and the stable backward recursion of HMP by capturing both the
signal correlation along time and its conditioning on the regime path. Accordingly, the
backward recursion requires two recursive steps for evaluating the conditional density
of the given future observations corresponding to all optional future paths. Although

the computational complexity of the generalized backward recursion grows exponentially
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Figure 5.1: State smoothing error rate for 3-state MSTF-GARCH models with SNRs of 5 dB
(triangle), 10 dB (asterisk) and 15 dB (circle).

with the delay, a small number of future observations contribute with the most significant
improvement to the state estimation. Combining the generalized recursions with the
recursive signal restoration algorithm of [127] facilitates a noncausal signal restoration,

which is a subject for further research.



Chapter 6

Simultaneous Detection and
Estimation Approach for Speech

Enhancement!

In this chapter, we present a simultaneous detection and estimation approach for speech
enhancement. A detector for speech presence in the short-time Fourier transform do-
main is combined with an estimator, which jointly minimizes a cost function that takes
into account both detection and estimation errors. Cost parameters control the trade-
off between speech distortion, caused by missed detection of speech components, and
residual musical noise resulting from false-detection. Furthermore, a modified decision-
directed a priori signal-to-noise ratio (SNR) estimation is proposed for transient-noise
environments. Experimental results demonstrate the advantage of using the proposed si-
multaneous detection and estimation approach with the proposed a priori SNR estimator,
which facilitate suppression of transient noise with a controlled level of speech distortion.

In Appendix 6.B we formulate a speech enhancement problem under multiple hypothe-
ses, assuming an indicator or detector for the transient noise presence is available in the
short-time Fourier transform (STFT) domain. Hypothetical presence of speech or tran-
sient noise is considered in the observed spectral coefficients, and cost parameters control
the trade-off between speech distortion and residual transient noise. An optimal esti-

mator, which minimizes the mean-square error of the log-spectral amplitude, is derived,

IThis chapter is based on [136].

101
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while taking into account the probability of erroneous detection. Experimental results
demonstrate the improved performance in transient noise suppression, compared to using

the optimally-modified log-spectral amplitude estimator.

6.1 Introduction

Optimal design of efficient speech enhancement algorithms has attracted significant re-
search effort for several decades. Speech enhancement systems often operate in the short-
time Fourier transform (STFT) domain, where the speech spectral coefficients are esti-
mated from the spectral coefficients of the degraded signal. The spectral coefficients of
the speech signal are generally sparse in the STF'T domain in the sense that speech is
present only in some of the frames, and in each frame only some of the frequency-bins
contain the significant part of the signal energy. However, existing algorithms often focus
on estimating the spectral coefficients rather than detecting their existence. The spectral-
subtraction algorithm [29,30] contains an elementary detector for speech activity in the
time-frequency domain, but it generates musical noise caused by falsely detecting noise
peaks as bins that contain speech, which are randomly scattered in the STF'T domain.
Subspace approaches for speech enhancement [57,59, 60, 104] decompose the vector of
the noisy signal into a signal-plus-noise subspace and a noise subspace, and the speech
spectral coefficients are estimated after removing the noise subspace. Accordingly, these
algorithms are aimed at detecting the speech coefficients and subsequently estimating
their values. McAulay and Malpass [32] were the first to propose a speech spectral es-
timator under a two-state model. They derived a maximum likelihood (ML) estimator
for the speech spectral amplitude under speech-presence uncertainty. Ephraim and Malah
followed this approach of signal estimation under speech presence uncertainty and derived
an estimator which minimizes the mean-square error (MSE) of the short-term spectral
amplitude (STSA) [33]. In [49], speech presence probability is evaluated to improve the
minimum MSE (MMSE) of the log-spectral amplitude (LSA) estimator, and in [38] a fur-
ther improvement of the MMSE-LSA estimator is achieved based on a two-state model.
Under speech absence hypothesis Cohen and Berdugo [38] considered a constant attenu-

ation factor to enable a more natural residual noise, characterized by reduced musicality.
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Under slowly time-varying noise conditions, an estimator which minimizes the MSE
of the STSA or the LSA under speech presence uncertainty may yield reasonable re-
sults [33,38]. However, under quickly time-varying noise conditions, abrupt transients
may not be sufficiently attenuated, since speech is falsely detected with some positive
probability. Reliable detectors for speech activity and noise transients are necessary to fur-
ther attenuate noise transients without much degrading the speech components [107,137].
Despite the sparsity of speech coefficients in the time-frequency domain and the impor-
tance of signal detection for noise suppression performance, common speech enhancement
algorithms deal with speech detection independently of speech estimation. Even when
a voice activity detector is available in the STFT domain (e.g., [51-56,108]), it is not
straightforward to consider the detection errors when designing the optimal speech es-
timator. High attenuation of speech spectral coefficients due to missed detection errors
may significantly degrade speech quality and intelligibility, while falsely detecting noise

transients as speech-contained bins, may produce annoying musical noise.

In this chapter, we present a novel formulation of the speech enhancement problem,
which incorporates simultaneous operations of detection and estimation. A detector for
the speech coefficients is combined with an estimator, which jointly minimizes a cost func-
tion that takes into account both estimation and detection errors. Under speech-presence,
the cost is proportional to a quadratic spectral amplitude (QSA) error [33], while under
speech-absence, the distortion depends on a certain attenuation factor [29,38,70]. We
derive a combined detector and estimator with cost parameters that enable to control the
trade-off between speech distortion, caused by missed detection of speech components,
and residual musical noise resulting from false-detection. The combined solution gen-
eralizes the well-known STSA algorithm, which involves merely estimation under signal
presence uncertainty. In addition, we propose a modification of the decision-directed a
priori signal-to-noise ratio (SNR) estimator, which is suitable for transient-noise envi-
ronments. Experimental results show that the simultaneous detection and estimation
yields better noise reduction than the STSA algorithm while not degrading the speech
signal. The advantage of using a suitable indicator for transient noise is demonstrated in
a nonstationary noise environment, where the proposed algorithm facilitates suppression

of transient noise with a controlled level of speech distortion.
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The chapter is organized as follows. In Section 6.2, we briefly review classical speech
enhancement under signal presence uncertainty. In Section 6.3, we reformulate the speech
enhancement problem in the STFT domain as a simultaneous detection and estimation
problem. In Section 6.4, we derive the combined solution for a QSA distortion function.
In Section 6.5, we relate our proposed approach to the spectral-subtraction approach.
In Section 6.6, we present an a prior: SNR estimator suitable for transient noise envi-
ronments, and in Section 6.7 we demonstrate the performance of the proposed approach

compared to existing algorithms, both under stationary and transient-noise environments.

6.2 Classical speech enhancement

In this section, we present the classical approach for spectral speech enhancement in non-
stationary noise environments, assuming that some indicator for transient noise activity
is available.

Let z(n) and d(n) denote speech and uncorrelated additive noise signals, and let
y(n) = x(n) + d(n) be the observed signal. Applying the STFT to the observed signal,
we have

Yo, = Xo + Dy (6.1)

where ¢ = 0,1, ... is the time frame index and k£ = 0,1,..., K — 1 is the frequency-bin
index. Let H* and H{* denote, respectively, speech presence and absence hypotheses in

the time-frequency bin (¢, k), i.e.,

H¥ Yy, = Xop + Dy

We assume that the noise expansion coefficients can be represented as the sum of two
uncorrelated noise components Dy, = D5, + Di,, where D, denotes a quasi-stationary
noise component and D, denotes a highly nonstationary transient component. The tran-
sient components are generally rare, but they may be of high energy and thus cause
significant degradation to speech quality and intelligibility. However, in many applica-
tions, a reliable indicator for the transient noise activity may be available in the system.

For example, in an emergency car (e.g., police or ambulance) the engine noise may be
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considered as quasi-stationary, but activating a siren results in a highly nonstationary
noise which is perceptually very annoying. Since the sound generation in the siren is
nonlinear, linear echo cancelers, e.g., [138], may be inappropriate. In a computer-based
communication system, a transient noise such as a keyboard typing noise may be present
in addition to quasi-stationary background office noise. Another example is a digital cam-
era, where activating the lens-motor (zooming in/out) may result in high-energy transient
noise components, which degrade the recorded audio. In the above examples, an indicator
for the transient noise activity may be available, i.e., siren source signal, keyboard output
signal and the lens-motor controller output. Furthermore, given that a transient noise
source is active, a detector for the transient noise in the STF'T domain may be designed
and its spectrum can be estimated based on training data.

The objective of a speech enhancement system is to reconstruct the spectral coefficients
of the speech signal such that under speech-presence a certain distortion measure between
the spectral coefficient and its estimate, d (ng,ng), is minimized, and under speech-
absence a constant attenuation of the noisy coefficient would be desired to maintain a
natural background noise [38,70]. Although the speech expansion coefficients are not
necessarily present, most classical speech enhancement algorithms try to estimate the
spectral coefficients rather than detecting their existence, or try to independently design
detectors and estimators. The well-known spectral subtraction algorithm estimates the
speech spectrum by subtracting the estimated noise spectrum from the noisy squared
absolute coefficients [29,30], and thresholding the result by some desired residual noise
level. Thresholding the spectral coefficients is in fact a detection operation in the time-
frequency domain, in the sense that speech coefficients are assumed to be absent in the
low-energy time-frequency bins and present in noisy coefficients whose energy is above
the threshold.

McAulay and Malpass were the first to propose a two-state model for the speech signal

in the time-frequency domain [32]. Accordingly, the MMSE estimator follows [115]

Xoe = E{Xu | Yo}

= B { X | Yor, H{*} p (H{" | Yir,) - (6.3)

The resulting estimator does not detect speech components, but rather, a soft-decision
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is performed to further attenuate the signal estimate by the a posteriori speech presence
probability. Ephraim and Malah followed the same approach and derived an estimator

which minimizes the MSE of the STSA under signal presence uncertainty [33]. Accord-

ingly,

‘Xék‘ = E{|Xu| | Yoo, Hi"} p (H{" | Yar) - (6.4)

Both in [32] and [33], under H{* the speech components are assumed zero and the a priori
probability of speech presence is both time and frequency invariant, i.e., p (H fk) = p(H,).
In [38,49], the speech presence probability is evaluated for each frequency-bin and time-
frame to improve the performance of the MMSE-LSA estimator [34]. Further improvement
of the MMSE-LSA suppression rule can be achieved by considering under H* a constant
attenuation factor Gy << 1, which is determined by subjective criteria for residual noise

naturalness, see also [70]. The OM-LSA estimator [38] is given by

Y Lk 5 B .
Kan| = (exp [E {log | Xu | Vo, HEY))PE10) (G py 0 Ye) (g5

Suppose that an indicator for the presence of transient noise components is available in
a highly nonstationary noise environment, then high-energy transients may be attenuated
by using one of the above-mentioned estimators (6.3)—(6.5) and heuristically setting the
a priori speech presence probability p (H fk) to a sufficiently small value. Unfortunately,
this also results in suppression of desired speech components and intolerable degradation
of speech quality. In general, an estimation-only approach under signal presence uncer-
tainty produces larger speech degradation for small p (H fk), since the optimal estimate is
attenuated by the a posteriori speech presence probability. On the other hand, increasing
P (H f’“) prevents the estimator from sufficiently attenuating noise components. Integrat-
ing a jointly optimal detector and estimator into the speech enhancement system may
significantly improve the speech enhancement performance under highly non-stationary
noise conditions and may allow further reduction of transient components without much

degradation of the desired signal.
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6.3 Reformulation of the speech enhancement prob-

lem

In this section, we reformulate the speech enhancement as a simultaneous detection and
estimation problem.

Middleton and Esposito [115] were the first to propose simultaneous signal detection
and estimation within the framework of statistical decision theory. A decision space,
{ngk,nfk }, is assumed for the detection operation where under the decision nfk, signal
hypothesis H fk is accepted and a corresponding estimate ng = ngJ is considered. The
detection and estimation are strongly coupled so that the detector is optimized with the
knowledge of the specific structure of the estimator, and the estimator is optimized in
the sense of minimizing a Bayesian risk associated with the combined operations. For

notation simplification, we omit the time-frequency indices (¢, k). Let
C, (X, X) >0 (6.6)

denote the cost of making a decision 7; (and choosing an estimator X]) where X is the
desired signal. Then, the Bayes risk of the two operations associated with simultaneous

detection and estimation is defined by [115,116]

Rz%/ﬂy/wcj (X.X) p (0 1Y) p (Y | X) p(X) dXaY (6.7)

where €2, and €2, are the spaces of the speech and noisy signals, respectively. The si-
multaneous detection and estimation approach is aimed at jointly minimizing the Bayes
risk over both the decision rule and the corresponding signal estimate. Let ¢ = p (H;)
denote the a priori speech presence probability and let Xz and X; denote the real and
imaginary parts of the expansion coefficient X. Then, the a prior: distribution of the

speech expansion coefficient follows
p(X) =qp(X|Hy)+ (1—q)p(X|H), (6.8)

where p(X | Hy) = 6 (X) and 6 (X) £ 6 (Xg, X;) denotes the Dirac-delta function. The

cost function C; ( X, X ) may be defined differently whether H; or Hy is true. Therefore,

N———
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we let

i) (X, X) e (X,X | H) (6.9)
denote the cost which is conditioned on the true hypothesis’. The cost function
Cij (X , X ) depends on both the true signal value and its estimate under the decision

n; and therefore couples the operations of detection and estimation. By substituting (6.8)

into (6.7) we obtain

w= [ ] 010 {pm v fap (X ) € (X.X)

+ (1= q) p(X| Ho) Coo (X, X) |
+p(m|Y) | gp(X|Hi)Cn (X, X)
+ (1—¢q) p(X|Ho) Cor (X, Xﬂ } dXdy . (6.10)

Let
ry (V) = / i) (X, X) p(X | H)p(Y|X)dX (6.11)

denote a risk associated with the pair { H;, n;} and the observation Y. Then, the combined
Bayes risk follows

R:/Q p(olY)[qrio(Y)+ (1 —q)reo (Y)]

Fp0n 1Y) [arn (V) + (1 q)roa (V)] Y (6.12)
Since the detector’s decision under a given observation is binary, i.e., p(n;|Y) € {0,1},
for minimizing the combined risk we first evaluate the optimal estimator under each of
the decisions, then the optimal decision rule is derived based on the optimal estimators
XO, X, to further minimize the combined risk. The two-stage minimization guaranties
minimum combined risk [116]. The optimal nonrandom decision rule which minimizes
the combined risk (6.12) is given by:

Decide n; (i.e., p(m |Y) = 1) if

qlrio(Y) —ru(Y)] > (1 —=¢q)[ros (Y) —re0 (V)] , (6.13)

otherwise, decide 7.

2Note that X = 0 implies that Hy is true and X # 0 implies H; so the sub-index i may seem to be

redundant. However, this notation simplifies the subsequent formulations.
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Figure 6.1: (a) Independent detection and estimation system; (b) strongly coupled detection

and estimation system.

The optimal estimator under a decision 7; is obtained from (6.12) by

argmin { ¢r1; (V) + (1 =)o (V)} - (6.14)

J

Note that r;; (Y)) depends on the estimate X; through the cost function. Figure 6.1
shows a block diagram of the simultaneous detection and estimation scheme compared
with an independent detection and estimation system. The standard, non-coupled detec-
tion and estimation system (a) consists of an estimator and a detector which independently
chooses to accept or reject the estimator output. In the simultaneous detection and es-
timation scheme, the estimator is obtained by (6.14) and the interrelated decision rule
(6.13) chooses the appropriate estimator, X, or X, for minimizing the combined Bayes
risk. Since the risk 7;; (Y) is a function of the signal estimate X, the decision rule (6.13)
requires knowledge of the estimator under any of its own decisions. Therefore, the arrow
between the estimation and the detection blocks is unidirectional. It is important to note
that the optimal estimator (6.14) minimizes the Bayes risk under any given decision rule,
even if the detector is not optimal and/or is unknown to the estimator.

The cost function associated with the pair {H;, n;} is generally defined by

where d;; (X , X ) is an appropriate distortion measure and the cost parameters b;; control
the trade-off between the costs associated with the pairs { H;,n;}. That is, a high valued
bo1 raises the cost of a false alarm, (i.e., decision of speech presence when speech is
actually absent) which may result in residual musical noise. Similarly, byo is associated

with the cost of missed detection of a signal component, which may cause perceptual
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signal distortion. Under a correct classification, normalized cost parameters are generally
used, by = by = 1. However, d;; (+,-) is not necessarily zero since estimation errors are
still possible even when there is no detection error.

Contrary to the approach in [115,116,139], we do not reject the signal estimator
when a decision 79 is made. Instead, we allow the estimator Xo # 0 to compensate
for any detection errors and to reduce potential musical noise and audible distortions.
Furthermore, when speech is indeed absent the distortion function is defined to allow
some natural background noise level such that under Hj the attenuation factor will be

lower bounded by a constant gain floor Gy << 1 as proposed in [24,29, 38, 70].

6.4 Quadratic spectral amplitude cost function

In this section, we derive a speech simultaneous detection and estimation scheme for a

QSA cost function.

The distortion measure of the QSA cost function is defined by

d;; (X,X): ) ) (6.16)

and is related to the STSA suppression rule of Ephraim and Malah [33]. We assume
that both X and D are statistically independent, zero-mean, complex-valued Gaussian
random variables with variances A\, and A4, respectively. Let & £\, /Aq denote the a
priori SNR under hypothesis Hi, let v = |Y|?/\; denote the a posteriori SNR and let
v 25/ (1+¢€). For evaluating the optimal detector and estimator under the QSA cost
function we denote by X £ ae’* and Y £ Re’? the clean and noisy spectral coefficients,
respectively, where a = |X| and R = |Y|. Accordingly, the pdf of the speech expansion

coefficient under H; satisfies

a a?
pla,a | Hy) = — &XP (—)\—) . (6.17)

The combined risk under the QSA cost function is independent of the signal phase nor

as the estimated amplitude under

the estimation phase. Therefore, we define a; = ‘X]
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n;. Substituting the QSA cost function into (6.14) we have

00 2
dj:argmjn{qblj/ / (a—a)*p(a,a| H)p(Y |a,a)dada
a o Jo

+ (1= a)bo; (Gr R—a)*p(Y | Ho)} (6.18)
and by constraining the derivative according to a to equal zero, we obtain

0o 2w
dj [ble(Y)—FbO]] :ble(Y)A /0 ap(a,a|Hl)p(Y|a,oz)dozda/p(Y|H1)+bgj GfR

(6.19)
where A (Y') is the generalized likelihood ratio defined by [33]
Y| Hy)
A(Y) 2 q pl(
T )
q ¢

= 6.20
(1-g)1+¢ (6:20)

Note that given the a priori speech presence probability, the generalized likelihood ratio
is a function of the a priori and a posteriori SNRs, A(&, ). Using [33] we observe that

/000/0 ﬂap(a,a|Hl)p(Y|a,a)dada/p(Y|Hl)

Ty () [0 (3) o ()]

é GSTSA (f,’y)R, (6.21)

where I, (-) denotes the modified Bessel function of order v.

Let

5 (&) = bij A(€7) + bo; - (6.22)

Then, by using the phase of the noisy signal [33] we obtain from (6.19) and (6.21) the

optimal estimation under the decision 7n;, j € {0,1}:

~

X; = [bijA(E,7) Gsrsa(&,7) +bo; Gyl s (€,7)7'Y
= GiE)Y. (6.23)

For evaluating the optimal decision rule we need to compute the risk 7;;(Y"). Under H;
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we obtain

ry (V) = @7@@(_&) {Giv—i—i(l—kv)—Gj\/ﬁexp (_E)

T 1+¢& 1+¢ 2
e
_ %% {G?ﬂy—i— ﬁ(l—i—v) —27G, GSTSA} ; (6.24)

(see proof in the Appendix) where G; holds for G;(¢,), the gain function under the
QSA cost function and the decision n; which is defined in (6.23), and Gsrsa holds for
Gsrsa(€, ) which is defined in (6.21).

For deriving the risk under Hy, 79; (YY), we observe p(Xg, X;|Ho) = 6 (Xg, X1).

Consequently,

(V) = by [ |G (€)= G IV} p (X X | Ho) (Y| X Xi) XX,y

= MG (Em) ~ Gy re. (6.25)

Substituting (6.24) and (6.25) into (6.13), we obtain the optimal decision rule under
the QSA cost function:

A (5,”}/) {blo Gg — G% + ﬁ (1 + U) (blg — 1) + 2 (G1 — blo Go) GSTSA}
2 bot (G1 — Gp)? = (Go — Gy) (6.26)

0

To conclude the above results, simultaneous detection and estimation from noisy ob-
servations requires (i) calculating the gain factor under any of the decisions using (6.23),
and (ii) finding the optimal decision 7; using (6.26). The corresponding signal estimate
is obtained by applying the gain G to the noisy observation.

Figure 6.2 demonstrates attenuation curves under QSA cost function as a function of
the instantaneous SNR defined by v — 1, for several a priori SNRs, using the parameters
q = 0.8, (as proposed in [33]) Gy = —25 dB and cost parameters by; = 5 and b;p = 1.1.
The gains G (dashed line), Gy (dotted line) and the total detection and estimation
system gain (solid line) are compared to the STSA gain under signal presence uncertainty
of Ephraim and Malah [33] (dashed-dotted line). The a priori SNRs range from —15 dB
to 15 dB. Not only that the cost parameters shape the STSA gain curve, when combined
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with the detector the proposed method provides a significant non-continuous modification
of the standard STSA estimator. For example, for a priori SNRs of £ = —5 and £ = 15
dB, as shown in Figure 6.2(b) and (d) respectively, as long as the instantaneous SNR
is higher than about —2 dB (for £ = —5 dB) or —5 dB (for £ = 15 dB), the detector
decision is 7;, while for lower instantaneous SNRs, the detector decision is 1y. Note that
if an ideal detector for the speech coefficients would be available, a more significantly
non-continuous gain would be desired to block the noise-only coefficients. However, in
the proposed simultaneous detection and estimation approach the detector is not ideal
but optimized to minimize the combined risk and the non-continuity of the system gain
depends on the chosen cost parameters as well as on the gain floor. As shown in our
experimental results, this non-continues gain function may yield greater noise reduction
with slightly higher level of musicality, while not degrading speech quality.

It is of interest to examine the asymptotic behavior of the estimator (6.23) under
each of the decisions. When the cost parameter associated with false alarm is much
smaller than the generalized likelihood ratio, i.e., byy << A (£, 7), the spectral gain of
the estimator under the decision 7; is Gy (§,7) = Gsrsa (§,7), which is optimal when
the signal is surely present. However, if by; >> A (£, ), the spectral gain under 7; needs
to compensate the possibility of a high-cost false-decision made by the detector and thus
G4 (€,7) = Gy. On the other hand, if the cost parameter associated with missed detection
is small and we have by << A (€,7)"", then Gy (€,7) = G (i.¢., estimation where speech
is surely absent) but under byy >> A (£,7)”", in order to overcome the high cost related
to missed detection, we have Gy (£,7) = Ggrsa (§)-

Recall that
A€, )
1+ A (&)

is the a posteriori probability for speech presence [33], it can be shown that the proposed

=p(H]Y) (6.27)

estimator (6.23) generalizes the well-known STSA estimator. For the case of b;; = 1 Vi, j

we have

Xo = [p(H1]Y)Gsrsa(§,7)+ (1 —p(H1]|Y))GylY

~

= X. (6.28)

In that case the detection operation is not required since the estimation is independent of
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Figure 6.2: Gain curves of Gy (dashed line), Gy (dotted line) and the total detection and
estimation system gain curve (solid line), compared with the STSA gain under signal presence
uncertainty (dashed-dotted line). The a priori SNRs are (a) & = —15 dB, (b) £ = —5 dB,
(¢c) ¢=5dBand (d) £ =15 dB.



6.5. RELATION TO SPECTRAL SUBTRACTION 115

the decision rule. If we also set Gf to zero, the estimation reduces to the STSA suppression
rule under signal presence uncertainty [33].

The simultaneous detection and estimation approach requires the calculation of two
gain functions, Go(&,y) and G1(&, ), and the decision rule. However, as can be seen from
(6.23), both Go(&, ) and G1(&,y) are linear functions of Gsrsa(€,y) and the generalized
likelihood ratio A(§, ). In addition, the decision rule (6.26) requires the calculation of a
second-order polynomial. Therefor, the additional complexity of the simultaneous detec-
tion and estimation approach is insignificant compared to the STSA estimator [33], which
also requires the calculation of the gain function Ggrsa(€,v) (6.21) and the generalized

likelihood function (6.31).

6.5 Relation to spectral subtraction

The general formulation of the spectral subtraction approach assumes a spectral estimator
which can be written as [29,30]
1 } Yo

. 1 L
Koy = maxx { ([Ya|” = wE [|Dal"))” , BE [|Das|']" A (6.29)

where E [|Dy|™] is the 7-order moment of the noise spectral coefficient, u > 1 represents
an over-subtraction factor, and 0 < [ << 1 represents spectral floor factor. Boll [30]
considered 7 = 1 while Berouti et al. [29] used 7 = 2. McAulay and Malpass [32] showed
that under a Gaussian statistical model, spectral subtraction with 7 =2, y =1and =0
yields a maximum-likelihood estimator for the speech spectral variance.

The spectral subtraction scheme (6.29) classifies high-energy time-frequency bins as
active speech bins, and only in these bins the signal is estimated. Low-energy bins below
a given threshold are classified as noise-only bins, and set to some background noise level
for reducing the residual musical noise. Consequently, low-energy bins that contain the
speech signal are not detected, while noise peaks are detected as speech bins. When
the over-subtraction factor u is increased, fewer noise peaks are detected as speech and
therefore the residual musical noise is reduced at the expanse of deterioration of speech
quality. The spectral floor SE [|ng|7]1/ " “fills-in” the valleys of the residual noise, which

yields a more natural noise with less annoying musicality [29]. However, a large [ reduces
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the background noise suppression. Further reduction of the musical noise may be achieved
by local smoothing of the noisy spectral values prior to noise subtraction. As a result, noise
peaks are attenuated and the spectral estimation error can be reduced [30]. However, as
the speech signal is highly nonstationary, its intelligibility may be dramatically decreased

when the smoothing parameter increases.

The classical spectral subtraction approach heuristically combines a detector and an
estimator for the speech spectral coefficients while the parameters p, 3 and the smoothing
length control the trade-off between the residual musical noise and the speech quality. In
the proposed simultaneous detection and estimation approach, the detector is optimally
designed jointly with the estimator. The residual noise musicality is controlled by both the
spectral gain floor Gy which bounds the attenuation and the false-alarm cost parameter
boi- A high-valued false-alarm cost parameter (with relation to the generalized likelihood
ratio) reduces the estimation gain under 7y, which compensates for a false-detection.
The amount of speech distortion is affected by the missed detection parameter by, which
increases the estimation gain under 7. Since the decision rule depends on both parameters
as well as on the gain floor, it is the combination of the three parameters that control the

trade-offs between noise reduction and speech distortion.

The different behaviors of the spectral subtraction and the simultaneous detection
and estimation approach are illustrated in Figures 6.3 and 6.4. The signals in the time
domain are shown in Figure 6.3. The clean signal is a sinusoidal wave which is active only
in a specific time interval and the noisy signal contains white Gaussian noise with SNR
of 5 dB. The noisy signal is transformed into the STFT domain using half-overlapping
Hamming windows of 256 taps. The signal enhanced by spectral subtraction with 7 = 2,
p =1 and § = 0.2 is shown in Figure 6.3(c) and the signal enhanced by using the
proposed algorithm is shown in Figure 6.3(d) with by = 3, by = 5, Gy = —20 dB
and ¢ = 0.8. The a priori SNR needed for the simultaneous detection and estimation
approach is estimated using the decision-directed approach as will be defined in (6.30),
with a weighting factor a = 0.92 and &,,;,, = —20 dB as the lower bound for the a
priori SNR, while the variance of the background noise coefficients is evaluated from the
noise signal (for both algorithms). The amplitudes of the signals in the STFT domain

(at the specific frequency band of the desired signal’s frequency) are shown in Figure
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Figure 6.3: Signals in the time domain. (a) Clean sinusoidal signal; (b) noisy signal; (c) enhanced

signal obtained by using the spectral-subtraction estimator; (d) enhanced signal obtained by

using the detection and estimation approach.
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Figure 6.4: Amplitudes of the STFT coefficients along the time-trajectory corresponding to the

frequency of the sinusoidal signal: noisy signal (dotted line), spectral subtraction (dashed line),

and simultaneous detection and estimation (solid line).
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6.4. It can be seen that when the desired signal is absent, high-energy noise components
are falsely detected by the spectral subtraction algorithm which potentially results in
an annoying musical noise. The detection and estimation algorithm results in a higher
attenuation of the noise peaks and smoother and more natural background noise while
not increasing the audible distortion in the enhanced signal. Furthermore, it may seem
from Figure 6.4 that when the desired signal is active and the instantaneous SNR is high,
both algorithms imply similar results. However, in time frames where the desired signal
is present, the spectral subtraction approach results in higher residual noise in frequencies
where the signal is absent or of low SNR. Therefore, the enhanced signal using the spectral
subtraction approach is inferior to the enhanced signal using the detection and estimation
approach even in time intervals where the signal is present, as can be seen from Figures

6.3(c) and (d).

6.6 A priori SNR estimation

Speech enhancement in the STF'T domain generally relies on an estimation-only approach
under signal presence uncertainty e.g., [32,33,38]. The a priori SNR is often estimated
by using the decision-directed approach [33]. Accordingly, in each time-frequency bin we

compute
o = max {a G? (&—Uw W—m) Y1,k (1 =) (Ve — 1), &min } (6.30)

where a (0 < a < 1) is a weighting factor that controls the trade-off between noise
reduction and transient distortion introduced into the signal, and &, is a lower bound
for the a priori SNR which is necessary for reducing the residual musical noise in the
enhanced signal [33,70]. Since the a priori SNR is defined under the assumption that
H{* is true, it is proposed in [38] to replace the gain G in (6.30) by G5, which represents
the spectral gain when the signal is surely present (i.e., ¢ = 1). Increasing the value
of o results in a greater reduction of the musical noise phenomena, at the expense of
further attenuation of transient speech components (e.g., speech onsets) [70]. By using
the proposed approach with high cost for false speech detection, the musical noise can be
reduced without increasing the value of «, which enables rapid changes in the a prior:

SNR estimate. The lower bound for the a prior: SNR is related to the spectral gain floor
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Gy since both imply a lower bound on the spectral gain. The latter parameter is used to
evaluate both the optimal detector and estimator while taking into account the desired
residual noise level.

The decision-directed estimator is widely used, but is not suitable for transient noise
environments, since a high-energy noise burst may yield an instantaneous increase in
the a posteriori SNR and a corresponding increase in égk as can be seen from (6.30).
The spectral gain would then be higher than the desired value, and the transient noise
component would not be sufficiently attenuated. Let 5\3‘% denote the estimated spectral
variance of the stationary noise component and let j\filk denote the estimated spectral
variance of the transient component. The former may be practically estimated by using
the improved minima-controlled recursive averaging (IMCRA) algorithm [38,71] or by
using the minimum-statistics approach [72], while A} may be evaluated based on a
training phase as assumed in [140]. The total variance of the noise component is j\dek =
Aj’l " —1—5\3%. Note that A}, = 0 in time-frequency bins where the transient noise is inactive.
Since the a priori SNR is highly dependent on the noise variance, we first estimate the

speech spectral variance by

S = max {a G, (€riomesn) Veual (1= @) (Val = A ) s Amin}  (6:31)
where A\pin = &nin 5\2%. Then, the a priori SNR is evaluated by é@k = S\I%/Xdlk. It is
straightforward to show that in a stationary noise environment the proposed a priori
SNR estimator reduces to the decision-directed estimator (6.30), with G, substituting
G. However, under the presence of a transient noise component, the proposed method
yields a lower a priori SNR estimate, which enables higher attenuation of the high-energy
transient noisy component. Furthermore, to allow further reduction of the transient noise
component to the level of the residual stationary noise, we modify the gain floor by
G; =Gy 5\‘;%/5\% as proposed in [141].

The different behaviors under transient noise conditions of the proposed modified
decision-directed a priori SNR estimator and the decision-directed estimator as proposed
in [38] are illustrated in Figures 6.5 and 6.6. Figure 6.5 shows the signals in the time do-
main: the analyzed signal contains a sinusoidal wave which is active in only two specific

segments. The noisy signal contains both additive white Gaussian noise with 5 dB SNR
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Figure 6.5: Signals in the time domain. (a) Clean sinusoidal signal; (b) noisy signal with both
stationary and transient components; (c¢) enhanced signal obtained by using the STSA and the
decision-directed estimators; (d) enhanced signal obtained by using the STSA and the modified
a priori SNR estimators ;(e) enhanced signal obtained by using the detection and estimation

approach and the modified a priori SNR estimator.
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Figure 6.6: Amplitudes of the STFT coefficients along time-trajectory corresponding to the
frequency of the sinusoidal signal: noisy signal (light solid line), STSA with decision-directed
estimation (dotted line), STSA with the modified a priori SNR estimator (dashed-dotted line)
and simultaneous detection and estimation with the modified a priori SNR estimator (dark solid

line).
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and high-energy transient noise components. The signal enhanced by using the decision-
directed estimator and the STSA suppression rule is shown in Figure 6.5(c). The signal
enhanced by using the modified a priori SNR estimator and the STSA suppression rule is
shown in Figure 6.5(d), and the result obtained by using the proposed modified a priori
SNR estimation with the detection and estimation approach is shown in Figure 6.5(d) (us-
ing the same parameters as in the previous section). Both the decision-directed estimator
and the modified a priori SNR estimator are applied with o = 0.98 and &,,;, = —20 dB.
Clearly, in stationary noise intervals, and where the SNR is high, similar results are ob-
tained by both a priori SNR estimators. However, the proposed modified a priori SNR
estimator obtain higher attenuation of the transient noise, whether it is incorporated with
the STSA or the simultaneous detection and estimation approach. Figure 6.6 shows the
amplitudes of the STFT coefficients of the noisy and enhanced signals at the frequency
band which contains the desired sinusoidal component. Accordingly, the modified a prior:
SNR estimator enables a greater reduction of the background noise, particularly transient
noise components. Moreover, it can be seen that using the simultaneous detection and es-
timation yields better attenuation of both the stationary and background noise compared

to the STSA estimator, even while using the same a priori SNR estimator.

6.7 Experimental results

In our experimental study, we first evaluate the detection and estimation approach com-
pared with the STSA suppression rule under a stationary noise environment. Then, we
consider the problem of hands-free communication in an emergency car, and demonstrate
the advantage of the modified a priori SNR estimator together with the simultaneous
detection and estimation approach under transient noise environment. Speech signals are
taken from the TIMIT database [142], sampled at 16 kHz and degraded by additive noise.
The test signals include 16 speech utterances from 16 different speakers, half male half
female. The noisy signals are transformed into the STFT domain using half-overlapping
Hamming windows of 32 msec length, and the background-noise spectrum is estimated
by using the IMCRA algorithm (for all the considered enhancement algorithms) [38,71].

The performance evaluation in our study includes objective quality measures, a subjec-
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Table 6.1: Segmental SNR and Log Spectral Distortion Obtained by Using Either the Simul-

taneous Detection and Estimation Approach or the STSA Estimator in Stationary Noise Envi-

ronment.
Input SNR Input Signal Detection & Estimation | STSA (o= 0.98) | STSA (a = 0.92)
dB SegSNR  LSD | SegSNR LSD SegSNR LSD | SegSNR  LSD
-5 -6.801  20.897 1.255 7.462 0.085 9.556 -0.684  10.875
-3.797  16.405 4.136 5.242 3.169 6.386 2.692 7.391
0.013 12.130 5.98 3.887 5.266 4.238 5.110 4.747
10 4.380 8.194 6.27 3.143 5.93 3.167 6.014 3.157

tive study of spectrograms and informal listening tests. The first quality measure is the

segmental SNR defined by [143]

Yo @ (n+ (K)2) } (6:2)

1
SegSNR = 7 > T {1010g1° Sonly [r(n+0K/2) — & (n+ ( K/2)]"

| el n=0
where L represents the set of frames which contain speech, |£| denotes the number of
elements in £, K = 512 is the number of samples per frame and the operator 7 confines
the SNR at each frame to a perceptually meaningful range between —10 dB and 35 dB.

The second quality measure is log-spectral distortion (LSD) which is defined by

= 1 K/2 2|

where CX £ max {|X|?, ¢} is a spectral power clipped such that the log-spectrum dynamic
range is confined to about 50 dB, that is, € = 107°/1% . max ;. {| X4|?}. The third quality
measure (used in Section 6.7-B) is the perceptual evaluation of speech quality (PESQ)
score [144].

6.7.1 Comparison with the STSA estimator

In this section, the suppression rule results from the proposed simultaneous detection and
estimation approach is compared to the STSA estimation [33] for stationary white Gaus-
sian noise with SNRs in the range [—5, 10] dB. For both algorithms the a priori SNR is
estimated by the decision-directed approach (6.30) with &,,;, = —15 dB, and the a priori
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speech presence probability is ¢ = 0.8, as proposed in [33]. For the STSA estimator
a decision-directed estimation [38] with o = 0.98 reduces the residual musical noise but
generally implies transient distortion of the speech signal [33,70]. However, the inherent
detector obtained by the simultaneous detection and estimation approach may improve
the residual noise reduction and therefore a lower weighting factor a may be used to allow
lower speech distortion. Indeed, we have found out that for the simultaneous detection
and estimation approach a = 0.92 implies better results, while for the STSA algorithm,
better results are achieved with a = 0.98. The cost parameters for the simultaneous
detection and estimation should be chosen according to the system specification, i.e.,
whether the quality of the speech signal or the amount of noise reduction is of higher
importance. Table 6.1 summarizes the average segmental SNR and LSD for these two
enhancement algorithms, with cost parameters by; = 10 and b1p = 2, and Gy = —15 dB
for the simultaneous detection and estimation algorithm. The results for the STSA algo-
rithm are presented for a = 0.98 as well as for a = 0.92 (note that for the STSA estimator
Gy = 0 is considered as originally proposed). It shows that the simultaneous detection
and estimation yields improved segmental SNR and LSD, while a greater improvement is
achieved for lower input SNR. Informal subjective listening tests and inspection of spec-
trograms demonstrate improved speech quality with higher attenuation of the background
noise. However, since the weighting factor used for the a priori SNR estimate is lower,
and the gain function is discontinuous, the residual noise resulting from the simultaneous
detection and estimation algorithm is slightly more musical than that resulting from the

STSA algorithm (examples are available online [145]).

6.7.2 Speech enhancement under nonstationary noise environ-

ment

In this section, we demonstrate the potential advantage of the simultaneous detection and
estimation approach with the proposed a priori SNR estimator under transient noise. We
consider a hands-free communication in an emergency car (police car, ambulance etc.)
where the engine noise is assumed quasi-stationary. However, activating the emergency

siren significantly degrades the perceptual quality and intelligibility of the speech signal,
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Table 6.2: Segmental SNR, Log Spectral Distortion and PESQ Score Under Transient Noise.

SegSNR  LSD PESQ

Input Signal -6.703  6.587 2.017

OM-LSA -4.94 5338 2.141

STSA 4.502  3.580 2.839
Detection and estimation

boy = bip = 1.5 5.761  3.236 3.072
Detection and estimation

bor = b1p =5 6.506  3.141 3.071

since its energy is much higher than that of the speech signal. The sound generation in a
siren is nonlinear, which produces harmonics not present in the original signal (siren source
signal), as can be seen in Figure 6.7(b). However, using the available siren source signal,
a reliable indicator in the time-frequency domain for the presence of siren noise, and an
estimate for the variance of the transient noise, )\fm, may be designed in a training phase.
Note that standard echo-cancellation algorithms are not suitable for eliminating noise

generated by nonlinear systems and nonlinear algorithms may be required (e.g., [146,147]).

The proposed approach is compared with the STSA algorithm [33] and the OM-LSA
algorithm [38]. The speech presence probability required for the OM-LSA estimator as
well as for the simultaneous detection and estimation approach is estimated as proposed
in [38], while for the STSA estimator ¢ = 0.8 is used as originally proposed in [33].
However, since the a priori SNR estimate has a major importance under transient noise,
the proposed modified decision-directed estimator is applied both for the simultaneous
detection and estimation approach and for the STSA algorithm with &,,;,, = —20 dB.
For the simultaneous detection and estimation algorithm o = 0.92 is used while for the
STSA algorithm v = 0.98 (as shown in Section 6.7.1 to be more appropriate for the STSA
estimator). For the OM-LSA algorithm, the decision-directed estimator with a = 0.92
is implemented as specified in [38] and the gain floor is Gy = —20 dB. Figure 6.7 shows
waveforms and spectrograms of a clean signal, noisy signal and enhanced signals. The
noisy signal contains engine car noise with 0 dB SNR and additional siren noise with —1 dB

SNR, such that the total SNR is about —3 dB. The speech enhanced by using the OM-LSA
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Figure 6.7: Speech spectrograms (in dB) and waveforms. (a) Clean speech signal: ”Draw every

outer line first, then fill in the interior”; (b) speech degraded by engine car noise and siren noise

with SNR of —3 dB; (c) speech enhanced by using the OM-LSA estimator; (d) speech enhanced

by using the STSA estimator (together with the modified a priori SNR estimator); (e) speech

enhanced by using the simultaneous detection and estimation approach with by; = b9 = 1.5;

(f) speech enhanced by using the simultaneous detection and estimation approach with by, =

bip = 5.
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algorithm and the STSA algorithm are shown in Figures 6.7(c) and (d), respectively. The
signal enhanced by using the simultaneous detection and estimation approach is shown
in Figures 6.7(e) and (f) with by; = bjg = 1.5 and by; = b9 = 5, respectively, and a gain
floor of Gy = —20 dB. It can be seen that compared with the decision-directed-based
OM-LSA algorithm, the modified a priori SNR estimator substantially contributes to the
transient noise reduction, whether it is integrated with the simultaneous detection and
estimation approach or with the STSA algorithm. However, the simultaneous detection
and estimation approach which is combined with adapted speech presence probability and
gain floor yields greater reduction of transient noise without affecting the quality of the
enhanced speech signal. Averaged quality measures for the whole set of tested utterances
are summarized in Table 6.2, for the same noise conditions. The results demonstrate
improved speech quality obtained by using the modified a priori SNR estimator either
while combined with the STSA or the simultaneous detection and estimation approach,
applying the detection and estimation approach introduced additional improvement to the
enhanced signal. Subjective listening tests confirm that the speech quality improvement
achieved by using the proposed method is perceptually substantial (audio files are available

online [145]).

6.8 Conclusions

We have presented a novel formulation of the single-channel speech enhancement problem
in the time-frequency domain. Our formulation relies on coupled operations of detection
and estimation in the STFT domain, and a cost function that combines both the esti-
mation and detection errors. A detector for the speech coefficients and a corresponding
estimator for their values are jointly designed to minimize a combined Bayes risk. In
addition, cost parameters enable to control the trade-off between speech quality, noise
reduction and residual musical noise. The proposed method generalizes the traditional
spectral enhancement approach which considers estimation-only under signal presence
uncertainty. In addition we propose a modified decision-directed a priori SNR estimator
which is adapted to transient noise environment. Experimental results show greater noise

reduction with improved speech quality when compared with the STSA suppression rules
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under stationary noise. Furthermore, it is demonstrated that under transient noise envi-
ronment, greater reduction of transient noise components may be achieved by exploiting
reliable information for the a priori SNR estimation with simultaneous detection and

estimation approach.

6.A Risk derivation
In this appendix we derive the risk r; (Y). Under {Hy,n;} we obtain

e 2
r; (V) = blj/o /0 (a—G; R’ p(a,a| Hy) p(Y|a,a)dada, (6.34)

and the multiplication of the two pdf’s implies

exp{_ (w > 2Racos(a —e))}  63)

p(a,a|H1)p(Y|a,a)= A )\d

a
T2 Az \d
where A 2 (1/A\, +1/)\)”". Integrating (6.34) with regard to the phase variable we
obtain [148, eq. 3.339, 8.406.3]

2 9 _ 9
/ exp Racos(a—9) da =271 Jy i—Ra , (6.36)
0 )\d )\d

where Jy (+) denotes the Bessel function of order zero. Note that in this appendix i = /—1.
Using [149, eq. 13.3.1, 2] we have

o a? 2R A
/0 a exp <_X) Jo (z)\—da) da = 5¢" (6.37)

o a? 2R AT (1.5
/0 a® exp <—X> Jo <Z)\—da) da = ﬁ 1F1 (1.5 15 0) (6.38)

where I' (-) denotes the Gamma function with I' (1) = 1 and I'(1.5) = /7/2, and

and

1 F1 (a;b; ) is the confluent hypergeometric function [150, eq. A.1.31.c]

FL(15:1;0) = e3 [(1 o) I (%) ol (%)] . (6.39)

Using [149, eq. 13.3.2], [150, eq. A.1.19.c] we obtain

00 2 2
/0 a exp( )\)JO (z)\da) da = 2T (1) 1F1(2;150)

)\2
T2

(14+wv)e" (6.40)
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Substituting (6.35)—(6.40) into (6.34) yields

r (Y) = @M{G%+1%(l+v)—@\/ﬁem (-3)

T 1+¢&
(a+on(3)+vn(3)]}

~
by P <_ 1+f) 2 §
T 1_'_5 Gj’}/‘l’l_'_g( ‘|"U) ’}/GJGSTSA (641)
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6.B Enhancement of Speech Signals Under Multi-

ple Hypotheses Using an Indicator for Transient

Noise Presence?’

In this appendix, we formulate a speech enhancement problem under multiple hypothe-
ses, assuming an indicator or detector for the transient noise presence is available in the
short-time Fourier transform (STFT) domain. Hypothetical presence of speech or tran-
sient noise is considered in the observed spectral coefficients, and cost parameters control
the trade-off between speech distortion and residual transient noise. An optimal esti-
mator, which minimizes the mean-square error of the log-spectral amplitude, is derived,
while taking into account the probability of erroneous detection. Experimental results
demonstrate the improved performance in transient noise suppression, compared to using

the optimally-modified log-spectral amplitude estimator.

6.B.1 Introduction

Enhancement of speech signals is of great interest in many voice communication systems,
whenever the source signal is corrupted by noise. In a highly non-stationary noise en-
vironments, noise transients may be extremely annoying and significantly degrade the
perceived quality and performances of subsequent coding or speech recognition systems.
Existing speech enhancement algorithms, e.g., [32,33,38], are generally inadequate for
eliminating non-stationary noise components.

In some applications, an indicator for the transient noise activity may be available,
e.g., a siren noise in an emergency car, lens-motor noise of a digital video camera or a
keyboard typing noise in a computer-based communication system. The transient spectral
variances can be estimated in such cases from training signals. However, applying a
standard estimator to the spectral coefficients may result in removal of critical speech
components in case of falsely detecting the speech components, or under-suppression of
transient noise in case of miss detecting the noise transients.

In this appendix, we formulate a speech enhancement problem under multiple hypothe-

3This appendix is based on [140].
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ses, assuming some indicator or detector for the presence of noise transients in the STF'T
domain is available. Cost parameters control the trade-off between speech distortion and
residual transient noise. We derive an optimal signal estimator that employs the avail-
able detector and show that the resulting estimator generalizes the optimally-modified
log-spectral amplitude (OM-LSA) estimator [38]. Experimental results demonstrate the
improved performance obtained by the proposed algorithm, compared to using the OM-
LSA.

This appendix is organized as follows. In Section 6.B.2 we formulate the problem of
spectral enhancement under multiple hypotheses. In Section 6.B.3 we derive the optimal
estimator. In Section 6.B.4 we provide some experimental results and conclude in Section

6.B.5.

6.B.2 Problem formulation

Let = (n), d* (n) and d' (n) denote speech and two uncorrelated additive interference sig-

nals, respectively, and let
y(n)=x(n)+d° (n)+d (n) (6.42)

be the observed signal. We assume that d° (n) is a quasi-stationary background noise while
d' (n) is a highly non-stationary transient signal. The speech signal and the transient noise
are not always present in the STFT domain, so we have four hypotheses for the noisy

coefficients:

H{% 2 Yy = Xoo + Dy,
HY: Yy = Xg + D5, + D)),
Hit Yo = Dy

HEF Yy = D5, + DYy (6.43)

where ¢ denotes the time frame index and k denotes the frequency-bin index.
In many speech enhancement applications, an indicator for the transient source may
be available, e.g., siren noise in an emergency car, keyboard typing in computer-based

communication system and a lens-motor noise in a digital video camera. In such cases, a
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priori information based on a training phase may yield a reliable detector for the transient
noise. However, false detection of transient noise components when signal components are
present may significantly degrade the speech quality and intelligibility. Furthermore, miss
detection of transient noise components may result in a residual transient noise, which is
perceptually annoying.

Let nfk, j € {0, 1} denote the detector decision in the time-frequency bin (¢, k), i.e., a
transient component is classified as a speech component under 7; and as a noise component
under 1y*. Let Oy denote the false-alarm cost with relation to the noise transient, i.e.,
cost of making a decision 7y when a noise transient is inactive or is not dominant w.r.t

the speech component, and let the miss detection cost Cy; be defined similarly. Let

d(x,y) £ (log|x| —log |yl)’ (6.44)

denote the squared log-amplitude distortion function, let Ay, = | Xy | and let Ry 2 |Yir!.
Considering a realistic detector, we introduce the following criterion for the estimation of

the speech expansion coefficient under the decision nfk :
Ay, = argmin {Cyp (HiE U H |0, Ya)
A
x E [d (ng, A) | Yoo, H™ U Hff]
where the costs of perfect detection Cyg and C4; are normalized to one. That is, under
speech presence we aim at minimizing the MSE of the LSA. Otherwise, a constant atten-
uation G, << 1 is imposed for maintaining naturalness of the residual noise [38]. The
cost parameters control the trade-off between speech distortion, consequent upon false

detection of noise transients, and residual transient noise, resulting from miss detection

of transient noise components.

6.B.3 Optimal estimation under a given detection

In this section we derive an optimal estimator for the speech signal under multiple hy-

potheses.

4Note that the detector is used for discriminating between transient speech components and transient

noise components, and therefore not employed when transients are absent.
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Spectral Estimation

We first reduce the problem into two basic hypotheses, H{* and HS*. Under H*, the
speech component is assumed present and more dominant than the noise component.
This hypothesis includes H{* as well as H{¥ given that |Xyx| > 3|D},|, where 3 > 0 is
a predefined threshold parameter. The hypothesis H{ includes the cases HS*, HSF and
also H with |Xg| < B]DY.]. Under H* we estimate the speech in the MMSE-LSA
sense, and under HS* we impose a constant attenuation to the noisy component. Note
that ideally under H{¥ an estimate for the speech component would be desired. However,
if the noise transient is much more dominant we would better apply the constant low
attenuation to the noisy component to avoid a strong residual noisy transient.

Let p;; £ (nfk | ka) We are interested in detecting the interfering transient noise
SO po1 is the probability of a false alarm and pqq is the probability of miss detection. We
assume that given any transient in the noisy coefficients, the detection error probability

is independent of the observation and the signal-to-noise ratio (SNR). Therefore,
j4 (Ufk | 1, Yék) = Dij (6.46)
and
p (H" |05 Yor) = i p (H* [ Vo) /o (0" [ Vi) - (6.47)

This assumption can be easily relaxed by employing a time-frequency dependent proba-
bility pi¥. Considering the two basic hypotheses and substituting (6.47) into (6.45) we

obtain
Ay, = arg mjn {p1;Cijp (H{* | Yur)
X / d (ng,A> p (Xo | Yo, H) dX
+ po;Cop (HE | Yur) d (Gminng,A)} , (6.48)
which yields
log Agi [p1;C1jp (H{* | Vi) + po;Cojp (HS¥ | Yer)] =

p1;Cuyp (HL" | Ya) E {log | Xl | Yor, H{*}

+po;Cojp (Ho" | Yer) 108 (Grnin Rik) - (6.49)
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Let &y and ~g denote the a priori and a posteriori SNRs, respectively®, let vy =

Eoeyer/ (1 + &) and let

P Hék P Y, Hék
A (géka ’Wk) = ( tk) ( & | tk)
p(Ho )p(ng|H0 )
[—[”C Uek
_ Z{) ‘ (6.50)
P (HO ) 1+ &
denote the generalized likelihood ratio [33]. Accordingly,
p (ka ‘ Yfk) = A Eo, ver) / (L + A (Eor, o)) - (6.51)
Let
&5 (Sors Yer) = P1;C1A (o, o) + PojCoj (6.52)
and let
s € 1 [*et
= — —dt )
Grsa(§,7) Ay (2[9 ; ) (6.53)

denote the LSA gain function [34]. Then, combining the magnitude estimate Ay with
the phase of the noisy spectral coefficient Y, we obtain an optimal estimate under the
decision nfk:

-1

A Ey
X = [GPOJ “Grsa &y yor)T " Yor

min

£ G, (oo ver) Yor (6.54)

where A and ¢; hold for A (§u, yer) and &; (§ek, Yer), respectively.

In case of a decision 7, (i.e., transient component is classified as speech), the miss-
detection cost Cy; as well as the probabilities pg; and pi; control the trade-off between
the attenuation associated with the hypothesis H; and the constant attenuation under
speech absence, Gp;,. Under a decision 7, the trade-off is controlled by the false-alarm
cost and the probabilities pgy and pqp.

Note that in case py; = p1; and Cy; = C}; for j € {0,1}, the estimator (6.54) reduces
to the OM-LSA estimator [38] under any of the detector decisions, since in that case the

decision made by the detector does not contribute any statistical information.

5Note that the noise variance depends on whether a transient component is present or not. This will

be specified in the next subsection.
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Figure 6.8: Gain curves for p(Hy) = 0.8, Cp1 = 5, C19 = 3, Gmin = —15 dB and false-detection

and miss-detection probabilities of pg; = p1g = 0.1.

Figure 6.8 shows attenuation curves as a function of the instantaneous SNR, v — 1,
for different a priori SNRs. The detection-dependent gains G, (dashed-dotted line) and
G, (dotted line) are compared to the LSA gain (dashed line) and the OM-LSA gain
(solid line) [34,38]. It shows that the cost parameters with the error probabilities of the
detector shape the attenuation curve under any of the decisions made by the detector to

compensate for any erroneous detection.

A priori and a posteriori SNR estimation

The spectrum of the background noise, A s £ F {|D§k|2}, can be estimated by using the
minima-controlled recursive averaging algorithm [71]. The a priori signal-to-stationary
noise ratio &, = Apor/ sk, Where A\, g, = E {\ng\z}, is practically estimated using the
decision-directed approach [33,38]. Given that a transient noise is present, the transient
noise spectrum may be estimated from a training phase. Therefore, under 7y we may
estimate the a priori and a posteriori SNRs by using j\s’gk + j\t’gk as the estimate for

the noise spectrum [141], where A; ¢ is defined similarly to A, . However, in case of an
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erroneous detection, this approach may significantly distort the speech component, since
both the a priori and a posteriori SNRs would be much smaller than their desired values.

Therefore, we propose to smooth the noisy spectra

Cow = pCo—1p + (1 — ) |)/Zk|2 , (6.55)
with 0 < g < 1. Accordingly, under a decision n¢® we update the estimates such that
M & =&y Yok = Ak
k£ S 5‘2,% ~
Mo & =8Sp——> Yoo ="Vp—— - (6.56)
Cex Cex

As a result, the outcome of falsely detecting transient noise is less destructive since (g
would be much smaller than Ag g + A . However, in case of a perfect detection, (g is
a reliable estimator for the noise spectrum given that p is sufficiently small. In addition,
under the existence of a high energy transient component we would like to further atten-

uate the noisy component to the level of the residual background noise. Therefore, under

nsk we update Gmin = Grin\/ 5\s,ek/Cek-

6.B.4 Experimental results

In this section, we demonstrate the application of the proposed algorithm to speech en-
hancement in a computer-based communication system. The background office noise is
slowly-varying while possible keyboard typing interference may exist. Since the keyboard
signal is available to the computer, a reliable detector for the transient-like keyboard noise
is assumed to be available based on a training phase but still, erroneous detections are
reasonable. The speech signals are sampled at 16 kHz and degraded by a stationary back-
ground noise with 15 dB SNR and a keyboard typing noise such that the total SNR is
0.8 dB. The STFT is applied to the noisy signal with Hamming windows of 32 msec length
and 75% overlap. The transient noise detector is assumed to have an error probability of
10% and the miss-detection and false-detection costs are set to 1.2. The weighting factor
for the noisy spectra is u = 0.5.

Figure 6.9 demonstrates the spectrograms and waveforms of a signal enhanced by using

the proposed algorithm, compared to using the OM-LSA algorithm. It can be seen that
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Figure 6.9: Speech spectrograms and waveforms. (a) Clean signal (”Draw any outer line first”);

(b) noisy signal (office noise including keyboard typing noise, SNR=0.8 dB ); (c) speech enhanced

by using the OM-LSA estimator; (d) speech enhanced by using the proposed algorithm.
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Table 6.3: Segmental SNR and Log Spectral Distortion Obtained Using the OM-LSA and the

Proposed Algorithm.

Method SegSNR [dB] LSD [dB] PESQ
Noisy speech -2.23 7.69 1.07
OM-LSA -1.31 6.77 0.97
Proposed Alg. 5.41 1.67 2.87

using our approach, the transient noise is significantly attenuated, while the OM-LSA is
unable to eliminate the keyboard transients.

The objective evaluation includes three quality measures: segmental SNR (SegSNR),
log-spectral distortion (LSD) and perceptual evaluation of speech quality (PESQ) score.
The results are summarized in Table 6.3. It can be seen that the proposed detection and
estimation approach significantly improves speech quality compared to using the OM-LSA
algorithm. Informal listening tests confirm that the annoying keyboard typing noise is

dramatically reduced and the speech quality is significantly improved.

6.B.5 Conclusions

We have introduced a new approach for a single-channel speech enhancement in a highly
non-stationary noise environment where a reliable detector for interfering transients is
available. The speech expansion coefficients are estimated under multiple-hypotheses
in the MMSE-LSA sense while considering possible erroneous detection. The proposed
algorithm generalizes the OM-LSA estimator and enables greater suppression of transient

noise components.
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Chapter 7

Single-Sensor Audio Source

Separation Using Classification and
Estimation Approach and GARCH
Modeling!

In this chapter, we propose a new algorithm for single-sensor blind source separation of
speech and music signals, which is based on generalized autoregressive conditional het-
eroscedasticity (GARCH) modeling of the speech signals and Gaussian mixture modeling
(GMM) of the music signals. The separation of the speech from the music signal is ob-
tained by a classification and estimation approach, which enables to control the trade-off
between residual interference and signal distortion. Experimental results demonstrate
that for mixtures of speech and piano music signals, an improved source separation can
be achieved compared to using Gaussian mixture model for both signals. The trade-off
between signal distortion and residual interference is controlled by adjusting some cost
parameters, which are shown to determine the missed and false detection rates in the

proposed classification and estimation approach.

!This chapter is based on [151].

139
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7.1 Introduction

Separation of mixed audio signals received by a single microphone has been a challenging
problem for many years. Examples of applications include separation of speakers [85,86],
separation of different musical sources (e.g., different musical instruments) [85,87, 88|,
separation of speech or singing voice from background music [89-92], and signal enhance-
ment in nonstationary noise environments [35,62,93-95]. In case the signals are received
by multiple microphones, spatial filtering may be employed as well as mutual information
between the received signals, e.g., see [96] and references therein. However, for the un-
derdetermined case of several sources which are recorded by a single microphone, some a
priori information is necessary to enable reasonable separation performance. Existing al-
gorithms for single-sensor audio source separation generally deal with two main problems.
The first is to obtain appropriate statistical models for the mixed signals, i.e., codebook,

and the second problem is the design of a separation algorithm.

In [94,95] speech and nonstationary noise signals are assumed to evolve as mixtures
of autoregressive (AR) processes in the time domain. The a priori statistical information
(codebook), which in this case includes the sets of AR prediction coefficients, is obtained
by using a training phase. In [87,88,90] the acoustic signals are modeled by Gaussian mix-
ture models (GMMs), and in [35,62] the acoustic signals are modeled by hidden Markov
models (HMMs) with AR sub-sources. The trained codebooks provide statistical infor-
mation about the distinct signals, which enables source separation from signal mixtures.
The desired signal may be reconstructed based on the assumed model by minimizing the
mean-square error (mse) [35,88,90], or by a maximum a posteriori (MAP) approach [62].
However, in case of several sources received by a single sensor, separation performances
are far from being perfect. Falsely assigning an interfering component to the desired sig-
nal may cause an annoying residual interference, while falsely attenuating components of

the desired signal may result in signal distortion and perceptual degradation.

GMM and AR-based codebooks are generally insufficient for source separation of sta-
tistically rich signals such as speech signals since they only allow a finite set of probability
density functions (pdf’s) [92,152]. Recently, generalized autoregressive conditional het-

eroscedasticity (GARCH) models have been proposed for modeling speech signals for
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speech enhancement [23,24,127,133], speech recognition [26], and voice activity detec-
tion [27] applications. The GARCH model takes into account the correlation between
successive spectral variances and specifies a time-varying conditional variance (volatility)
as a function of past spectral variances and squared-absolute values. As a result, the spec-

tral variances may smoothly change along time and the pdf is much less restricted [1,5,25].

In this chapter, we propose a novel approach for single-sensor audio source separation
of speech and music signals. We consider both problems of codebook design and the
ability to control the trade-off between the residual interference and the distortion of the
desired signal. Accordingly, the proposed approach includes a new codebook for speech
signals, as well as a new separation algorithm which relies on a simultaneous classification
and estimation method. The codebook is based on GARCH modeling of speech signals
and Gaussian mixture modeling of music signals. We apply the models to distinctive
frequency subbands, and define a specific state for the case that the signal is absent in the
observed subband. The proposed separation algorithm relies on integrating a classifier and
an estimator while reconstructing each signal. The classifier attempts at classifying the
observed signal into the appropriate hypotheses of each of the signals, and the estimator
output is based on the classification. Two methods are proposed for classification and
estimation. One is based on simultaneous operations of classification and estimation while
minimizing a combined Bayes risk. The second method employs a given (non-optimal)
classifier, and applies an estimator which is optimally designed to yield a controlled level of
residual interference and signal distortion. The GARCH model for the speech signal with
several states of parameters enables smooth (diagonal) covariance matrices with possible
state switching. Experimental results demonstrate that for mixtures of speech and piano
signals it is more advantageous to model the speech signal by GARCH than GMM, and
the codebook generated by the GARCH model yields significantly improved separation
performance. In addition, the classification and estimation approach, together with the
signal absence state, enables the user to control the trade-off between distortion of the
desired signal caused by missed detection, and amount of residual interference resulting

from false detection.

This chapter is organized as follows. In Section 7.2, we briefly review codebook-

based methods for single-channel audio source separation. We formulate the simultaneous
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classification and estimation problem for mixtures of signals and derive an optimal solution
for the classifier and the combined estimator. Furthermore, we show that a constrained
optimization with a given classifier yields the same estimator. In Section 7.3, we define
the GARCH codebook which is considered for speech signals and review the recursive
conditional variance estimation. In Section 7.4, we describe the implementation of the
proposed algorithm, and in Section 7.5 we provide some experimental results for audio

separation of speech and music signals.

7.2 Codebook-Based Separation

Separation of a mixture of signals observed via a single sensor is an ill posed problem.
Some a priori information about the mixed signals is generally necessary to enable rea-
sonable reconstructions. Benaroya et al. [87-89] proposed a GMM for the signals’ code-
book in the short-time Fourier transform (STFT) domain, and in [35,62,94,95] mixtures
of AR models are considered in the time domain. In each case, a set of clean similar
signals is used to train the codebooks prior to the separation step. Although the AR pro-
cesses are defined in the time domain, for process of length N with prediction coefficients
{1, a4, ...,a,} and innovation variance o2, the covariance matrix is o%( AT A)~!, where A is
an N x N lower triangular Toeplitz matrix with [1a; ...a,0...0]7 as the first column. If
the frame length N tends to infinity, the covariance matrix become circulant and hence
diagonalized by the Fourier transform [35,95]. Accordingly, each set of AR coefficients,
together with the excitation variance, corresponds to a specific covariance matrix in the
STFT domain similarly to the GMM. Therefore, under any of these models, each framed
signal is considered as generated from some specific distribution, which is related to the
codebook with some probability, and separation is applied on a frame-by-frame basis.
We now start with brief introduction of existing codebooks and separation algorithms.
Let si,80 € CV denote the vectors of the STFT expansion coefficients of signals s;(n)
and sy(n), respectively, for some specific frame index. Let ¢; and ¢o denote the active
states of the codebooks corresponding to signals s; and s, respectively, with known a
priori probabilities p (i) = p (¢ =14), i = 1,...,my and py (j) £ (g2 = j), j = 1,...,mo,
and D, pi (i) = > ;pa(j) = 1. Given that ¢ = i and g2 = j, s1 and sy are assumed
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conditionally zero-mean complex-valued Gaussian random vectors (see, e.g., [153, p. 89])
with known diagonal covariance matrices, i.e., s; ~ CA (0, Zgi)> and sy ~ CN (0, Zgj )>.

Based on a given codebook, it is proposed in [88] and [95] to first find the active pair
of states {7,j} = {q1 =1i,qo = j} using a MAP criterion:

{w} Iargngxp(X\i,j)p(i,j) (7.1)

where x = s1+89, p(-]4,7) = p(-| 1 = i,¢q2 = j), and for statistically independent signals
p(i,7) = p1 (i) p2 (j). Subsequently, conditioned on these states (i.e., classification), the

desired signal may be reconstructed in the mmse sense by

8§ = E{SI\X,z,j}
= 50 (s 50)

and similarly? §, = Wi x. Alternatively [35,88,90], the desired signal may be recon-

structed in the mmse sense directly from

él = E{Sl|X}

= Zp(i,ﬂx)ﬂfijx. (7.3)

Note that in case of additional uncorrelated stationary noise in the mixed signal, i.e.,
x =81 + 83 +d with d ~ CN (0,X), the covariance matrix of the noise signal is added to
the covariance matrix of the interfering signal, and then the signal estimators remain in
the same forms. Furthermore, without loss of generality, we may restrict ourselves to the
problem of restoring the signal s; from the observed signal x.

In the following subsections, we introduce two related methods for separation. In
Section 7.2.1 we formulate the problem of source separation as a simultaneous classification
and estimation problem in the sense of statistical decision theory. A classifier is aimed at
finding the appropriate states within the codebooks, and the estimator tries to estimate

the desired signal based on the given classification. Coupled classifier and estimator jointly

2Note that in this chapter the index i always refers to the signal s; and the index j refers to the other

. . N 1
signal sp. Therefore, Wj; = Egj) (2?) + Eéj)) .
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minimize a combined Bayes risk, which penalizes for both classification and estimation
errors. Relying on the fact that audio signals are generally sparse in the STFT domain,
we define additional specific states for the codebook which represent signal absence, and
consider false detection of the desired signal and missed detection. The false detection
results in under-attenuation of the interfering signal. On the other hand, missed detection
of the desired signal may result in removal of desired components and excessive distortion
of the separated signals. To allow the user a control over the residual interference and
the signal distortion, we introduce cost parameters which are related to missed detection

and false detection of the desired signal.

In Section 7.2.2, we introduce a slightly different formulation of optimal estimation
under a given classifier. An independent (given) classifier may be applied, for example, by
using the MAP classifier (7.1). Based on this classification, the signal estimation is derived
by solving a constrained optimization with respect to the level of residual interference and
signal distortion. We denote this approach as joint classification and estimation. We show
that in case of degenerated simultaneous classification and estimation formulation, closely

related solutions can be derived under both approaches.

7.2.1 Simultaneous Classification and Estimation

Simultaneous detection and estimation formulation was first proposed by Middleton et
al. [115,116]. This scheme assumes coupled operations of detection and estimation which
jointly minimize a combined Bayes risk. Recently, a similar approach has been proposed
for speech enhancement in nonstationary noise environments [136]. It was shown that ap-
plying simultaneous operations of speech detection and estimation in the STFT domain
improves the enhanced signal compared to using an estimation only approach. Further-
more, the contribution of the detector is more significant when the interfering signal is
highly nonstationary. In this subsection we develop a simultaneous classification and
estimation approach for a codebook-based single-channel audio source separation. By
introducing cost parameters for classification errors the trade-off between residual inter-

ference and signal distortion may be controlled.

Let 7 denote a classifier for the mixed signal, where 7;; indicates that the mixed signal



7.2. CODEBOOK-BASED SEPARATION 145
x is classified to be associated with the pair of states {i,j}. Let
Cil (s,8) 2 7 ||s — 33 (7.4)

denote the combined cost of classification and estimation, where we use a squared-error
distortion, and bg > ( are parameters which impose a penalty for making a decision that
{1, j} is the active pair while actually s; was generated with covariance matrix 2@ and so
with covariance matrix 29 ) (i.e., ¢ =i and ¢ = j). The combined risk of classification

and estimation is then given by
R= ZZ//C 51,80 p (x|81,5,7)p (51 15.7)p 5 J)p (s | X) dsydx. (T.5)
%) 1)

The simultaneous classification and estimation is aimed at finding the optimal esti-

mator and classifier which jointly minimize the combined risk:

min {R} . (7.6)

Mij,S1
To derive a solution to (7.6) we first note that the signal s; is independent of the value
of ¢, hence p (sl |4,7) = p(s1]4). Similarly, x given s; is independent of the value of ¢;.

Accordingly, r; (X §1) which is defined by

s = [ Cs)pxlsd)pes 1) ds, @7)
denotes the average risk related to a decision 7;; when the true pair is {7, j }. The combined

risk (7.5) can be written as

R= Z/ (120 o .37 .3 (78)

The classifier’s decision for a given observation is nonrandom. Therefore, given the ob-
served signal x, the optimal estimator under a decision 7;; made by the classifier [i.e.,

p(nij | x) = 1 for a particular pair {7, j}| is obtained by

8§14 = argmmZp i,7) ( ,81) - (7.9)

7.]

Substituting (7.7) into (7.9) and setting the derivative to be equal to zero, we obtain
the optimal estimate under 7;;:
5 . Zz;bzi (x|, 7)p (@i, 7) W,
Lij = - = —
Z{jbz; (X|7'7j) (7' .])
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The derivation of (7.10) is given in Appendix 7.A. Note that in case the parameters
bg are all equal, then the estimator (7.10) reduces to the mmse estimator (7.3) and the
estimation does not depend on the classification rule.

The average risk rg (x,81) is a function of the observed mixed signal and the optimal
estimate under 7;;. Let 1 denote a column vector of ones. Then, by substituting (7.10)

into (7.7), we obtain (see Appendix 7.B)

81 = b p (x[3,) [x (W2 = 205Gy) x+ 1759 w1] . (7.11)
From (7.6) and (7.8), the optimal classification rule 7;; (x) is obtained by minimizing the

weighted average risks over all pairs of states:
ij

If we consider the degenerated case of equal parameters bg, then the averaged risk

rZ (x,81) does not depend on 7,j and therefore there is no specific pair which mini-
mizes (7.12). However, as already mentioned above, in this case there is no need for a
classification since the estimator does not depend on the decision rule.

To summarize, minimizing the combined Bayes risk is obtained by first evaluating the
optimal gain matrix G;; under each pair {i, j} using (7.10), and subsequently the optimal
classifier chooses the appropriate pair (and the appropriate gain matrix) using (7.11) and
(7.12). The combined solution guaranties minimum combined Bayes risk [116].

The selection of the parameters bg is application dependent, since these parameters
determine the penalty for choosing each set of states compared to all other sets. Recall
we would like to define specific states for signal absence, we consider from now on that
the signal states are ¢; € {0,1,...,my} and g5 € {0, 1, ..., my} where ¢; = 0 and g = 0 are
the signal absence states. Accordingly, we define separable parameters bg = bf b§ , Where

b? with i # 0 is related to the cost of false detection and b% with ¢ # 0 is related to the

cost of missed detection of the desired signal. Specifically, we define

bim i=0,i#0
b; = by 1#0, i=0 (7.13)

1 0.W.
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with by m, b1 > 0, and for signal s, bz is defined similarly (with parameters by, and
bos). By using this definition, we practically assume equal parameters (i.e., one) for all
cases except for missed detection and false detection. As can be seen from (7.11)—(7.12),
higher by, (or by¢) results in larger average risk which corresponds to this decision, and
therefore, lower chances for the optimal detector to take this decision. However, as can be
seen from (7.10), the high valued parameter raises the contribution of the corresponding
state on the system estimate. If a parameter is smaller than one, than the chances of
the detector to take this decision are higher, but, as the estimator (7.10) compensates
for wrong decisions, this contribution on the system estimate would be low. Missing to
detect the desired signal results, in general, in removal of desired signal components and
therefore distort the desired signal estimate. On the other hand, false detection may
result in residual interference. By affecting both the decision rule and the corresponding
estimation, these parameters help to control the trade-off between residual interference
when the desired signal is absent (resulting from false detection) and the distortion of the
desired signal caused by missed detection.

The computational complexity of the simultaneous classification and estimation ap-
proach is higher than that associated with the sequential MAP classification and mmse
estimation (7.1)—(7.2), or the mmse estimator (7.3). However, the estimator (7.10) is
optimal, not only when combined with the optimal classifier (7.12), but also when com-
bined with any given classifier [116]. Therefore, this estimator may be combined with a
sub-optimal classifier [e.g., the MAP classifier given by (7.1)] to reduce the computational
requirements, while still using parameters which compensate for false classification. In the
following subsection we discuss this option of employing a non-ideal classifier and show
that the same estimator (7.10) can be obtained by solving a constrained optimization
problem. In this problem formulation it is shown that the cost parameters may also have

the interpretation of Lagrange multipliers.

7.2.2 Joint Classification and Estimation

The application of a given classifier (e.g., a MAP classifier) followed by an estimator

is shown in Figure 7.1. We denote this scheme as joint classification and estimation.
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v

Nij R
X=81+8 ™ Classifier @Sl,ij

Figure 7.1: A cascade classification and estimation scheme.

Y

In order to simplify the derivation, we assume in this subsection only signal absence or
presence states 7,5 € {0,1} (i.e., m; = my = 1) where ¢ = 0 and 7 = 1 represent presence
and respectively absence of s, and j similarly specifies the state of s,. The classifier
is generally not ideal and may suffer from miss and false detections. Therefore, under
false decision that the signal is absent when actually the signal is present, we may want
to control the distortion level, while under false detection of signal components we wish
to control the level of residual interference. Under the two hypotheses, the mean signal

distortion is defined by
ea(x) £ p(@ =11x) E{[ls: =85 |1 = L.x} (7.14)
and the mean residual interference is defined by

e2(x) £ p(qr = 0]x) E{lls1 = 8ull5 [ a1 = 0,x} . (7.15)

Therefore, for a decision that signal is absent (i.e., 79;) we have the following problem

él,Oj = argn%inp (Q1 =0 | X) FE {HSl — §1||§ ‘(h = O,X}
1

s.t. e3(x) < o2, (7.16)
while for a signal-presence decision (7;;) we have

él,lj = argn%inp (Q1 = 1|X)E {HSl — §1||§ ‘(h = 1,X}
1

[

st. e2(x) <o

— T

(7.17)

where 02 and o2 are bounds for the mean distortion and mean residual interference,
respectively. The optimal estimator can be obtained by using a method similar to [57,104].

Under 79, the Lagrangian is defined by (e.g., [154]):

LaGipa) = (o = 0x) E {ls1 — 813 |1 = 0.x} + pa (30 —03)  (7.18)
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and

L (53()() —03)=0 for ps>0. (7.19)

Under 7, the Lagrangian L, (81, ;) is defined similarly using p, and »s_%(x) Then, §; ; (or
§1,1;) is a stationary feasible point if it satisfies the gradient equation of the appropriate

Lagrangian [i.e., Ly (81, ftq) or L, (81, ir)]. From /s, Lg (81, ita) = 0 we have?

Pl =0[x)E{s|q1 =0,x} + pap(@ =1|x) E{s|q =1,x}
P =0[x)+ pap (@ =1[x)
p(@=0[x)35p0a=0x%x) E{s|q =0,j,%x}
> =0,71%)+pad;p(@=1,7]%)
pap (@ =11%)>5p Gl =1,x) E{s|q = 1,5,x}
250 =0,71%)+pad5p(@=1,7]%)
D0 =0,71%) Wex +pad sp (g = 1,5 |x) Wyx
>0 (@ =0,71%)+pad 50 (@ =1,7]%)
> 5 i p (i, | %) Wigx

S1,05 =

~g - (7.20)
> 5 iy p (1,7 %)
where
_7 pa =1
Ha = - (7.21)
1 +=0
Similarly, under signal-presence decision we have
. S filp (i, | x) Wix
S1,1; = = (7.22)
> p (i,5 %)
with
- . 1=0
=gt (7.23)
1 =1
Therefore, in general we can write
== E E, i X W;‘-X
él i — Zz] /”LZ])(z ]_| _A) J (724>
sz wip (i, j | x)
with
pg i=0,1=1
=< i=1,71=0 (7.25)
1 0.W

3Note that as shown in [57,104], there is no closed form solution for the value of the Lagrange multiplier.

Instead it is used as a non-negative parameter.
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and the estimator (7.24) is the same as (7.10) with bz =1, bym = fa, and by ¢ = p, in
(7.13). Therefore, we can identify the parameters bg as non-negative Lagrange multipliers
of a constrained optimization problem. In addition, if b; ., (or by ) equals zero, then the
corresponding Lagrange multiplier also reduces to zero and the constraint in (7.16) [or
(7.17)] is inapplicable. Therefore, the problem reduces to a standard conditional mmse
problem, which results in the estimator (7.2) which assumes a perfect classifier.

The main difference between the problem formulations in Sections 7.2.1 and 7.2.2
is that the former defines a classifier and a coupled estimator which are designed to
minimize a combined Bayes risk, while the latter assumes a given classifier, and formulates
a constrained optimization problem in order to find the optimal estimator for the given

classification rule.

7.3 GMM Vs. GARCH Codebook

In this section, we introduce a new codebook for mixtures of speech and music signals.
GMM was used in [88-90] for generating codebooks for speech signals as well as for music
signals in the STFT domain, under the assumption of diagonal covariance matrices. The
covariance matrices and the a prior:i state probabilities are estimated by either maximizing
the log-likelihood of the trained signal using expectation-maximization algorithm [62,155] ,
or by using the k-means vector quantization algorithm [62,156]. Using a finite-state model
with predetermined densities as in the case of GMM, mixture of AR models or HMM with
AR sub-sources, the diagonal vector of the covariance matrices can take values only from
a specific subspace of ]Rf spanned by the given codewords. This limitation for the pdf’s
may restrict the usage of these models for statistically rich signals such as speech [92].
GARCH is a statistical model which explicitly parameterizes a time-varying condi-
tional variance using past variances and squared absolute values, while considering volatil-
ity clustering and excess kurtosis (i.e., heavy-tailed distribution) [1]. Expansion coeffi-
cients of speech signals in the STFT domain, are clustered in the sense that successive mag-
nitudes at a fixed frequency bin are highly correlated [25]. GARCH model has been found
useful for modeling speech signals in speech enhancement applications [24], [127, 133],

speech recognition [26], and voice activity detection [27]. It has been shown [127] that
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spectral variance estimation resulting from this model is a generalization of the decision-
directed estimator [33] with improved tracking of the speech spectral volatility. Therefore,
we propose in this work to use GMM for modeling the music signal (say s;) and GARCH
model with several states for the speech signal (say s1).

According to the GMM formalism, po(j) is the a priori probability for the active state
¢» = j, where conditioning on ¢, = j, the vector in the STFT domain sy ~ CN (0, Zéj)).
For defining the GARCH modeling we first let s;(¢) denote the fth frame of s; in the
STFT domain. We assume that s;(¢) is a mixture of GARCH processes of order (1,1).
Then, given that ¢; (¢) = i, is the active state at frame ¢, s; (¢) has a complex-normal pdf
with zero mean and a diagonal covariance matrix 2&”’ = diag{)\éfé)_l}. The conditional
variance vector )\%)_1 is the vector of variances at frame ¢ conditioning on the information

up to frame ¢ —1. This conditional variance is a linear function of the previous conditional

variance and squared absolute value:

A = A 14 als, ((-1) o8] (0 1)
89 (A, = Al ) (7.26)

where ® denotes a term-by-term vector multiplication, * denotes complex conjugate,

and A0

> 0 and o, 300 > 0 for iy = 0,1,...,m; are sufficient conditions for the
positivity of the conditional variance [127,133]. In addition, () + 3¢ < 1 for all 4, is a
sufficient condition for a finite unconditional variance® [5]. The conditional density results
from (7.26) is time varying and depends on all past values (through previous conditional
(@)

variances) and also on the regime path up to the current time. While A set the lower
bounds for the conditional variances in each state, the parameters a(® and 3 set the
volatility level and the autoregression behavior of the conditional variances. Note that
this model is a degenerated case of the Markov-switching GARCH (MS-GARCH) model
[7,8,127]. In the MS-GARCH model the sequence of states is a first-order Markov chain
with state transition probabilities p (¢1 (¢) =i¢|q1 (¢ — 1) = iy_1). However, to reduce the
model complexity and to allow a simpler online estimation procedure under the presence
of a highly nonstationary interfering signal, we assume here that the state transition

probabilities equal the a priori state probabilities, i.e., p(q1 ({) =ig| g1 (¢ — 1) =ip_1) =

4For necessary and sufficient condition see [121].
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p1 (i), similarly to the assumption used in [88] for the GMM approach.

It can be seen from (7.26) that the vector of conditional variances /\Zﬁ) , may take
any values in RY with lower bound )\](mfn for each entry. However, even if the active
state is known, the covariance matrix Eg ” (or the vector of conditional variances )‘fl 1)
is unknown and should be reconstructed recursively using all previous signal values and
active states. Moreover, since both s; and the Markov chain are random processes, the
vector of conditional variances is also a random process which follows (7.26). As we only
have a mixed observation, we may estimate this random process of conditional variances
based on the recursive estimation algorithm proposed in [127]. Assume that we have an
estimate for the set of conditional variances at frame ¢ based on information up to frame

(—1, A, 2 {)\% 1} then, following the model definition an mmse estimate of the

next-frame conditional variance follows

A = B{ADE 0+ 1) = i Aex (0)
_ >\(Z(+1) 1+ o) B {51 (6) ® s’f (5) \ Ae, X (5)}

min

80 (D T Aux (0] - BOGD [Aux (0} 1) (7.27)

for ipo1 = 0,1,...,my. Using

M 2 B{si () @si(0) i e hex (0]
Nz ~ (s . -1 . (s ~ (2 . -1
_ 5 (Zgw>+zgn>> |:Zgje)1_|_2§u) (Zgw>+zgn>> x(£) © x* (6)](7.28)
we obtain
Elsiosi0) [hox©} = 3 p(iedcl dex(©) B {si (00510 lie e Ax (0)}

i0,J¢

= > p (el Aex (0)) A7 (7.29)

i0,J¢

E{ Z|£ 1 |Aé> ()} = ZP(ie>jé|Aé)E{ g]lgl(zl |1 (€ )—iz,]\g,x(f)}

i0,Je
i0,Je
and

E{ Isllrgg | A, x )} = Zp (ieajz \ Ae) >\fff;31 (7.31)

i0,Je
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A detailed recursive estimation algorithm is given in [127]. The model parameters, i.e.,
{)\ffﬁzl, ali) BUOY™ - can be estimated from a training set using a maximum-likelihood
approach [5,7,127] or may be evaluated as proposed in [133] such that each state would
represent a different level of the optional dynamic range of the signals’ energy. By using
the recursive estimation algorithm, we evaluate for each time frame ¢ and for each state
10 an estimate of the spectral covariance matrix igi‘) which is required for the separation
algorithm. Hence, the sets {2&”’} and {p (i¢)},, together with the GMM for the back-
ground music signal may be empl(;;ed by the classification and estimation procedure to
obtain an estimate for each signal. Note that for the GMM, each state defines a specific

pdf which is known a priori while for the mixing GARCH model the covariance matrices

in each state are time-varying and are recursively reconstructed.

7.4 Implementation of the Algorithm

The existing GMM-, AR- and HMM-based algorithms, generally estimate each frame
of the signal in the STFT domain using a vector formulation. However, many spec-
tral enhancement algorithms for speech signals treat each frequency bin separately, e.g.,
[33,34,38]. The application of subband-based audio processing algorithms have been pro-
posed for automatic speech recognition, e.g., [157,158], speech enhancement [133], and
also for single-channel source separation [152]. Instead of applying a statistical model for
the whole frame, each subband is assumed to follow a different statistical model. Con-
sidering the GARCH modeling, the parameters )\ffl)in specify the lower bounds for the
conditional variances under each state. Since speech signals are generally characterized
by lower energy levels in higher frequency-bands, it is advantageous to apply different
model parameters in different subbands, as proposed in [133].

For the implementation of the proposed algorithm we assume K < N linearly-spaced
frequency subbands for each frame with independent model parameters. Moreover, the
sparsity of the expansion coefficients in the STFT domain (of both speech and music
signals) implies that in a specific time-frame the signal may be present in some of the

frequency subbands and absent (or of negligible energy) in others. Therefore, we define

a specific state for signal absence in each subband k € {1,...., K}, ¢¢ = 0 and ¢, = 0.
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For these states the pdf is assumed to be a zero-mean complex Gaussian with o2 , [
covariance matrix. Note that in the GMM case, each state corresponds to a specific
predetermined Gaussian density while in the GARCH case, by setting a(® = g =0

and Afﬁi’n = 02, for the kth subband, the covariance under ¢; = 0 is also time invariant

2

minx 1- In our experimental study independent models are assumed for each

and equals o
subband and therefore the model training and both the conditional variance estimation
(in case of speech signal) and the separation algorithm are applied independently in
each subband. However, in general, some overlap may be considered between adjacent

subbands to allow some dependency between adjacent bands, as well as cross-band state

probabilities, as proposed in [152].

Prior to source separation, both the GMM and GARCH models need to be estimated
using a set of training signals. In case of GMM, for each state 7 # 0 we need to estimate
(for each subband independently) the diagonal vector of the covariance matrix Egj ), and
the state probability ps(j). For the GARCH modeling, the state probabilities are also
required, however, only three scalars are needed to represent the covariance matrix for
any i # 0 : )xffl)in, a®, and B9, In our application, the GMM is trained by using the
k-means vector quantization algorithm [62,156]. This model is sensitive to the similarity
between the training signals and the desired signal in the mixture, and to achieve good
representation, the spectral shapes in the trained and mixed signals need to be closely
related, as applied, e.g., in [88,89,95]. For training the GARCH model we use the method
proposed in [133]. Accordingly, the training signals are used only to calculate the peak
energy in each of the subbands. Then, we set A" = 02 and a® = B = 0. For the

speech presence states, ¢ € {1,...,my}, the parameters are chosen as follows. The lower

bounds A% ©

min are log-spaced in the dynamic range, i.e., between A and the peak energy.
The parameters 3% are experimentally set to 0.8 and o are evaluated for each subband
independently such that the stationary variance in the subband, under an immutable
state, would be equal to the lower bound for the next state (see [133] for details). This
approach yields reasonable results since it enables to represent the whole dynamic range
of the signals energy while the conditional variance is updated each frame by using past
observation and past conditional variance. In addition, since only the peak energy is

required for each subband, this approach has relatively low sensitivity to the training set
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Figure 7.2: Block diagram of the proposed algorithm.

and only the peak energy levels need to be similar to that of the test set.

A block diagram of the proposed separation algorithm is shown in Figure 7.2 when
considering a single band (in practice, a similar process is applied in each subband inde-
pendently). The observed signal is first transformed into the STFT domain. Then, two
steps are applied for each frame ¢. First, the GARCH conditional covariance matrices
{igi” = diag (5\%)_1) }il are updated using (7.28) for any pair {is, j,}, and then prop-
agated one frame ahead using (7.27) to yield the conditional variance estimate for the
next frame. Second, using the sets {i§”’} and {Egj )} the simultaneous classification and
estimation method is applied yielding each of the estimates §;(¢) and $5(¢). Finally, the

desired signals are obtained by inverse transforming the signal into the time domain.

Considering a simultaneous classification and estimation approach, as proposed in Sec-
tion 7.2.1, the interrelations between the classifier and the estimator are employed such
that the classification rule is calculated by using the set of gain matrices {G;;}, and the
classifier’s output, 7;;, specifies the gain matrix to be used. However, a cascade of classifi-
cation and estimation (as considered in Section 7.2.2) may be applied as the classification
and estimation block to enable a sub-optimal solution with lower computational cost.
In fact, the computational complexity of this sub-optimal method is comparable to that
of the mmse estimator (7.3) since the a posteriori probabilities required for the MAP

classifier are used also in the estimation step.
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7.5 Experimental Results

In this section we present experimental results for evaluating the performance of the
proposed algorithm. In Section 7.5.1 we describe the experimental setup in our evalua-
tion, and the objective quality measures. Then, in Section 7.5.2 we present experimental
results. The experimental results are focused on (i) evaluating the performance of the
proposed codebook compared to using a GMM-only model (while using mmse estimation
for both codebooks), and (ii) evaluating the performance of the proposed simultaneous
classification and estimation approach in the sense of signal distortion and residual inter-

ference.

7.5.1 Experimental setup and quality measures

In our experimental study, we consider speech signals mixed with piano music of about
the same level. In the test set of our experimental study, speech signals are taken from the
TIMIT database [142] and include 8 different utterances by 8 different speakers, half male
and half female. The speech signals are mixed with two different piano compositions (Fiir
FElise by L. van Beethoven and Romance O’ Blue by W. A. Mozart) to yield 16 different
mixed signals. For each of the piano signals, the first 10 seconds are used to create the
mixing signals while the rest of each composition (about 4 min each) is used for training
the model. For training the models to speech signals, a set of signals which are not on
the test set was used, with half male and half female (about 30 sec length). All signals
in the experiment are normalized to the same energy level, and sampled at 16 kHz and
transformed into the STFT domain using half-overlapping Hamming window of 32 msec
length. The GMM parameters (for the piano model) are trained using the k-means vector
quantization algorithm and the GARCH parameters are estimated using only the signal’s
peak energy in each subband, as described in Section 7.4. For each of the sources, K = 10

linearly spaced subbands are considered and for the signal-absence state the covariance

2
min, k

matrix is set to o7, .1, where o is 40 dB less than the higher averaged energy in the
kth subband. Furthermore, in each subband, only frames in which the energy is within
40 dB of the peak energy (in the same subband) are considered for training the GMM.

The proposed algorithm is compared with the mmse estimator proposed in [88]. The
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latter algorithm assumes a single-band GMM’s for both signals (i.e., with K = 1) and
is referred to in the following as the GMM-based algorithm. This model is trained using
the same training sets using the k-means algorithm. For each of the algorithms 4, 8 and
16 states are considered for the GMM, while the GARCH model is trained with up to 8
states per subband (excluding the signal absence state).

The performance evaluation in our study includes objective quality measures, a subjec-
tive study of waveforms and spectrograms, and informal listening tests. The first quality

measure is the segmental SNR (in the time domain) which is defined in dB by [143]

{1010g10 _ Zyzzfz—ol 52 (n+€AN/2) 2} | (7.32)
Yo o ls(n+EN/2)—3§(n+¢N/2))

n=0

1
SegSNR = —— T
s H: | Z

leHy

where H; represents the set of frames which contain the desired signal, |H;| denotes the
number of elements in H;, N = 512 is the number of samples per frame and the operator
7T confines the SNR in each frame to a perceptually meaningful range between —10 dB
and 35 dB. The second quality measure is log-spectral distortion (LSD) which is defined
in dB by [41]

1 L—1 1 N/2 ?
4 L . A~ 2
LSD = — >\ Nt ; [1010gyo Cs (¢, f) — 101og, C8 (4, )] (7.33)

where s (¢, f) denotes the fth element of the spectral vector s(¢) (i.e., f denotes
the frequency-bin index), Cx £ max{|z|? ¢} is a spectral power clipped such that
the log-spectrum dynamic range is confined to about 50 dB, that is, ¢ = 1079910 x
maxy s {|s(¢, f)|*}. Although the Segmental SNR and the LSD are common measures for
speech enhancement, for the application of source separation it was proposed in [159,160]

to measure the signal to interference ratio (SIR). For source s; we may write
§1 = <181 + CQSQ + d. (734)

Accordingly, the Segmental SIR for §; is defined in dB as follows:

GO> SN 82 (n+ (N/2) }
G2 3 (n+EN/2) |

SegSIR =Y T {10 logy, (7.35)
l

where the parameters (;(¢) and (»(¢) are calculated for each segment as specified in [159].
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The above mentioned measures attempt to evaluate the averaged performance of the
algorithm. The proposed classification and estimation approach enables one to control
the trade-off between the level of residual interference resulting from false detection of the
desired signal, and signal distortion resulting mainly from missed detection. To measure
this trade-off while applying the algorithm on a subband basis, we propose to measure the
distortion of the estimated signal and the amount of interference reduction. Now let H;
and H, denote the sets of (subband) frames which contain the desired signal and in which
the desired signal is absent, respectively. The signal distortion, denoted as LSDy,, is
evaluated using the LSD formulation (7.33) and averaged only over H;. The interference

reduction is evaluated in dB by [161]:

> sen, 81O
> ien, Is2(OIF

IRy, = 10log, (7.36)

7.5.2 Simulation results

For evaluating the contribution of the proposed codebook (i.e., GARCH model for speech
and GMM for music), the results obtained by using the proposed model are first compared
with the results obtained by using the GMM-based algorithm. Since the GMM-based algo-
rithm employs an mmse estimator, the proposed algorithm was applied in this experiment
using constant cost parameters. As shown in Section 7.2.1, this also yields mmse estima-
tion. Figure 7.3 shows quality measures as a function of the number of GARCH states®.
These results are shown for 4-, 8- or 16-state GMM used for the music signal. For com-
parison, the results obtained by using the GMM-based algorithm are shown with 4, 8, and
16 states (for both signals). Note that for each algorithm, different number of subbands
is considered, and different statistical model. However, the signal estimate in both cases
is in the sense of mmse. It can be seen that employing a GARCH model for the speech
signal significantly improves the separation results, and sometimes even using a single-
state GARCH model outperforms the GMM modeling with up to 16 states. Moreover,
it can be seen that excluding the SegSIR measure for speech signals, the performances

are improved monotonically with the growth of the number of GARCH states (except

5The improvements in SegSNR and SegSIR are obtained by subtracting the initial values calculated

for the mixed signals from those calculated for the processed signals.
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Figure 7.3: Quality measures for mmse estimation as functions of the number of GARCH states.
The results (with different numbers of GMM states for the music signal) are compared with the
GMDM-based algorithm. Left column: results for speech signals; right column: results for music

signals. Rows (from top to bottom): SegSNR improvement, LSD, and SegSIR improvement.
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Figure 7.4: Trade-off between residual interference and signal distortion resulting from changing
the false detection and missed detection parameters; (a) residual music signal and (b) speech

signal distortion.

for some cases with 8-state GMM). However, the significant improvement is obtained by
using up to 5 states for the GARCH model with 4- or 16- state GMM for the music.
Informal listening tests verify that increasing the number of GARCH states from one to
3 or 5, significantly improves the reconstructed signals and particularly the perceptual
quality of the speech signal. Using three (or more) states for the speech model results in
improved signals’ quality compared to using the GMM for both the speech and the music
signals. The GMM-based algorithm preserves mainly low frequencies of the music signal
and the residual speech components sound somewhat scrappy. The proposed approach
results in a more natural music signal which consists of higher range of frequencies. The

residual speech signal also sounds more natural.

Next, we verify the performance of the proposed simultaneous classification and es-
timation method. As this method enables one to control the trade-off between residual
interference and signal distortion, we examine the influence of the cost parameters on
these measures. The proposed algorithm was applied to the test set with different cost
parameters. Figure 7.4 shows the trade-off between signal distortion and the reduction
of the residual interference while examining the estimated speech signals. The averaged

interfering reduction, IRp,, (in this case the reduction of the residual music) and the av-
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Table 7.1: Averaged Quality Measures for the Estimated Speech Signals Using 3-state GARCH
Model and 8-state GMM.

Parameters SegSNR SegSIR
' ‘ IRy, LSDy,
[b1.m, b1¢, bam, bog | improvement improvement
[1, 1,1, 1] 3.67 11.67 -10.34 2.45
(10~ 2.102%,10%,10~ 2] 3.80 13.83 -15.39 3.59
102,102,102, 107] 3.54 11.00 955  2.04
(1071, 10", 10,1071 3.76 17.73 -11.73  3.06
102,102,102, 1072 3.68 11.44 9.88 216

Table 7.2: Averaged Quality Measures for the Estimated Music Signals Using 3-state GARCH
Model and 8-state GMM.

Parameters SegSNR SegSIR
' . Ry, LSDy,
[b1.m, b1ty bam, bog | improvement improvement
[1,1,1,1] 491 9.81 727 3.04
[ 02 102 102 10~ 2] 5.46 9.77 -5.95 3.35
[1 1072 , 107 2 102] 4.72 10.05 -8.91 2.84
[10-1,10%, 10", 107 5.21 9.75 627 3.25
[102,102,102,10~2] 4.89 0.98 74T 2091
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0 0.5 1 15 2 2.5 3
Time [sec]
Figure 7.5: Original and mixed signals. (a) Speech signal: ”Draw every outer line first, then fill

in the interior”; (b) piano signal (Fir Elise); (c) mixed signal.
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Figure 7.6: Separation of speech and music signals. (a) speech signal reconstructed by us-
ing the GMM-based algorithm (SegSNR improvement = 0.76, LSD = 3.77, SegSIR improve-
ment = 1.29); (b) speech signal reconstructed using the proposed approach (SegSNR improve-
ment = 2.46, LSD = 3.56, SegSIR improvement = 8.61); (c) piano signal reconstructed by using
the GMM algorithm (SegSNR improvement = -2.77, LSD = 4.34, SegSIR improvement = 2.50);
(d) piano signal reconstructed using the proposed approach (SegSNR improvement = 0.32,
LSD = 3.19, SegSIR improvement = 4.79).
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eraged speech distortion, LSDy,, are shown as functions of the false detection parameter
for the speech signal, b; ¢, and for some values of the missed detection parameter. These
results are evaluated using 3-state GARCH model and 8-state GMM, and the simulta-
neous classification and estimation method. It is shown that when the false detection
parameter increases, the level of residual interference decreases and the signal distortion
increases. Therefore, for a specific application these parameters may be chosen to achieve
a desired trade-off between signal distortion and residual interference.

In Tables 7.1 and 7.2, we provide quality measures for both types of signals using
different sets of parameters. This test was conducted also for the whole test set using the
simultaneous classification and estimation approach. It can be seen that by using different
parameters, improved performance may be achieved compared to using equal parameters
(i.e., using mmse estimation). However, as expected, different parameters would be needed
to achieve the best performances in the sense of different quality measures. Specifically, in
case of speech signals, the higher interference-reduction is achieved with the parameters
(from the tested sets of parameters) which corresponds to the highest distortion. On
the other hand, the lowest distortion is obtained with the lowest amount of interference
reduction.

Figures 7.5 and 7.6 demonstrate the separation of a specific mixture of speech and
piano signals. The speech waveform, the piano waveform and their mixture are shown in
Figure 7.5, and Figure 7.6 shows the separated signals resulting from an 8-state GMM-
based algorithm and from the proposed simultaneous classification and separation ap-
proach (using 3-state GARCH model for the speech signal, 8-state GMM for the piano
signal, by, = bag = 5, and by s = by, = 15). It can be seen that for this particular mix-
ture, by estimating the speech signal the proposed algorithm results in higher attenuation
of the piano signal, and the estimation of the piano signal preserves more energy of the

desired signal, especially at its second half.

7.6 Conclusions

We have proposed a new approach for single-channel audio source separation of acoustic

signals, which is based on classifying the mixed signal into codebooks, and estimating the
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subsources. Unlike other classical methods which apply estimation alone, or distinctive
operations of classification and estimation, in our method both operations are designed
simultaneously, or the estimator is designed to allow a compensation for erroneous classi-
fication. In addition, a new codebook is proposed for speech signals in the STF'T domain
based on the GARCH model. Accordingly, less restrictive pdf’s are enabled in the STFT
domain compared to GMM or AR-based model. Experimental results show that for mix-
ture of speech and music (piano) signals, applying the proposed codebook significantly
improves the separation results compared to using GMM for both signals, even when
using a smaller number of states. In addition, applying a simultaneous classification and
estimation approach enables one to control the trade-off between signal distortion and

residual interference.

The proposed classification and estimation method may be advantageously utilized for
other codebooks and for different types of signals. However, the selection of the optimal
parameters in the general case may be codebook- as well as application-dependent and
may be a subject for further research. Furthermore, the GARCH modeling for speech
signals may be combined with various statistical models for the music signals other than

GMM, such as mixture of AR or HMM with AR subsources.

7.A Derivation of (7.10)

By setting the derivative of ;- p (i, j) rid (x,81) in (7.9) to zero we obtain

0 = S ) s [pxls D s ds

v

- [snxlsiipt s ] (737)

where

p(x[sy,j)p(sili) = p(x[s1,i,j)p(s],])

= p(X|E,j)p(Sl|X,E,j). (738)
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Substituting (7.38) into (7.37) we obtain

0 = mep(lj)[él,ijp(xﬁj)

ij

- (X ‘ 573) E {Sl ‘ Xﬁ? j}] (739>

and accordingly

W p(x|7,7)p (@, 5) W x
5,y = S0 ]( KERALAL (7.40)
Zﬁbm (X|Za]) (Z ])
7.B Derivation of (7.11)
The average risk is given by
7”3 (x,81) = /ijj (s1,81) p (x|s1,7) p (s17) dsy (7.41)

= [ ¥llsi =il p s 73 s

To simplify the notation, we assume in this appendix that the active states of both
signals are known, so we may omit the indices {i,j}. Furthermore, we use s to denote
s; and we assume diagonal covariance matrices ¥; = diag{o?(1),0%(2),...,0%(N)} and

=diag{c3(1),03(2),...,05(N)}. Following these notations we obtain

Isll5 p(x.5)ds = sCI* p (x(f):s(f)) ds(f)
/ ZASwo

<1 [pxtrstrasts (7.42)

T'#f
where in this appendix s(f) and x(f) denote the fth elements of vectors s and x, respec-
tively (i.e., f denotes the frequency-bin index). Let A(f) £ (o2(f)™ 4 o2(f)"H) ", let

E(f) £ i ()/a3(f), let 4(f) £ [x(F)I* /o3 (f), and let v(f) £ E(F)y(f)/ (1 +E(f))- By
integrating over both the real and imaginary parts of s(f) and using [148, eq. 3.462.2] we

: U f AD
[ pecsnast) = L o [ 2By

obtain

and

/ pe(f),s(f))ds(f) = px(f)

(7.44)
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Let = £ diag{¢(1),£(2),...,&(N)} and V 2 diag{v(1),v(2), ...,v(N)}. Substituting (7.43)
and (7.44) into (7.42) we obtain

: s [Nt ()
/“S””(X’S)ds - Z{ T (L+£(f)? p( 1+£<f>)

f

)
XlLWUQ 1+5U»Y“p< 1+£U®)}
s, (I+V)(I+5)'1

(51 + 5,) (7.45)
Ry S GRS VS

Let subscripts g and ; denote the real and imaginary parts of a complex-valued vari-

able, respectively, and let g;;(f) denote the fth diagonal element of matrix G;;. Then,
using [148, eq. 3.462.2] we obtain

/(§H5+SH§)p(X,S)dS = 2/(§ESR+S?§1)p(x,s)ds
= 22{gij(f)/[XR(f)SR(f)+XI(f)SI(f)]p(X(f)as(f))ds(f)

<1 [rxt @U@

P'#f

oy sl O -3}
A
]_TGZ]ZQV]_

_ (5 +3 . 4
s (7 2y P {7 (B2 (740

Finally,

[rexsids = pix

exp{ —xH Zl‘l‘ZQ) }
7TN|21+22|

(7.47)
Substituting (7.45)(7.47) into (7.42) and using W = Z (I + =)', we obtain

rij (x,81) = bgp (x) [x" (W? - 2WGy) x + 1T22W1]
_ i
eSS exp {—x (Z; + ) ' x}

x [xT(W?=2WGy;) x+175,W1] . (7.48)



Chapter 8

Dual-Microphone Speech
Dereverberation Using GARCH

Modeling!

In this chapter, we develop a dual-microphone speech dereverberation algorithm for noisy
environments, which is aimed at suppressing late reverberation and background noise.
The spectral variance of the late reverberation is obtained with adaptively-estimated
direct path compensation. A Markov-switching generalized autoregressive conditional
heteroscedasticity (GARCH) model is used to estimate the spectral variance of the desired
signal, which includes the direct sound and early reverberation. Experimental results
demonstrate the advantage of the proposed algorithm compared to a decision-directed-

based algorithm.

8.1 Introduction

In many speech communication systems the received signal is degraded by reverberation,
as well as background noise. The reverberant signal consists of a direct sound, early re-
verberation, and late reverberation. Early reflections mainly contribute to coloration and
tend to improve the intelligibility, whereas late reverberation causes a noise-like perception

and degrades the fidelity and intelligibility of the speech signal.

!This chapter is based on [162].
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Speech dereverberation algorithms can be divided into two classes. Algorithms in
the first class are based on estimating and inverting the room impulse response (RIR),
e.g., [163]. In the second class, algorithms try to suppress reverberation without estimating
the RIR, e.g., [82]. Recently, Habets et al. [83] proposed a dual-microphone dereverber-
ation system which is aimed at suppressing late reverberation that results from the tail
of the RIR by applying a spectral enhancement approach. A direct path compensation
(DPC) is applied to the late reverberant spectral variance estimate to enable better at-
tenuation of the late reverberation with less distortion of the desired signal. However, the
parameter of the DPC was evaluated directly from the RIR which is unknown in practice.
In addition, the a priori signal to noise ratio (SNR) required for the spectral enhancement
is estimated by using the traditional decision-directed approach. Recently, the general-
ized autoregressive conditional heteroscedasticity (GARCH) model with Markov regimes
has been shown to be useful for speech enhancement applications [127,133]. The model
takes into account the strong correlation of successive spectral magnitudes, and is more
appropriate than the decision-directed approach for speech spectral variance estimation

in noisy environments.

In this chapter, we develop an improved dual-microphone speech dereverberation algo-
rithm which relies on a Markov-switching GARCH (MS-GARCH) modeling of the desired
early speech component, which consists of the direct sound and early reverberation. The
model is applied to distinctive frequency subbands and specifies the volatility clustering
of successive spectral coefficients, while a speech-absence state is used for evaluating the
speech presence probability. Furthermore, an adaptive approach is developed to esti-
mate the parameter for the DPC directly from the observed signals. Experimental results
show that using the MS-GARCH modeling rather than the decision-directed approach,
improved results can be obtained. Furthermore, by using the proposed algorithm, the
performance obtained with blindly estimated DPC parameter is comparable to that ob-
tained with an optimal DPC parameter that is calculated from the actual RIR, which is

unknown in practice.

The chapter is organized as follows. In Section 8.2, we formulate the speech dere-
verberation problem and briefly review the algorithm proposed in [83]. In Section 8.3,

we derive an adaptive estimator for the DPC parameter. In Section 8.4 we describe the
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MS-GARCH model which is used for the desired signal, and in Section 8.5 we present
some experimental results which demonstrate the improved performance of the proposed

algorithm.

8.2 Dual-microphone dereverberation

Consider an M —microphone array located in a reverberant environment. Let a,, (n) =
(@m0 (n) .oy @m 11 (n)]T denote the RIR at time n from the source signal s (n) to the mth
microphone, and let d,, (n) denote the noise component received at the mth microphone.

The observed signals are then given by
Zm (n) = al (n)s(n) + d,, (n) (8.1)

where s (n) = [s (n),...,s (n — L+ 1)]". The RIR, a,, (n), can be divided into the direct

path and early reflections, denoted by al (n), and late reflections, denoted by a’, (n).

Accordingly,
() afn’j(n) 0<j<t, 8.2)
U, (n) = : :
] ahy(n) t<j<L

where ¢, is the time where the late reverberation starts (about 40 to 80 ms). Hence, the

reverberant signal can be divided into two signals
a, (n)s(n) =z, () + 7 (n) (8.3)

where z,, (n) is the desired early speech component, and 7, (n) denotes the late rever-
berant component. Applying the short-time Fourier transform (STFT) to the observed

signals, we have

T (0, k) = Xy (6,%) + Ry (€, k) + Dy (£, K) (8.4)

where ¢ represents the frame index, and k the frequency bin index. At the output of a
delay and sum beamformer (DSB) which is steered towards the desired source, we have

the time-frequency signal
Yl k)=X(Ek)+R(k)+D((k). (8.5)

Habets et al. [83] proposed a dual microphone dereverberation algorithm which is

aimed at estimating the early speech component. In the system, shown in Figure 8.1, it is
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Figure 8.1: Dual microphone speech dereverberation system.

assumed that the arrival times of the direct speech signals are aligned. The lower branch is
a late reverberant spectral variance estimator (LRSVE), A (¢, k), while the upper branch
includes a beamformer, a background noise estimator (NE), Aq (¢, k), and a post-filter.
The spectral variance of the noise signal, A\; (¢, k), can be estimated, e.g., using [71]. The
a priori SNR

Ao (0, k)
A (G R) + X (4 F)

(k) = (8.6)

is estimated using the decision-directed approach [33].

The desired spectral coefficients are estimated by minimizing the mean square error of
the log-spectral amplitude (LSA) [34] by assuming two hypotheses, speech presence (H)
and absence (Hy). The resulting optimally-modified LSA estimator is given by [38]

X (6,k) = G, (R0 Gy (0,8) DY (k) (8.7)

where Gp, (¢, k) is the LSA gain under speech presence [34] and

Gy (0, k) = Gin= Aa LK) (8.8)
>\d (67 k) + )‘7“ (67 k)

to allow reduction of the late reverberant signal down to the noise floor [83]. In the next
subsection we derive an adaptive estimator for the late reverberant spectral variance, and
in Section 8.4 we formulate the MS-GARCH modeling applied for the desired signal. The
speech presence probability p (¢, k) is discussed in Section 8.4.2.
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8.3 Late reverberant spectral estimation

The spectral variance of the late reverberation at each microphone, A, (¢, k), can be ob-
tained based on Polack’s statistical reverberation model of the RIR [83], using an estimate
of the spectral variance of the reverberant signal, Ay, (¢, k) = E {|X,((, k) + R (¢, k)\z}
Let Tyo(k) denote the reverberation time of the room in the kth frequency band, let
0(k) = 31In(10)/To(k), let R denote the frame rate of the STFT, and let a(k) =
exp{—2d6(k)R/fs}. Then, the spectral variance of the late reverberant signal A.(¢,k)
at the output of the DSB is estimated by

:%ia Y Som < %k) (8.9)

=1
However, to avoid over-estimation of A.(¢,k) when the source-microphone distance is
smaller than the critical distance (i.e., the energy of the direct path is larger than the
energy of all reflections) it was proposed to compensate the over estimation of the spectral
variance of the reverberant signal using

’im(@

m@(k)lvm(f— 1,k) +

Ay (0) = Ny (0, k) (8.10)

1+ km(f)
where k,,(¢) is a compensation parameter which is related to the direct and reverber-
ant energy at the mth microphone. The compensated estimate S\’bm(ﬁ) is then used in
(8.9) as the spectral variance estimate of the reverberant signal. It was shown in [83]
that applying this DPC prevents over-estimation of the late reverberant spectral variance
and improves the quality of the output signal. However, the DPC parameter, x,,, was
calculated directly from the presumably known RIR. Here, we propose to estimate the
parameter k,, adaptively. In case k,, is too large the spectral variance S\Q,m(f, k) could
become larger than S\b,m(ﬁ, k), which indicates that over-estimation can occur and that
the value of k,, should be decreased. Furthermore, during the free-decay, which occurs
after an offset of the source signal, ngm(ﬁ, k) should be equal to Apm (¢, k). Estimation
of k,, could therefore be performed after a speech offset. Unfortunately, the detection
of speech offsets is rather difficult. However, we can conclude that k,, should at least
fulfill the following conditions: (i) Ay ((, k) > S\’bm(ﬁ, k), (ii) when speech is present and
5\b7m(€, k) < S\Q,m(f, k) the value of k,, can be increased, (iii) when S\b,m(ﬁ, k) > 5\g7m(€, k)
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the value of k,, can be decreased slowly, and (iv) when Ay, (¢, k) = S\Q,m(ﬁ, k) the value
of Ky, is assumed to be correct. Therefore, we can update k,,(¢) when speech is present

using

Rm(f+ 1) = max {/%m(ﬁ) + f <% — 1) : 0} ) (8.11)

where p,; (0 < p, < 1) denotes the step-size.

8.4 Modeling early reverberation using GARCH

Speech signals are characterized by time-varying energy levels and volatility. The spectral
coefficients of the speech signal can be effectively characterized using an MS-GARCH
model [127,133]. The GARCH parameters specify the volatility of the spectral coefficients,
and the Markovian regimes allow the model to switch between different sets of GARCH
parameters. Let ¢, € {0,...,Q} denote the active state of a first-order Markov chain
at frame ¢ with known state-transition probabilities. Let X, , (¢,k|¢— 1) denote the
conditional spectral variance of the desired signal X (¢, k) conditioned on ¢, and on all
information up to previous frame, and let {V (¢,k)} be iid complex Gaussian random
variables with zero-mean and unit variance. We assume that the spectral coefficients of

the desired signal follow an MS-GARCH model [127], i.e., given g,

X(0k) = A, (K|~ 1)V (L. R) (8.12)
where

)\x’ql <€’ k | t— 1> = )‘minm + Qg |X (6 -1, k)|2
+ ﬂtH [)‘rmﬂ (6 - 17 k ‘ l— 2) - )‘min,qzq] (8’13>

with Aming, > 0 and ay,, G, > 0 for ¢ =0, ...,Q. As can be seen from (8.12) and (8.13),
the conditional spectral variances of successive frames at a specific frequency bin are
strongly correlated. However, given the sequence of the conditional spectral variances and
the active states, the spectral coefficients {X (¢, k)} are statistically independent. It was

shown that the spectral variance estimation resulting from this model is a generalization
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of the decision-directed estimator with improved tracking of the speech spectral volatility

127).

8.4.1 Spectral variance estimation

Let Y = {Y (I,k) |1 < ¢} denote the set of the observed spectral coefficients up to frame
¢. Given Y’ the set of conditional spectral variances can be recursively estimated using a
propagation step

~

)‘I,Qe (E’ k | t— 1) = )‘min,Qe + queE {|X (E -1, k)|2 |yé_1>q€}
+ Bu BN (0= 1 k[ 0=2) [ Y7 qe)

= BaeE {Amingey | Y e} (8.14)

and an update step

E{X(=1LEP Vet = D plaal Y a) E{X (= 1E) [V g}

qe—1

S 0 (Gt |V 6) Mg, (C— Lk [0—1) . (8.15)

qe—1

lI>

A detailed estimation algorithm is given in [127]. The estimate of the spectral variance

of the desired signal is then obtained by
Ao (08) = " p (9| V) Aag, (0K 0) . (8.16)
qe

Note that although the spectral variance is specified for each frequency bin independently,
the Markovian state is frequency-independent. However, since different frequency bands
of speech signals are characterized by different energy level and volatility, it was proposed
in [133] to apply the model independently to distinctive subbands. Furthermore, a simple
model estimation approach was proposed such that each state represents different energy
level, and a specific state specifies signal absence. However, in our case the desired signal
contains early reverberation such that the spectral variance at speech offsets has smoother
decay than in case of a nonreverberant signal. Consequently, an immediate transition from
a state which represents high spectral energy to a state which represents very low energy
would not be expected. Therefore, the state transition probabilities are set such that the
probability for a progressive state-transition is much higher than the probability for an

immediate transition from the higher energy level to the lower.
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8.4.2 Speech presence probability

The posteriori speech presence probability, p (¢, k), required for (8.7) is originally cal-
culated [38] based on a Gaussian model from the a priori speech presence probability.
The latter is evaluated based on the time-frequency distribution of the a priori SNR,
€ (¢, k). For a multi-sensor system, it was proposed in [83] to exploit the spatial infor-
mation and to use additional parameter Pyputia (¢, k) for the a priori probability which
is evaluated based on the spatial coherence between the microphone signals. In our case,
the multi-state model for the speech spectral coefficients inherently results in a condi-
tional probability for each state. Having a specific state for speech absence (say ¢, = 0),
we obtain a speech presence probability for each subband in each frame, p (Qg #0| yf).
Accordingly, we define

Ph p(e#0|Y") > T,

Py (6k) =4 p pla#01Y) <T, (8.17)

p (g #0|Y") otherwise
where p; < T; < T}, < py are constrain parameters for the subband speech presence prob-
ability. The subband probability, Py (¢, k), is employed as an additional multiplicative
parameter for the evaluation of the a priori speech presence probability. Note that al-
though we do not use a specific index for the subband, p (Qg #0| yf) is calculated for

each subband independently, and therefore Py, (¢, k) includes also a frequency bin index.

8.5 Experimental results

In our experimental study, we consider synthetic RIRs which were generated using the
image method. The speech signals, sampled at 8 kHz, include male and female speakers,
each of 20 seconds. A moderate level of white Gaussian noise was added to each of the
microphone signals. The distance between the two microphones is 0.15 meter, and the
source-to-microphone distance was set to 0.5 and 1 meter (which are both smaller than
the critical distance). While applying the MS-GARCH model, the model parameters are
estimated from the noisy signal as proposed in [133].

Segmental signal to interference ratio (SegSIR) and log spectral distortion (LSD) are

used to evaluate the performance of the proposed algorithm, as well as informal listening
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Table 8.1: SegSIR and LSD obtained by using the decision-directed approach and the proposed
MS-GARCH-based approach. Tgy = 0.5 sec and d=0.5 meter. In parentheses - results using

optimal DPC parameters.

d=0.5 m, SNR=15dB | d=0.5 m, SNR=20 dB

SegSIR [dB] LSD [dB] | SegSIR [dB] LSD [dB]
Unprocessed 5.849 4.875 7.284 2.681
Decision-directed 8.359 1.995 8.745 1.744
(8.783) (1.825) (9.230) (1.535)
MS-GARCH 9.010 1.700 9.392 1.493
(9.265) (1.606) (9.715) (1.367)

tests and inspection of spectrograms. For the quality measures, the direct sound signal
was used as the reference signal. Figure 8.2 shows experimental results of the proposed
algorithm as a function of the number of GARCH states, and for several reverberation
times. The input SNR is 15 dB and the source to microphone distance is 0.5 m. It can
be seen that the performance improves monotonically with the growth of the number of
states, but, the most significant improvement is achieved by using up to 3 Markovian
states.

Tables 8.1 and 8.2 compare the performance of the proposed algorithm with that of
the original algorithm [83] which employs a decision-directed estimator for the a priori
SNR. The reverberation time is Tyy = 0.5 sec, and the proposed algorithm was applied
with 3-state MS-GARCH model. In Table 8.1 the source to microphones distance is 0.5
meter and in Table 8.2 the distance is 1 meter. In both algorithms, the DPC parameters
k1 and ko are blindly estimated adaptively, as proposed in Section 8.3, and the results
shown in parentheses are obtained using the optimal values which are evaluated from
the actual RIRs. It can be seen that the GARCH modeling is more advantageous than
the decision-directed approach, and the blindly estimated DPC parameters yield results
which are comparable to using the optimal value.

In Figure 8.3 spectrogram and waveform of a noisy signal are shown with input SNR
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Table 8.2: SegSIR and LSD obtained by using the decision-directed approach and the proposed
MS-GARCH-based approach. Tgy = 0.5 sec and d=1 meter. In parentheses - results using

optimal DPC parameters.

d=1 m, SNR=15 dB d=1 m, SNR=20 dB

SegSIR [dB] LSD [dB] | SegSIR [dB] LSD [dB]
Unprocessed 2.295 6.379 2.864 4.578
Decision-directed 4.289 3.583 4.385 3.482
(4.452) (3.455) (4.578) (3.333)
MS-GARCH 4.551 3.521 4.654 3.442
(4.941) (3.390) (5.110) (3.298)

of 20 dB and a source to microphone distance of 1 m. The smearing caused by the late
reverberation and the background noise are reduced.
Wave  files are  available  online  at: http://siglab.technion.ac.il/~

ari_a/Audio_demos.htm.

8.6 Conclusions

We have developed a dual-microphone speech dereverberation algorithm for noisy environ-
ments which is based on MS-GARCH modeling of the desired early speech component.
The spectral variance of the late reverberation is estimated from the observed signals
while compensating for the energy of the direct path. The algorithm blindly operates in
noisy and reverberant environments without any knowledge of the RIR, except for the
reverberation time, which can be obtained blindly using, e.g., [164]. It is shown that
compared to the original algorithm which employs the decision-directed estimator [83],

improved performance is obtained with little distortion to the desired signal.
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the processed signal.



178 CHAPTER 8. SPEECH DEREVERBERATION USING GARCH MODELING



Chapter 9

Research Summary and Future

Directions

9.1 Research summary

In this thesis, we have introduced a new statistical model for nonstationary signals in
the joint time-frequency domain, which is based on complex-valued GARCH model with
Markov regimes. The model exploits the advantages of both the conditional heteroscedas-
ticity structure of GARCH models and the time-varying characteristics of hidden Markov
chains. We have developed conditions for finite second order moments and for asymptotic
stationarity of the model, as well as for other MS-GARCH formulations which are used
in econometrics. Moreover, we have developed recursive algorithms for the estimation of
the conditional variance, as well as for signal restoration in noisy environment. A new
formulation was proposed for the speech enhancement problem, based on simultaneous
operations of speech detection and estimation. Considering the problem of a single-sensor
audio source separation, we have generalized the simultaneous detection and estimation
formulation to a multi-hypotheses case and incorporated the proposed MS-GARCH model
for the speech signal. The result is a new algorithm for single-sensor audio source sepa-
ration which is based on classification and estimation and GARCH modeling.

The main contributions of the thesis chapters are as follows:

In Chapter 3, we developed a comprehensive approach for stationarity analysis of MS-

GARCH processes where finite-state-space Markov chains control the switching between

179
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regimes, and GARCH models of order (p, q) are active in each regime. In case of processes
with time-varying variances, conditions for asymptotic wide-sense stationarity are useful
to ensure the existence of a finite asymptotic second-order moment. These conditions also
show how some Markovian regimes can allow the conditional variance to grow over time
and still the process will have a finite second-order-moment. Necessary and sufficient
conditions for the asymptotic stationarity were obtained by constraining the spectral
radius of representative matrices, which were built from the model parameters. These
matrices also enabled derivation of compact expressions for the stationary variance of the

processes.

Next, in Chapter 4, we have proposed a statistical model for nonstationary processes
with time-varying volatility structure in the STF'T domain such as speech signals. Ex-
ploiting the advantages of both the conditional heteroscedasticity structure of GARCH
models and the time-varying characteristics of hidden Markov chains, we modeled the
expansion coefficients as multivariate complex GARCH process with Markov-switching
regimes. The correlation between successive coefficients in the time-frequency domain
was taken into consideration by using the GARCH formulation which specifies the condi-
tional variance as a linear function of its past values and past squared innovations. The
time-varying structure of the conditional variance was determined by a hidden Markov
chain which allows a different GARCH formulation in each state. We developed a recur-
sive algorithm for estimating the signal and its conditional variance in the STFT domain
from noisy observations. The conditional variance is recursively estimated for any regime
by iterating propagation and update steps, while the evaluation of the regime conditional
probabilities is based on the recursive correlation of the process. Experimental results
demonstrated the improved performance of the proposed recursive algorithm compared
to using an estimator which assumes a stationary process, even when the number of as-
sumed regimes is smaller than the true number. When the number of assumed regimes
approaches the true one, the recursive estimator yields comparable restoration results
to those achievable by using the true model parameters. It was demonstrated that the
recursive estimation approach has relatively small performance degradation compared to
the theoretical estimation limit in the MMSE sense. Performance evaluation with real

speech signals demonstrated better variance estimation when using a multi-regime model,
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compared to using a single-regime model, and improved squared absolute value estimation

in a noisy environment compared to using the decision-directed approach.

Chapter 5 addressed the problem of noncausal estimation. We developed state smooth-
ing (i.e., noncausal state probability estimation) for MS-GARCH process, in which case
the conditional variances depend on both past observations and the regime path. The state
smoothing may be incorporated within the restoration algorithm to improve signal recon-
struction as it employs further information. In addition, state smoothing may improve
the probability evaluation for speech absence and therefore may result in improved VAD.
Our noncausal state probability solution generalized both the standard forward-backward
recursions and the stable backward recursion of HMP by capturing both the signal corre-
lation along time and its conditioning on the regime path. Accordingly, we showed that
the backward recursion requires two recursive steps for evaluating the conditional density
of the given future observations corresponding to all optional future paths. Although the
computational complexity of the generalized backward recursion grows exponentially with
the delay, it was shown that a small number of future observations contribute with the

most significant improvement to the state estimation.

In Chapter 6, a novel formulation of the single-channel speech enhancement problem
was developed. The formulation relies on coupled operations of detection and estimation
in the STFT domain, and a cost function that combines both the estimation and detec-
tion errors. A detector for the speech coefficients and a corresponding estimator for their
values were jointly designed to minimize a combined Bayes risk. In addition, cost param-
eters enable to control the trade-off between speech quality, noise reduction and residual
musical noise. The proposed method generalized the traditional spectral enhancement
approach which considers estimation-only under signal presence uncertainty. In addition
we have proposed a modified decision-directed a prior: SNR estimator which is adapted
to transient noise environment. Experimental results showed greater noise reduction with
improved speech quality when compared with the STSA suppression rules under station-
ary noise. Furthermore, it was demonstrated that under transient noise environment,
greater reduction of transient noise components may be achieved by exploiting reliable
information for the a priori SNR estimation with simultaneous detection and estimation

approach.
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In Chapter 7, we have proposed a novel approach for a single-channel blind source
separation of acoustic signals. The approach was based on classifying the mixed signal
into appropriate sub-models related to a given codebook, and correspondingly estimate
each of the sources. Unlike other classical methods which apply estimation alone, or
distinctive operations of classification and estimation, in our method both operations
were designed simultaneously, or the estimator was designed to allow compensation for
erroneous classification. A new codebook was proposed for speech signals in the STFT
domain based on the GARCH model. Accordingly, less restrictive pdf’s are allowed in the
STFT domain compared to GMM or AR-based model. Experimental results showed that
for mixture of speech and music signals, applying the proposed codebook significantly
improves the separation results compared to using GMM for both signals, even when
using a smaller number of states. In addition, applying a simultaneous classification and
estimation approach enables one to control the missed and false detection rates and the
trade-off between signal distortion and residual interference.

Finally, in Chapter 8, we have developed a dual-microphone speech dereverberation al-
gorithm for noisy environments, which was based on MS-GARCH modeling of the desired
early speech component. The spectral variance of the late reverberation was estimated
from the observed signals while compensating for the energy of the direct path. The
algorithm blindly operates in noisy and reverberant environments without any knowledge
of the RIR, except for the reverberation time. It was shown that compared with the
original algorithm which employs the decision-directed estimator, improved performance

was obtained with little distortion to the desired signal.

9.2 Future research directions

In this thesis, we have proposed a complex-valued MS-GARCH model and developed
model-based algorithms for speech processing applications. Several directions may be
interesting for future research. Here we discuss some of the main issues. More specific
details are given in the conclusions of each chapter.

Multivariate GARCH model: The MS-GARCH model considered in this research

formulates the correlation along time of successive spectral variances. In addition, all
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frequencies in a specific subband share the same Markovian state and the same GARCH
parameters. However, given their conditional variances, spectral coefficients at a specific
frame are assumed statistically independent. A general formulation for a multivariate MS-
GARCH may parameterizes statistical dependency between different frequencies at the
same time-frame. Specifically, a single-state multivariate GARCH process X; € CV can

be formulated as a zero-mean process with A, covariance matrix which is given by [165,166]

q k D k
A=C+> (Z A X XL AL ) +) (Z BijA—;Bf] ) : (9.1)
i=1 \j=1 i=1 \j=1

To guarantee positive definiteness of A;, C' should be positive definite and A;; and B;;
real valued matrices. This formulation allows non-diagonal covariance matrices such that
different frequencies are correlated by the model definition. Considering voiced speech
segments, modeling the correlation between different frequencies, such as between the
pitch frequency and its harmonies, may significantly improve the performance of model-
based algorithms.

Spectral variance estimation using speech detection: Integrating the simul-
taneous detection and estimation approach with MS-GARCH modeling for the spectral
coefficients may improve both the conditional variance restoration and the detection oper-
ation. Specifically, a speech-absence state in the MS-GARCH formulation gives important
information for speech presence. However, the spectral coefficients in some frequencies
may be of negligible energy even under a speech-present state. Since the conditional vari-
ances are reconstructed recursively, the uncertainty assumption requires incorporation of
a detection scheme within the propagation and update steps of the variance estimation to
improve conditional variance estimation. Furthermore, since the MS-GARCH is a multi-
state model, incorporation of a detection and estimation scheme requires generalization
of the later approach to a multi-hypotheses case.

Multichannel speech processing: The proposed MS-GARCH modeling as well
as the simultaneous detection and estimation approach may be employed for develop-
ing improved multichannel speech processing algorithms, such as multichannel speech
enhancement, beamforming, and relative transfer function (RTF) identification.

A major drawback of many existing multichannel postfiltering techniques is that highly

nonstationary noise components are not dealt with. The MS-GARCH model and the
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simultaneous detection and estimation approach for the speech coefficients may be in-
corporated within the postfiltering of a beamformer. Considering a generalized sidelobe
canceler scheme [167,168], speech components are stronger at the beamformer output
than in the noise reference signals, while noise components are strongest at the reference
signals [107]. Accordingly, the beam-to-reference ratio may improve speech detection. In
the blocking branch of the beamformer, which is aimed to create the noise reference sig-
nals, integrating a reliable detector may yield better reduction of both the coherent and
incoherent noise at the beamformer output since the detection may improve the blocking
of the speech components from leaking into the noise reference signals. While the detec-
tion and estimation which are applied in the postfiltering should be designed for better
speech quality and perceptual intelligibility, the detection operation within the blocking
branch should be designed for maximum blocking of speech components.

The proposed statistical model may also be useful for designing an RTF identification
scheme that is adapted to speech signals. A detection and estimation scheme may be
utilized to overcome the uncertainty of speech presence in the time-frequency domain.
In time-frequency bins where speech components are detected, their PSD needs to be
estimated as well as the RTF. However, under speech absence, only the cross-PSD of
noise components may be estimated. Consequently, RTF identification performance as

well as the rate of convergence may be improved.
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