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ABSTRACT

Speech enhancement algorithms have been employed successfully in many areas such as VoIP,
automatic speech recognition and speaker verification. Many approaches are presented in the
literature. This thesis focuses on enhancing single channel speech degraded by white noise or
colored noise. A Kalman filter algorithm combined with the masking properties of human
auditory systems is proposed. The threshold computed from the masking properties is used as a
constraint in the Kalman filter to theoretically derive a modified Kalman filter. The derivation
gives a theoretical foundation for the feasibility of combining masking properties with a Kalman
filter. Some heuristic methods are also proposed for an easier implementation. One algorithm
proposes to use the frequency domain masking level as a hard threshold to reshape the Kalman
filtered signal. Another algorithm is to use a post-filter concatenated with the Kalman filter, using
a threshold where both time-domain and frequency domain masking properties are taken into
account. The goal of the masking is to make the energy of the estimate state error smaller than the
threshold. To further decrease the computational cost, a wavelet Kalman filter combined with
masking thresholds is also introduced. In the above algorithms, the speech model is assumed to
be linear. Nonlinear speech models are also considered in the thesis. To address the nonlinear
model problem, dual Extended Kalman Filter (EKF) and dual Unscented Kalman Filter (UKF)
algorithms are studied. In these cases, both time-domain and frequency domain masking
properties are taken into account. The simulation results show that all the proposed methods
combining Kalman filter and masking properties can produce promising results from the point of
view of PESQ scores. The average PESQ score gains obtained by these proposed methods are
from about 0.35 to 0.45. Some informal subjective tests also show that the performance of the

proposed methods is promising. No voice activity detection is required in the proposed methods.
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Chapter 1 Introduction

1.1 Thesis Motivation

With the development of communication techniques and the increased requirements on speech
recognition and speaker verification systems, speech enhancement technology has been a hot
research area for the past two decades. More and more hands-free systems and mobile
communication devices used with more hostile noise conditions demand an efficient speech
enhancement algorithm. In the real world, speech signals are often distorted by background noise
such as car engine, traffic, wind or people chattering. Such degradation can lower the
intelligibility or quality of speech. Thus the performance of the speech processing related system
is deteriorated. For example, if a mobile telephony system encodes a noisy speech signal without
any preprocessing, then the system performance is further degraded since most speech coding

algorithms rely on clean signals and are not suitable for noisy signals.

Speech enhancement can be applied to these systems to increase the intelligibility and/or quality
of speech. The quality of speech is a subjective measure which reflects on the way the signal is
perceived by listeners, whereas the mtelligibility is an objective measure of the amount of
information which can be extracted by listeners from the given signal [O’Sh89]. The objectives of
speech enhancement algorithms vary with the application. In an automated speech recognition
system, the major goal of speech enhancement is to increase the intelligibility of speech, while in
communication systems, the target depends on the signal-to-noise ratio (SNR) of the distorted

speech. In medium-to-high SNR (e.g. > 5dB) environments, the goal is to reduce the noise level



to produce a natural speech signal. For low SNRs, the objective could be to decrease the noise
level while retaining or increasing the intelligibility and reducing the auditory fatigue caused by
heavy noise. Hearing aid systems can also benefit from the speech enhancement technologies by

reducing the environmental noise.

The number of microphones varies with different applications. In some applications such as a cell
phone system, a single microphone is used. In other applications such as a video conference
system, a microphone array is often used. The thesis addresses the problem of a single
microphone system. The algorithms for speech enhancement in a single microphone system can
be classified into two categories. The first category is frequency domain methods such as spectral
subtraction algorithms [Bol79, Eph84, Vir99]. In frequency~-domain methods, the spectral
subtraction approach is commonly used as a standard reference. It estimates the Power Spectral
Density (PSD) of a clean speech signal by subtracting the PSD of the noise from the PSD of the
noisy speech signal [Bol79]. Each estimate of the PSD is performed within a short-time segment.
The advantage of the spectral subtraction based approaches is that they are straightforward and
easy to implement. However, the limitations are;

»  Musical noise is unavoidable in the approach. The noise is mostly perceived in weak bands
and weak speech frames.

*  The performance of the methods depends on a good noise and SNR estimation.

The other category of speech enhancement algorithms 1s time domain methods such as Kalman
filtering based methods [Pal87, Gib91, Gan98, Gab01, Pop98]. The Kalman filtering algorithm
was first proposed to be applied to speech enhancement by Paliwal and Basu [Pal87], with the
speech parameters obtained from the clean speech signal and the noise characteristics obtained
from non-speech frames. In [Pop98], a Kalman filter based approach was proposed for colored
noise cases. These methods have to detect non-speech frames for the noise ;:ovan'ance estimation.

The Kalman filter can provide an Minimum Mean-Squared Error (MMSE) estimate of the clean

o



signal if the noise is a Gaussian process or it can give an Linear Minimum Mean-Squared Error
(LMMSE) estimate if the noise is non-Gaussian. There is no musical noise produced in the results,
With the approach in [Gab01], the estimation of the environmental noise process and the speech
model noise process can be performed within the estimation steps by the calculated Kalman
filtering parameters, with no need to detect the speech/non-speech frames in the procedure.
Though the computation cost is higher than the spectral subtraction method, the performance of
the Kalman filter is better in the point of view of the PESQ scores (Perceptual Evaluation of
Speech Quality [Rix01, ITUTO1], an ITU-T recommendation ITU-T P.862). PESQ is an objective
speech quality assessment model. As an enhanced version of the perceptual speech quality
measure (PSQM), it was developed for use across a wider range of network conditions, including
analogue connections, codecs, packet loss and variable delay. Background noise and processing
noise can be assessed by presenting PESQ with the clean, unprocessed original and the degraded
signal. This thesis uses the PESQ score as the performance index. Because the conventional
spectral subtraction has musical noise in the results, the PESQ scores are typically lower than that
of the Kalman filter. Some methods have been proposed to suppress the musical noise such as in
[Vir99], but the results are not fully satisfactory, especially under very low input noisy speech
SNR (<5dB). The Kalman filter has a better performance in such cases. However, there is still

room for significant improvements.

1.2 Goal of the Thesis

When a speech enhancement algorithm is designed, a tradeoff between speech distortion and the
residual noise has to be achieved. When conventional spectral subtraction methods try to remove
noise too aggressively, then the amount of musical noise produced by the method will increase. In

[Vir99], the masking properties of human auditory systems were applied to a spectral subtractive



method to make the residual noise “perceptually white” and to keep the speech distortion small.
Human auditory masking is a highly complicated process which is only partially understood. In
order to be audible, sounds must achieve a minimum pressure. This threshold of hearing
(audibility) is unique from person to person and furthermore changes with a person’s age [Zwi99].
The threshold is called Absolute Threshold of Hearing (ATH). Masking effects can be classified
as time-domain (temporal) masking and frequency-domain (simultaneous) masking. In frequency
domain masking, the masking sound and the masked sound are present at the same time. Whereas
temporal masking refers to the effect of masking with a small time offset. Temporal masking
effects can be further classified as forward masking and backward masking. By forward masking,
a sound is inaudible for a short time until the masker has been diminished. The time offset in
forward masking can be from 5 ms to more than 150 ms. Whereas in backward masking, a weak
signal is inaudible before the beginning of the masking signal. The time offset is usually below 5
ms [Thi00]. The frequency selectivity of the masking effects is described in terms of Critical
Bands (CB). In general, a CB is the bandwidth around a center frequency which marks a (sudden)
change in subjective response [Har97]. An absolute frequency scale based on the original CB
measurement (as used by Zwicker in [Zwi99, Zwi80]) is in common use. This scale is called the

Bark scale. Sound under the masking threshold is inaudible to people.

Building on top of the previous work in [Vir99] for the use of masking properties in speech
enhancement, the applicability of using human auditory masking in Kalman filtering for speech
enhancement is considered in this thesis. A standard Kalman filter can produce an enhanced
speech signal which has a small distortion, however the residual noise is larger than the masking
threshold. This thesis proposes a masking threshold constrained Kalman filter to achieve the goal
of making the residual noise smaller than the masking threshold, so that it cannot be heard while
keeping the speech distortion small. In the Kalman filtering algoritm, the estimate error

covariance matrix is updated at each step. The objective of a standard Kalman algorithm is to



minimize the estimate error variance. When the masking properties of a human auditory system
are taken into account, the problem becomes to minimize the estimate error variance under the
constraint that the energy of the estimate error should be smaller than the masking threshold.
Thus a new family of Kalman filtering algorithms is derived for speech enhancement, including

truly constrained algorithms and heuristic approximates for real-time implementation.

1.3 Contributions of the Thesis

The contributions of the thesis are;
1. Proposed a truly perceptually constrained Kalman filtering algorithm for both white and
colored noise. This contribution was presented in the following publications:

(1) N. Ma, M. Bouchard and R. Goubran, “Speech Enhancement Using a Perceptually
Masking Threshold Constrained Kalman Filter and its Heuristic Implementations”,
accepted for IEEE Trans. on Speech and Audio Processing.

(2) N. Ma, M. Bouchard and R. Goubran, "Frequency and Time Domain Auditory Masking
Threshold Constrained Kalman Filter for Speech Enhancement”, Proceedings of IEEE
Seventh International Conference on Signal Processing (ICSP'04), vol. 3, pp. 2659-2662,
Beijing, China, Aug. 31-Sept. 4 2004

2. Proposed a heuristic method combining the adaptive Kalman filtering algorithm with
masking properties of human auditory systems for white noise. This contribution was
presented in the following publication:

(1) N. Ma, M. Bouchard and R. Goubran, " A perceptual Kalman filtering-based approach
for speech enhancement", Proceedings of IEEE-EURASIP Seventh International
Symposium on Signal Processing and its Applications (ISSP4) 2003, vol. 1, pp. 373-376,
Paris, France, July 2003.



3. Proposed a heuristic. method combining the adaptive Kalman filtering algorithm with
masking properties of human auditory systems for colored noise. This contribution was
presented in the following publications:

(1) N. Ma, M. Bouchard and R. Goubran, "A Kalman Filter with a Perceptual Post-filter to
Enhance Speech Degraded by Colored Noise", Journal of the Canadian Acoustical
Association (Proceedings of Acoustics Week in Canada 2004), vol. 32, n. 3, pp. 138-139,
Ottawa, Ontario, Oct. 2004

(2) N. Ma, M. Bouchard and R. Goubran, "Perceptual Kalman filtering for speech
enhancement in colored noise", Proceedings of IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP) 2004, vol. 1, pp.717-720, Montreal,
May 2004.

4. Proposed a method combining the wavelet Kalman filter with masking properties to reduce
computational cost. This contribution was presented in the following publication:

(1) N. Ma, M. Bouchard and R. Goubran, “A Wavelet Kalman Filter with Perceptual
Masking for Speech Enhancement in Colored Noise”, Proceedings of IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP) 2005, vol. 1, pp.
149-152, Philadelphia, USA, Mar. 2005.

5. Proposed a perceptually constrained dual unscented Kalman filter, with a non-linear speech
model. This contribution was presented in the following publications:

(1) N. Ma, M. Bouchard and R. Goubran, “Constrained Dual Unscented Kalman Filter for
Enhancing Speech Degraded by Colored Noise”, submitted to Speech Communication,
under review.

(2) N. Ma, M. Bouchard and R. Goubran, "Dual Perceptually Constrained Unscented
Kalman Filter for Enhancing Speech Degraded by Colored Noise", Proceedings of IEEE

Seventh International Conference on Signal Processing (ICSP'04), vol. 3, pp. 2522-2525,



Beijing, China, Aug. 31-Sept. 4 2004
6. Compared the complexity of all the above methods and tested the methods under different

types of noise and for different applications.

1.4 Organization of the Thesis

In Chapter 2, a literature review and some background introduction of speech enhancement is
presented. A theoretical derivation of frequency and time domain masking threshold constrained
Kalman filters is discussed in Chapter 3. In Chapter 4, Kalman filtering algorithms heuristically
combined with frequency or both frequency and time domain masking properties are proposed for
enhancing speech degraded by white noise and colored noise. In Chapter 5, a wavelet domain Kalman
filter and perceptual masking post-filter is proposed. In Chapter 6, a constrained dual unscented
Kalman filter and its heuristic implementation, ie. a dual unscented Kalman filter with a perceptual
masking post-filter, are proposed. Chapter 7 will present some subjective test results to validate the
simulation results of the previous chapters, and Chapter 8 will present conclusions and some future

work.



Chapter 2 Literature Review and
Background

2.1 Introduction

In the past four decades, a lot of research has been performed in the field of speech enhancement,
e.g. [Eph84, Lim79, O’Sh89]. With the development of communications, the study of speech
enhancement methods has been very intensive. The main purpose of speech enhancement is to

improve perceptual aspects (e.g., quality and intelligibility ) of a given degraded speech signal.

In most speech enhancement algorithms, it is assumed that the speech is degraded by additive
noise which does not depend on the clean speech. Some other practical noises can be transformed
into additive noise. For example, a multiplicative or convolutional noise degradation will be

converted to an additive noise degradation by a homomorphic transformation [Opp89].

The quality of speech signals is a subjective measure which reflects the way the signal is
perceived by listeners. Intelligibility, on the other hand, is an objective measure of the amount of
information which can be extracted by listeners from the given signal, whether the signal is clean
or noisy. Until now, most methods can only improve one aspect at the cost of not improving the
other one. In this review, some speech enhancement approaches studied in recent years will be

introduced.

Some papers have proposed approaches to improve the intelligibility [Nie92, Wit94]. The main



philosophy is that the features relevant to speech intelligibility can be extracted from

noise-corrupted speech, and used to process the corrupted speech to increase its intelligibility.

But most of speech enhancement research has focused on removing the corrupting noise, to
improve the overall quality of the speech signal. The approaches can be classified into two major
categories: frequency-domain methods and time-domain methods. In frequency-domain methods,
the spectral subtraction approach is used almost as a standard. It estimates the Power Spectral
Density (PSD) of the clean signal by subtracting the PSD of the noise from the PSD of the noisy

signal [Bol79]. Each estimate of PSD is performed within a short-time segment.

The thesis focuses on the problem of single channel speech enhancement. Methods introduced in
section 2.2.1 and section 2.2.2 are derived and modified from the basic spectral subtraction

approach. Sections 2.2.3 1o 2.2.5 describe the time-domain methods.

2.2 Speech Enhancement Techniques

2.2.1 Wiener Filtering Based Methods

Wiener filters are a class of linear optimum discrete-time filters [Hay96]. Given a number of

observations, y(n), it is desired to find a linear optimum estimate s§(n) of signal s(s). The

observations are assumed to be the sum of the desired signal s(n) plus noise d(n) as follows:
y(n)=s(n)+d(n) 2.1)

The estimate §(n) is obtained by applying a linear filter to the observations:



M1
fmy=> wey(n—k) (2.2)
k=0

where the filter is assumed to be a FIR filter and w, (k=0,---,M 1) are the filter coefficients.

According to Wiener filter theory, the filter is to minimize the mean squared error:

Efe(n)*} = E{[3(n)~s(m)]* } (2.3)
To minimize Ef{e(n)*}, the filter makes the error orthogonal to all observations:

E{y(n-k)e (m}r=0, k=0,--,M 1 (2.4)

where the notation * stands for the conjugate operator. It can be shown [Hay96] that if y(x) and

s(n) are zero-mean jointly wide-sense stationary processes, the filter coefficients must satisfy the

following equations:

Aé’:lw,.r(z'~1c)=p(-k) k=0,1,-,M~1 (2.5)
=0

where r(i-k)=E{y(n-k)y (n~i)}, p(~k)=E{p(n-k)s (n)}.

nergy Noise
IComputation Estimation
! ‘
¥(")  Buffer and ; :
; . \ SNR [Filter Coefficients
noisy  [Windowing o P .
Estimation Computation
speech l l
FFT > Tequ‘ency " IFFT
[Filtering
Enhanced l“")
speech

Fig. 2.1 Generalized Wiener filter for speech enhancement

By solving equation (2.5), the Wiener filter coefficients can be obtained. In the frequency domain,
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the frequency response of the filter can be represented by:

P(w)  SNR(w)

= (2.6)
P (o) +P;(w) SNR(w)+1

H(w) =
In the field of speech enhancement, s(n) is the clean speech signal and y(n) is the noisy
speech signal. Hence, if the power spectrum of the signal and noise could be obtained or
estimated, a speech enhancement system may be constructed. Fig 2.1 is a diagram of a general

Wiener-based enhancement system [Nem99].

Power Subtraction Methods
From a Wiener filter, a power subtraction filter can be obtained. The response of the power

subtraction filter is the square root of a Wiener filter. Hence,

_ [ A
H ()], = RS 2.7)

The filter can suppress noise in the power spectrum sense.

Magnitude Subtraction Methods
Another kind of filter based on Wiener filter theory is magnitude subtraction filters. The response

of such a kind of filters is as follows:

P, (w)
=1- /W”’ .
’H(w)lM P (@) + P (@) (2.8)

The magnitude spectrum of the output of this filter is:

M ,, =P, (0)+ P, (@) - |D(®) (2.9)

Thus the filter can suppress the noise in the magnitude spectrum sense.

Implementation of the Methods

In the implementation, power subtraction method can be represented as the following equations:

11



let G(w)=P,(w)~F,(w) (2.10)

Glw), if Gw)>0
0 otherwise

%(w)z{ @.11)

where P;(w) is power spectrum of the enhanced speech signal, P, (@) is the spectrum of the
noisy speech signal y(r), and P,(w) is the smoothed estimate of the noise spectrum. The

enhanced speech signal is obtained by an inverse Fourier transform from both P. (@) and the

phase of the noisy signal:
§my=F " (JP, (@) ") (2.12)
where 6,(w) is the phase spectrum of the noisy speech. The major problem of the above method is

that “musical noise” is produced in the enhanced speech signal.

To reduce the effect of “musical noise”, in [Ber79], a generalized spectral subtraction method is

proposed:

let G(w)=G[P] (@)-a P} (@) (2.13)

GV (w), if GV () > BP,(w)

2.14
BP, (@) otherwise (2.14)

P, (cu):{

with @21, 0< f<<1
where ¢ is the noise over-subtraction factor employed to compensate the imperfect noise
estimation, which leads to a reduction of residual noise peaks but also to an increased audible
distortion. # is the spectral floor factor, which leads to a reduction of residual noise but an
increased level of background noise remains in the enhanced speech. The exponent y determines

the sharpness of the filter, and G is the normalization factor. The choice for the value of y is

not as critical as that of & and g. If y=1, it is a power subtraction filter. If y=05, itis a

magnitude subtraction method.



The advantage of the Wiener-based approach is that it is straightforward and easy to implement,
However, the limitations are:

s  Musical noise is not avoidable in the approach. The noise is mostly perceived in weak
bands and weak speech frames. This is an unnatural sounding residual noise. It can be
easily explained by the statistical nature of the noise. For example, consider some
frequency of the instantaneous spectrum which does not contain any speech. On the one
hand, the effect of too small a noise estimate is a remaining excitation at this frequency.
On the other hand, if the noise is estimated to be higher than it actually is, the result will
be zero due to the necessary bounding. The result is short sinusoids randomty distributed
over time and frequency, which remain in the processed signal. Normally this kind of
noise is called musical noise.

s  The performance of the methods depends on a good noise and SNR estimation.

2.2.2 MMSE Spectral Estimation Based Methods

In 1984, Ephraim and Malah proposed a speech enhancement method based on minimum
mean-squares error (MMSE) spectral estimation [Eph84]. An MMSE short-time spectral
amplitude (STSA) estimator is derived by assuming a priori probability distribution of the speech
and noise Fourier expansion coefficients. In the paper, the Fourier expansion coefficients of each

process are modeled as statistically independent Gaussian random variables with zero mean.

If the noisy speech signal is represented by equation (2.1), the kth spectral component of the

signals s(n) and y(n) can be expressed as follows:
S, = Age’®, (2.15)

Y, =R e/, k=0,£1%2,-- (2.16)



D, is the th spectral component of the noise d(n). Then the MMSE amplitude estimate 4, is:

Ay = E{A Yo, Y, ) = B |V, } (2.17)
where {Y,,Y,,--} is the set of spectral observations over a few frames. The estimator can be

expressed as a spectral gain with the following equation:

A,
Gause Crr Vi) = —IE&

k
(2.18)
.\/-]; Vi V5 V5 V.
=5 ‘{Z exp(—-—;—-j (+v)l, [—é‘—jwkh ("2&} R,
with: 7,() and J,()} aremodified Bessel functions of zero and first order respectively.
_ S
Vi STrE Vi (2.19)

where &, and 7, are defined as a priori and a posteriori signal-to-noise ratios (SNR),

respectively.

If the uncertainty of speech presence in the noisy observations is taken into account, a modified

gain function is obtained in [Eph84]:

A Yi94)

2.20
1+A(§k77’k7qk) ( )

GIZMSE(nkwykvqk)E Grngse Cir Vi)

Sp=ny M-q1)

with:
AY,,q,)= U, eri(;") , which is derived from the following generalized likelihood ratio
k
definition:
P |HY)
A(Yks‘]k):ﬂk*‘k—““%“ (2.21)
r¥, ‘H i)

with g, =(1-¢,)/q,,and g, is the probability of signal absence in the kth spectral component.
H? and H, denote the two hypotheses of signal absence and presence, respectively, in the kth

spectral component. Assume that the spectral components are Gaussian random variables,
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equation (2.20) can be obtained. In (2.20), v, is defined asin (2.19), &, isredefined by

E{4;|H}
A4 ()

S = (2.22)

with 4, (k)= E{D,['}.

The performance of the MMSE based method depends on the good estimate of a priori and a

posteriori SNR which is still an open issue in the current research.

2.2.3 KLT Based Method

In [Eph95], the author proposed a signal subspace approach for speech enhancement. The
underlying principle is to decompose the vector space of the noisy signal into a signal-plus-noise
subspace and a noise subspace. The decomposition is performed by Karhunen-Loeve transform
(KLT). Enhancement is performed by linear estimation of the clean signal from the noisy signal.
The noise is assumed to be additive and white. The linear estimation is obtained by modifying the
KLT components which represent the signal subspace by a gain function determined by the
estimation criterion. The remaining KLT components are nulled. The enhanced signal is obtained
from inverse KLT of the altered components. The estimation criterion is to keep the level of the
residual noise below some threshold while minimizing the signal distortion. Two estimators are
studied in [Eph95]. One is to maintain the energy of the residual noise in the entire frame below a
given threshold. Another one is to keep each spectral component of the residual noise below a
given threshold. The first one allows time domain constraint (TDC) on the residual noise, while
the second one is designed for noise shaping using spectral domain constraints (SDC). In
implementing the linear signal estimators, one must have good estimates of the covariance

matrices of the vectors of the noisy signal and the noise process. Furthermore, a good estimate of
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Fig. 2.2 Block diagram of the system in [Rez01]

the dimension of the signal subspace is required. The covariance matrices of the vectors of the
noise process are estimated from vectors of the noisy signal during which speech is absent. If the
noise 1is stationary, the estimation can be performed from an initial segment of the noisy signal
which was recorded before speech was present. When the noise is not stationary, a speech/noise
detector must be used, and the noise covariance is estimated and updated from non-speech frames

of the noisy signal.

[Mit00] proposed a KLT based approach for enhancing speech degraded by colored noise. The

additive noise is assumed stationary. Speech frames are classified into speech activity frames and
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silent frames. The speech activity frames can further be divided into voiced speech and unvoiced
speech frames. The energy of speech in the voiced speech frames is typically higher than in the
unvoiced speech frames and in the silent frames. The noisy speech frames are classified into two
categories, namely speech dominated frames and noise dominated frames, in this papet. Noise
dominated frames are either non-speech activity frames or unvoiced speech frames. The
classification is done through an empirical equation. The signal KLT matrix is used for speech
dominated frames and a noise KLT matrix is used for noise dominated frames. The algorithm
depends on the a priori knowledge of SNR. This SNR can be evaluated by long term averaging.

[Rez01] proposed an adaptive KLT approach for the case of colored noise. The new type of KLT
tracking algorithm was named projection approximation subspace tracking. In this method,
Eigenvalue Decomposition (ED) is considered as a constrained optimization problem and an
adaptive algorithm is used to find a very close approximation of the eigenvectors of the clean
speech covariance matrix using noisy speech signal samples. This algorithm is fast and has a
simple construction. It is assumed that the statistical characteristics of noise do not vary too much
until the next noise interval arrives and noise samples are renewed. An efficient voice activity

detector must be used. Fig.2.2 shows the block diagram of the proposed system.

Since the KLT and the DFT are related, the popular spectral subtraction method can be seen as an

approximate signal subspace approach.

2.2.4 Kalman Filter Based Methods

The approaches based on Kalman filter are time-domain methods. When the measurement noise
process and the signal are jointly Gaussian, the Kalman filter can yield an MMSE estimate of the
clean signal. Otherwise, the Kalman filter can produce an LMMSE estimate of the signal. The

Kalman filtering algorithm was first proposed to apply to speech enhancement by Paliwal and
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Basu [Pal87]. A summary of the standard Kalman filtering algorithm is shown below [Chu99].

A linear system with state-space description is written as the following state-space model:

{XM =F.x; +B; 8¢ +G quy (2.23)

Vi =Hx, +D, & +vy
where F,,B,.G.,H;,D, are nxn, nxm, nXp, gxn, gxm (known) constant matrices,
respectively, with 1<m, p,g<n, {&,} is a known sequence of m-vectors (called a deterministic
input sequence), and {u, } and {v,} are, respectively, (unknown) system and observation noise

sequences, with known statistical information such as mean, variance, and covariance.

When a Kalman filter is applied to speech enhancement, the deterministic input is zero. Thus the

state-space model for speech enhancement is a linear (purely) stochastic systen:

{xk+1 :Fkxk +Gkuk (2 24)

Yi =H X, +vy

The estimate of the state vector depends on the statistical information of the noise sequences.

Vi . g R(k | k)

Hk} F, . 1% delay

y(k k=1

Fig. 2.3 Diagram of standard Kalman filter

The derivation of the algorithm can be found in [Chu99]. Assume that {u,} and {v,} are

sequences of zero-mean Gaussian white noise such that Var(u,)=Q, and Var(v,)=R, are
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positive definite matrices and E(u ka y=0 forall kand /. The initial state x_, is also assumed

to be independent of {u,} and {v,} in the sense that E(x_jul)=0 and E(x_vI)=0 forall

k. The following Kalman filtering algorithm for the linear stochastic system (2.24) is given by:

P(-1|-1)=Var(x_;)

Pk k-1 =F, Pk |k-DF; +G,,Q, G,

K, =Pk|k-D)BIMH, P*k|k-DH] +R )™

Pk|k-D)=(-K,H)P(k|k-1) (2.25)
(-1~ =E(x_)

Kk | k=1) =F,x(k-1] k1)

Rk k) = X(k |k ~D)+K [y, —HX(k| k~1)]

|k =0,1,

<

where P(k|k-1)=E{[x, —&(k|k~D][x, ~%(k | k=17 } =Var[x, ~%(k | k=1)]is the predicted state

error vector covariance matrix, P(k|k) = E{[x; — (k| k)][x; - k(k | )"} =Var[x, -X(k| k)] is the
estimate state error vector covariance matrix. K, is called the Kalman gain matrix. The

algorithm is shown in Fig. 2.3.

In speech enhancement, the clean speech signal s(#) is modeled as a p-th order Auto-Regressive

(AR) process as follows:
)4
s(n)-:Zais(n~i)+u(n) (2.26)
i=]

The measured speech signal y(r) is
y(n) = s(n)+v(n) .27
where a, is the i-th AR coefficient, u(n) is the model noise process and v(») is the background

noise. u(n) and v(n) are uncorrelated Gaussian white noise processes with means # and ¥and

variances o, and o7,

The state space model, written as follows, can then be obtained.
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x(n) = Fx(n ~1) + Gu(n) (2.28)

y(n) = Hx(n) + v(n) (2.29)
where

x(m)=[s(n~p+1)-s(m] (2.30)
0 1 0 - 0
0 0 1 -+ 0

F=i 11 (2.31)
0 0 0 1
A, Gy Gpop @y

H=G"=[0 0 - 0 1] (2.32)

where p is the order of the AR process, Fisa pxp transition matrix, G and H are respectively
the pxl input vector and the 1xp observation row vector.

A Kalman filtering algorithm for speech enhancement is summarized in [Gab01] as follows:

e(n) = y(n)~H&(n|n~1)-7 (2.33)
K(n) =P |n-DH! x(HP( |n~DHT +o2)™! (2.34)
K(n|n)=k(n|n—1)+K(n)e(n) (2.35)
P(n|n) = A -K@H)P(n|n-1) (2.36)
X(n+1|n)=Fi(n|n)+Gii (2.37)
P(n+1|n)=FP(n|n)F +GG o] (2.38)

In [GabO01], the sequential estimators are derived for sub-optimal adaptive estimation of the
unknown @ priori driving process and additive noise statistics simultaneously with the system
state by reformulating and adapting the classical approach used for control applications. The
algorithm provides improved state estimates at little computational expense. A distinct advantage

of the proposed algorithm is that a speech/noise detector is not required.
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In [Gan98], an iterative and sequential Kalman filter-based algorithm is proposed. The distinct
advantage of the proposed algorithm compared to alternative algorithms is that it enhances the
quality and SNR of the speech, while preserving its intelligibility and natural sound. This paper

has proposed to incorporate higher-order statistics to improve the performance of the algorithm.

The noisy signal is expressed as:
2(t) = s(t) +v(2) (2.39)
with:

s(#): clean speech signal, which is modeled as a stochastic AR process:
V4
s(6) ==Y ot = k) + g, u®) (2.40)
k=l

where u(?) is a normalized zero mean unit variance white noise, and g, is the spectral level.

The additive noise w(¢) is also assumed to be a realization from a zero-mean, possibly nonwhite

stochastic AR process:
q
v(t) ==Y Bt =)+ g, wlr) (2.41)
k=]

Then the estimate-maximum method is applied to the problem. The algorithm iterates between
state and parameter estimation. The state estimation uses a forward Kalman filtering recursion,

followed by a backward Kalman smoothing recurring.

For high SNR, we can use a standard LPC process to obtain the initial estimate of the speech
parameters and an initial estimate of the noise parameters may be obtained by employing a voice
activity detector. However, at low SNR, the initialization procedure breaks down. If the additive
noise W(t) is assumed to be Gaussian, the higher-order statistics (HOS) may be incorporated in

order to improve the initial estimate of the speech parameters.
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The iterative EM algorithm requires the use of an analysis window over which the signal and
noise statistics are assumed to be stationary. A sequential speech enhancement algorithm is
proposed in this paper to avoid this assumption. This algorithm consists of a forward Kalman

filter.

2.2.5 Hidden Markov Model Based Methods

In [Eph89], the author proposed to apply hidden Markov models (HMM) to enhance noisy speech.
The approach is based upon statistical modeling of the clean speech and the noise process using
long training sequences from the two processes. HMM’s with mixtures of Gaussian
autoregressive (AR) output probability distributions are used to model the clean speech signal.
The model for the noise process depends on its nature. The enhancement of the noisy speech is
done by means of re-estimation of the clean speech waveform using the EM algorithm. This
method can increase SNR. For the case where the speech is degraded by statistically independent
additive noise, the probability distribution functions of the clean speech signal and the noise
process must be known. The algorithm starts from an initial HMM, and iteratively generates a
sequence of HMM’s with non-decreasing likelihood values by maximizing in each iteration the

so-called auxiliary function.

In [Eph92], Gaussian subsources are used to represent clusters of spectrally similar acoustic
signals. Hence, the power spectral densities of those subsources represent the different spectra of
the speech signal or spectral prototypes of that signal. The Markovian states in the HMM provide
a Markov model for the evolution of speech spectra or a model for the correlation between those

spectra, since states are associated with signal spectra. The HMM can represent both the
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intervector and the intravector correlation.

In the interpretation of speech production theory, each Gaussian subsource represents acoustic
signals generated from a fixed configuration of the vocal tract. The vocal tract is considered an
all-pole filter for the spectrally flat (Gaussian white noise for unvoiced signals and an impulse
function for one pitch period of voiced signals) excitation signal. The set of all possible vocal
tract shapes is represented by a finite number of configurations which equals the number of states
in the HMM. This number should approximately be 1024, as observed in speech coding using
vector quantization (VQ). The parameter set of the HMM for the clean signal (and similarly for
the noise process) is normally estimated from training sequences using the ML estimation

approach.

In [Sam98], an HMM-based strategy is proposed for enhancement of speech signals embedded in
nonstationary noise. Compared to previous HMM-based speech enhancement approaches, the
improvements to the systems are; 1) incorporation of mixture components in the HMM for noise
in order to handle noise nonstationarity in a more flexible manner, 2) two efficient methods in the
speech enhancement system design that make the system real-time implementable, and 3) an
adaptation method to the noise type in order to accommodate a wide variety of noise expected

under the enhancement system’s operating environment.

The HMM'’s employed in this paper for clean speech and for noise are ergodic mixture
autoregressive hidden Markov models (AR-HMM’s). Three enhancement methods are studied
in this paper. The first one 1s MAP enhancement method. The Expectation-Maximization (EM)
algorithm is used in constructing the speech enhancement system. A new estimate of the clean
speech is calculated by filtering the noisy speech through a weighted sum of the Wiener filters.

This estimation is then used to find a probability sequence to supply a new sequence of Wiener

[0
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filters and another estimate of the clean speech. This iterative process continues until a preset
convergence criterion is reached. In the first iteration, noisy speech is used as an estimate of the
clean speech. The second one is approximate MAP method. This is a simplified approximation of
the MAP method. Neither of these above two methods is cai)able of handling nonstationary noise
due to the calculation of the filter weights being based on the clean signal information only and
ignores variations. The third one is improved MMSE enhancement method. In this system, a
multiple state and mixture noise model was employed to accommodate non-stationarity in noise.
No iterations are necessary for the MMSE enhancement. For each frame, a large number of filter
weights has to be calculated using a lot of computation. This makes the enhancement procedure
very time consuming and far from being real-time implementable. This paper devised two

methods to solve this problem.

In addition, the paper proposed a noise adaptation algorithm for diversified types of noise. The
algorithm carries out noise-model selection and adaptation of the variances (LP gains) of the
Gaussian AR processes associated with the noise HMM’s. During intervals of non-speech activity,

a Viterbi algorithm is performed on noise data using different noise models.

The HMM-based enhancement systems are inherently relying on the training data of different
noise types. Only the noise types that have been trained can be handled by the system. Therefore
data from various noise types should be used for training the noise HMM. This makes the noise
HMM have a large model size and the computation cost grows drastically with the increasing

number of the noise types.



2.2.6 The Application of Human Auditory Masking Properties to Speech

Enhancement

2.2.6.1 Summary of Human Auditory Masking Properties

Human Auditory Masking is a highly complicated process which is only partially understood. In
order to be audible, sounds must achieve a minimum pressure. This threshold of hearing
(audibility) is unique from person to person and furthermore changes with a person’s age [Zwi99].

The threshold is called Absolute Threshold of Hearing (ATH).

In [Ter82], the threshold is approximated by

T,(f)=3.64(f/1000)* —6.5¢ no00-33 4 0-3¢ £/1000)* (dB SPL) (2.42)
which 1s measured in dB SPL, or dB relative to 20 g Pa [Har97]. The ATH is shown is Fig. 2.4.

When applied to speech enhancement, 7, (/) could be interpreted naively as a maximum

Fig. 2.4 The absolute threshold of hearing (ATH) in quiet.
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allowable energy level for residual noise introduced in the frequency domain. The absolute
threshold is of limited value in the speech enhancement context. The detection threshold for
residual noise is determined by the stimuli present at any given time. Since stimuli are in general
time-varying, the detection threshold is also a time-varying function of the input signal. In order
to estimate this threshold, we must first understand how the ear performs spectral analysis. A
frequency-to-place transformation takes place in the cochlea (inner ear), along the basilar
membrane. Distinct regions in the cochlea, each with a set of neural receptors, are “tuned” to
different frequency bands. In fact, the cochlea can be viewed as a bank of highly overlapping
bandpass filters. The magnitude responses are asymmetric and non-linear (level-dependent).
Moreover, the cochlear filter passbands are of non-uniform bandwidth, and the bandwidths
increase with increasing frequency. The frequency selectivity of masking effects is described in
terms of Critical Bands (CB). In general, a CB is the bandwidth around a center frequency which
marks a (sudden) change in subjective response [Har97]. The actual width of Critical Bands is
still in dispute. An absolute frequency scale based on the original (as used by Zwicker in {Zwi99,
Zwi80]) CB measurement 1s in common use. This scale is called the Bark scale, and the common

function to convert from Hz to Bark is (see [Zwi199, Zwi80]):

_ » fY
z(f) =13 arctan(0.00076 1) +3.5 arctan[( 7500) } , (2.43)

and the bandwidth (in Hz) of a CB at any frequency is given by

BW, (f)=25+75[1 +1.4(f /1000)* . (2.44)

The bandwidth in Bark of a CB at any frequency is (by definition) 1.

Alternatively, Moore in [Mo097] describes the CB as a measure of the ‘effective bandwidth’ of
the auditory filters. Moore’s measurement is called Effective Rectangular Band (ERB). It
indicated narrower bandwidths than Zwicker’s measurement. Table 2.1 and Fig. 2.5 show the

mapping from FFT bins to Bark scale from Zwicker’s model. In the thesis, the speech signals are
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sampled at 8kHz, and we always use a FFT size of 256,

Table 2.1 Mapping from FFT Bins to Bark Scale (sampling rate: 8 kHz, FFT size: 256)

Critical band FFT bins
Real frequency (Hz)
number k Intervals
1 1-3 0-94
2 4-6 94-187
3 7-10 187-312
4 11-13 312-406
5 14-16 406-500
6 17-20 500-625
7 21-25 625-781
8 26-29 781-906
9 30-35 906-1094
10 36-41 1094-1281
11 42-47 1281-1469
12 48-55 1469-1719
13 56-64 1719-2000
14 65-74 2000-2312
15 75-86 2312-2687
16 87-100 2687-3125
17 101-118 3125-3687
18 119-128 3687-4000
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Fig. 2.5 Mapping from FFT bins to Bark scale (sampling rate: 8 kHz, FFT size: 256)

Masking effects can be classified as time-domain (temporal) masking and frequency-domain
(simultaneous) masking. In frequency domain masking, the masking sound and the masked sound
are present at the same time, whereas, temporal masking refers to the effect of masking with a
small time offset. Temporal masking effects can be further classified as forward masking and
backward masking, respectively. By forward masking, a sound is inaudible for a short time until
the masker has been diminished. The time offset in forward masking can be from 5 ms to more
than 150 ms, whereas in backward masking, a weak signal is inaudible before the beginning of
the masking signal, and the time offset is usuvally below 5 ms [Thi00]. In the thesis,

frequency-domain masking and time-domain forward masking are applied.

Simultaneous masking refers to a frequency-domain phenomenon that can be observed whenever
two or more stimuli are simultaneously presented to the auditory system. Depending on the shape
of the magnitude spectrum, the presence of certain spectral energy will mask the presence of
other spectral energy. Although arbitrary audio spectra may contain complex simultaneous
masking scenarios, for speech enhancement it is convenient to distinguish between only two types

of simultaneous masking, namely tone-masking-noise and noise-masking-tone. In the first case, a



tone occurring at the center of a critical band masks noise of any subcritical bandwidth or shape,
provided the noise spectrum is below a predictable threshold directly related to the strength of the
masking tone. The second masking type follows the same pattern with the roles of masker and
maskee reversed. A simplified explanation of the mechanism underlying both masking
phenomena is as follows. The presence of a strong noise or tone masker creates an excitation of
sufficient strength on the basilar membrane at the critical band location to block effectively
detection of a weaker signal. Inter-band masking has also been observed, i.e., a masker centered
within one critical band has some predictable effect on detection thresholds in other critical bands.
This effect, also known as the spread of masking, is often modeled by an approximately
triangular spreading function that has slopes of +25 and -10 dB per bark. A convenient analytical

expression{Jab02 ] of the spread function, SF(k), is given by :

SF(k)=15.81+7.5(k +0.474)~17.5/1+ (k +0.474)° (2.45)

where k is the critical band number. The spread function is also used in the the auditory model of

PESQ. Thus, to comply with the model of PESQ, the same spread function is used in the thesis.

To calculate the frequency domain masking threshold, the following steps are used [Joh88,
Jab02}:
(1) Compute an N-point Fast Fourier Transform (FFT) of a frame of speech, e.g. x(n) (x(n)

refers to a frame of any speech signals where we want to calculate the simultaneous
masking threshold). The transformed signal is represented by X(n).

(2) Map the frequency domain to a critical band scale, or Bark scale [Joh88]. Equation (2.43)
gives the mapping formula from Hz to Bark. The mapping is performed by calculating
the power spectrum of the speech samples in critical band P(7). The squared magnitude of

the Fourier Transform (FFT) of x(n) is computed with a normalization by the frame size
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To take into account masking between different critical bands, convolve P(i) with the
following spread function SF(k) [Jab02] to get the spread critical band spectrum C(k):

C (k) = SF (k) * P(k) (2.46)
where k 1s the critical band number, and “ = denotes a convolution.

Calculate the masking threshold. The tone-masking-noise threshlod is estimated as
14.5+% dB below C(k), where this estimate is from [Sch70] via [Sch79]. The
noise-masking-tone threshold is estimated as 5.5 dB below C(k) uniformly across the
critical band spectrum. The estimate for noise-masking-tone is due to [Hel72]. A
threshold offset O(k) is determined by this two types of thresholds and the final spread
threshold estimate 7(k) is obtained by subtracting the threshold offset O(k) from the
spread critical band spectrum C(k) [Jab02]:

T(k) - 1O(IOgno[C(k)]—[(O(k)/10]) (2.47)

The calculation of O(k) depends on the noise-like or tone-like nature of the masker and
the maskee. The offset O(k) in decibels is calculated as:
Oky=a(45+k)+(1-a)5.5 (2.48)

To calculate O(k), first the Spectral Flatness Measure (SFM) 1s defined as follows:

G
SFM g3 =10log; = (2.49)

m
where G, is the geometric mean of the power spectrum, and 4, is the arithmetic

mean of the power spectrum. Then a coefficient of tonality o 1is generated as:

SFM 4

,1 2.50
SFMdBmax ) ( )

o = min(
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where SFM =~60dB . So if SFM =-60dB, the signal is estimated as entirely

dB max
tone-like (ax=1) andif SFM =0dB the signal is completely noise-like (o =0).

(5) Map T(k)back from the Bark scale to the linear frequency domain.

Notions of critical bandwidth and simultaneous masking are illustrated in Fig. 2.6, where we
consider the case of a single masking tone occurring at the center of a critical band. All levels in
the figure are given in terms of dB SPL. A hypothetical masking tone occurs at some masking
level. This generates an excitation along the basilar membrane that is modeled by a spreading
function and a corresponding masking threshold. For the band under consideration, the minimum
masking threshold denotes the spreading function in-band minimum. Signal-to-mask ratio (SMR)
and noise-to-mask ratio (NMR) denote the log distances from the minimum masking threshold to

the masker and noise levels, respectively.
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Fig. 2.6. Schematic representation of simultaneous masking
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Fig. 2.7. Temporal masking properties of the human ear. Pre-masking occurs prior to masker onset and
lasts only a few milliseconds; Post-masking may persist for more than 100 milliseconds after masker

removal

Fig. 2.7 shows the temporal masking properties of the human ear. The time domain forward
masking effect is often modeled as a psychoacoustic specific loudness versus critical-band rate

and time. A non-linear circuit as shown in Fig, 2.8 was proposed in [Hua02] to estimate the output

In ;
D1
o— O Ri=35k
- R D2 T R=20k
Ny a=F " No R =20k
R CQT y
o = o Rpy,=20k
Cl=1n
C2=1.74u

Fig. 2.8 Nonlinear circuit for loudness estimation

specific loudness, one circuit for each critical band. In each circuit, the input N (i) is the i*
critical-band specific loudness of the current frame, which is computed from E(i) by:

N, (1) = 0.08(E, (i) Ey)** - [(0.5 +0.5-EQ/E (D)) ~ 1] (2.51)



where E,(i) is the excitation at the absolute threshold of hearing, £, is the excitation for 0dB
SPL, and E(i) is the convolution of the instantaneous power spectral density of the speech
samples with a spread fonction in critical band, which is the same as C(i) in (2.46). Then the
circuit can simulate the nonlinear loudness processing of the neural system and generate the

output specific loudness N, (7).

For numerical computations, the differential equations of the circuit shown in Fig. 2.8 are

converted into the following difference equations:

e if N, >N,
1,={" K, =N (2.52)

0, otherwise
where R, is the "on" resistance of diode D1, N, and N, are respectively the specific

loudness of the current frame and the output specific loudness of the previous frame. N, and

¥* are also respectively the voltages across capacitors C1 and C2 in the previous frame. If
N, >V, then:

_1,+C2.V'/(At+C2-R2)+C1- N, |At

- 5
° 1/R1+C2/(At +C2-R2)+Cl/At 2:53)

V=N At/(At+R2-C2)+V" - C2-R2/(At+C2-R2) (2.54)

whereas if N, <V, then:

Ny
VN = I, +(Cl+C2)- V" [At 2.55).
I/RL+(Cl+C2)/At

where A is the time difference between two frames in ms. If the masker duration is longer, N,
will be larger, The values of the resistors and capacitors are determined by matching the
phenomena measured using maskers longer than 200ms [Zwi84, Kid82]. The total loudness Q,
defined as the sum of the output specific loudness in all critical bands, is used as an estimate of

the time domain forward masking level.
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Taking both the time domain forward masking of this section and the simultaneous frequency
domain masking into account, the total masking levels can be determined. The levels depend not
only on the current frame but also on the previous frames. The total masking level of the i
critical band at time 7 is the maximum of the current simultaneous masking level and the total

masking level of the previous frame decayed by some constant:

M (i) = max{M, (i), M, (i) - exp ™ "O} (2.56)

where M,(i) and M, (i) are the total masking levels of the current frame and the previous

frame, respectively; M, (i) is the masking level computed from the simultaneous frequency
domain masking model [Joh88], which is the same as T(i) in (2.47), A¢ is the time difference
between two frames, 7(i) is the maximum decay time constant in each critical band [Jes82]; and
N is the total loudness level which is now normalized by the total loudness of a 60dB uniform
masking noise (UMN) [Hua02]. If Q is larger than one, then Q is set to one. So Q lies between
zero and one. When Q is zero, there is no forward masking. When @ is one, the total masking

level decays with a maximum time constant.

2.2.6.2 Application in Speech Enhancement

In [Vir99], Virag proposed a single channel speech enhancement system based on masking
properties of the human auditory system. The paper addresses the problem of speech
enhancement at low signal-to-noise ratios (SNR’s) (<5dB). It exploits the masking properties of
the human auditory system to overcome the limitations of one channel subtractive-type
enhancement system in additive background noise at low SNR’s. The proposed enhancement
scheme is composed of the following main steps:

e  spectral decomposition;

2
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The approach proposed in this paper works toward rendering the residual noise produced by
subtractive-type enhancement systems “perceptually white” so the problem of “musical residual
‘noise” introduced by conventional subtractive-type enhancement methods is solved. A parametric
subtraction algorithm is applied. Two parameters, the oversubtraction factor and the spectral

flooring factor are calculated from the auditory masking threshold.

y(n)

speech/noise detection and estimation of noise during speech pauses;

calculation of the noise masking threshold;

adaptation in time and frequency of the subtraction parameters based on the noise

masking threshold;

calculation of the enhanced speech spectral magnitude via parametric subtraction with

adapted parameters;

Inverse transform.

Speech/Noisg___y!  Noise
Detection Estimation -
. Calculation
Magnitude| %ﬁ?:gﬁg%d
Windowing »  Spectral |,
+ Phase Subtraction
FFT | T(a) l
Optimal
Weighting
ap Coefficients
IFFT vYY
:“““‘"“ Overlap Parametric
%(n) Add g Subtraction

Only simultaneous masking effects are taken into account in the paper. The masking model used

was developed by Johnston for coding of audio sampled at 32 kHz in [Joh88]. The following

Fig. 2.9 The diagram of the system proposed in [Vir99]

steps are used to calculate the masking threshold:

Critical band analysis of the signal

(98]
Wy



Applying the spreading function to the critical band spectrum
Calculating the spread masking threshold
Relating the spread masking threshold to the critical band masking threshold

Accounting for the absolute threshold of hearing.

Fig. 2.9 shows the diagram of the method proposed in [Vir99].

In the above figure, « is the oversubtraction factor and e >1. £ is the spectral flooring factor

and 0< B <<1. The parametric subtraction block is performed by:

A n\" - ”n
| Np@|["
— o m————— N l .
|¥(@)| ¥ (@) a+f
G(w) = N (2.57)
- N -
ol
o e , otherwise
@)

where |Y(w)| is the noisy speech short-time magnitude,

DA(a))i is the noise spectral magnitude

estimate, the exponent y, =1/y, determines the sharpness of the transition from the G(w)=1

(the spectral component is not modified) to the G(w)=0 (the spectral component is suppressed).
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2.2.7 Other Methods

2.2.7.1 Wavelet Based Methods

In [Bah01], the author proposed a method based on wavelet packet transform and the calculation

of the Teager energy for speech enhancement. The approach used discriminative thresholds which
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Fig. 2.10 Speech enhancement diagram using time-adapted thresholding in

the wavelet packet domain

are time adapted in function of speech components in various scales. It does not require an
explicit estimation of the noise level or the a priori knowledge of the SNR. The time dependence

1s introduced by approximating the Teager Energy of the wavelet coefficients.

Figure 2.10 shows the diagram of the proposed algorithm. In this figure, WP means wavelet



packets transform, the decomposition level j is set to be 4. w;, defines the mth coefficient of

the kth subband, where m=1-.-,N/2* and k =1,---,2*. Nis the sample number of the speech
signal. TE block calculates Teager energy approximation, f;, =¥,[w;,], k=1---2%, where
W, [x(n)] = [x(n)]? —x(n+1)x(n~-1). This operation enhances the discriminability of speech
coefficients among those of noise. In the mask construction block, for each subband coefficient,
an initial mask is obtained by smoothing the TEO coefficients as M ,‘fm =1, *h,(m) where hy

is an IIR low-pass filter (second order). Afier constracting masks, the masks have to be processed

for the time-adapted threshold as follows:

M4 S4 1/8
M= | (2:58)
: max(M; , -~ S;)

where S; is named offSet, which estimates the valley’s level of M, . It is used to distinguish
frames between speech presence and absence because the speech presence is interpreted by a
significant contrast between peaks and valleys of M, while its absence is observed with a
weaker contrast (smoother masks). Sj is given by the abscissa of the maximum of the amplitude
distribution H of the corresponding mask M ,f,m and is estimated over the analyzed frame

S¢ = abscissalmax(H (M fm N]. (2.59)
Then for a given subband £, the proposed approach defines the time adapted threshold as

Ao = A1 —aM ", (2.60)

where A is the standard threshold defined as 1= ¢ /2log(Nlog, N), & is the noise level. In
the thresholding block the soft thresholding is applied to the wavelet packet coefficients

Wi = Ty (A s Wi ) 2.61)



where A, is the threshold corresponding to the analyzed frame and is adapted only for speech

frames and kept unchanged for non-speech ones.

A s I S) £0.35max(M ],
g = 7 W) 26
A, ifS) <0.35max(M},,)
Tg(,) is the soft thresholding function defined as
sgn(w, Y(|w, |- A), i |w =zl
Ty (Aw,) = gn( A)| Al ) f| Al (2.63)
0, if [we] < A

The last step of the algorithm is the inverse transformation WP of the resulting wavelet

coefficients.
Unlike windowing transform methods, the whole speech frame is filtered once by the wavelet
packets filter. However, a minimum length of the frame is required for the WPF. It must be

sufficiently large to include simultaneously speech and silence.

2.2.7.2 Comb Filtering for Speech Enhancement

In [Ami91], a frequency-domain LMS comb filter is proposed for harmonic cancellation. Fig.
2.11 shows the diagram of the proposed system. It implements the least mean squares algorithm
(LMS) in the frequency domain to simulate a fixed-notch filter that nulls sinusoids with
harmonically related frequencies. The Fourier transform (FT) block length is set to represent the

fundamental period of the undesired periodic signal.

Deterministic signals rather than observations are applied to the reference inputs. The concept
behind this harmonic canceller is based on the fact that if the Fourier transform block length, N, is
chosen equal to the fundamental period of the undesired periodic signal, then the harmonic signal

transform at each frequency bin takes the same value irrespective of the time reference of the data
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block. d(n) is the noisy speech signal. The nonharmonic frequency components transform

DFT

d(n) T

Fig. 2.11 Diagram of the comb filtering system proposed in [Ami91]

exhibits a time-varying behavior. The LMS algorithm operates on canceling all harmonic
frequency components leaving out other components in the signal to propagate to the error

transform with minimum distortion.

This harmonic canceller could be used to reduce the noise from an interfering speaker, provided
this speaker’s fundamental frequency is known. Nulling time-varying fundamental and harmonic
frequencies while maintaining a constant gain cannot be achieved using the proposed structure

since it requires a variable transform block length.
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The adaptive comb filter is a technique developed to enhance speech by exploiting the periodical
nature of the voiced speech. However, this technique may also introduce temporal distortion
whenever the speech signal exhibits larger variations in pitch and formant frequencies. [Gra93]
proposed an approach to warp adjacent pitch periods into the underlying pitch period, so as to
rectify pitch variations. But the work is done under the assumption that the pitch information is
obtainable. In fact, similar results are attainable by adaptively altering the filter taps on a
sample-by-sample basis. However this method would inevitably raise the amount of computation,
In [HuH98], a compromise between the sample-wise adaptation and computational efficacy is
made by keeping filter taps intact within a moderate interval and to smooth the transition of filter
taps between adjacent intervals. A coarse estimate of the pitch period is performed for every
frame using the autocorrelation method. A comb filter using the estimated pitch period, defined as

P, 1s constituted as the following form:

e+ T

H(z)= where o and f are the filter taps.
1+|a|+|f]

The minimuom sum-squared-error between the ensemble of the underlying subframe and those
which are one period away from the current one is chosen as the criterion to determine the filter

taps.
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2.3 Summary

Table 2.2 Comparison between different methods

Wiener MMSE KLT HMM Kalman
Straight-forward, Obtain MMSE
Advantage easy to or LMMSE
implement estimate
Large model
Musical noise Rely on the Poor at low Some time
Disadvantage size, large
estimation SNR consuming
comput. load
Speech
Characteristic No No Yes Yes Yes
Included
Masking
Properties of
Human
No No No No No
Auditory
Systems
Included
Estimation of
Noise Statistics Yes Yes Yes Yes Yes
or SNR used
VAD Yes Yes Yes No No

Table 2.2 gives a comparison between some of the different methods mentioned in this chapter.

From the table, it can be observed that very few of the recently published methods have included
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perceptual models. Most of the methods required a VAD (Voice Activity Detector) and did not
include some of the advantages of the Kalman based methods, i.e. no need to estimate the SNR,
and no musical noise. In addition, the Kalman filtering algorithm can produce a MMSE or
LMMSE estimate of the speech signal, so it can be a good candidate for the speech enhancement
application. In the single microphone system, no @ priori knowledge of the speech and noise can
be obtained, so a method that can exploit most of the available resources is needed. Most methods
only use the speech and noise statistics. However, since the speech quality is a kind of subjective
issue, it depends much on the hearing properties of human auditory systems. Very few methods
have used this property. This thesis studies the applicability of the masking properties to Kaiman
filtering algorithms for speech enhancement. A truly perceptually constrained Kalman filter is
derived in Chapter 3. Both time domain and frequency domain masking properties are used. To
reduce the computation cost, a heuristic method which combines the Kalman filter with a
perceptual post-filter is proposed and tested in Chapter 4. The perceptual post-filter is constructed
based on either frequency domain masking properties or both time domain and frequency domain
masking properties of auditory systems. To further reduce the computational cost, a wavelet
domain Kalman filter and post-filter is proposed in Chapter 5. By this method, the calculation of
the Kalman filtering algorithm and the masking thresholds are performed in the same domain, i.e.,
wavelet domain, thus the switching between the calculation of masking thresholds in frequency
domain and the time domain Kalman filtering is avoided. The methods in Chapter 3, 4 and 5 and
many other published methods [Vir99, Mit00, Pop98] only consider a linear speech model.
However, the speech production process is nonlinear, and a nonlinear speech model is a more
accurate representation. To test the effect of a nonlinear speech model on the speech enhancement
algorithms, a dual unscented Kalman filter (UKF) is studied in Chapter 6. A truly perceptually

constrained dual UKF algorithm and the heuristic alternative are both discussed and tested.
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2.4 Performance Index of the Speech Enhancement Algorithms

To evaluate the speech enhancement algorithuns, this thesis uses the Perceptual Evaluation of
Speech Quality (PESQ) [Rix01, ITUTO1], an ITU-T recommendation P.862, as the performance
index. As a recently published standard (published in 2001), PESQ was only used very recently
by researchers as the performance index for speech quality measurement [Che04, Coh04]. PESQ
is an objective speech quality assessment model. As an enhanced version of the perceptual speech
quality measure (PSQM), it was developed for use across a wider range of network conditions,
including analogue connections, codecs, packet loss and variable delay. Background noise and
processing noise can be assessed by presenting PESQ with the clean, unprocessed original and
the degraded signal. PESQ uses a sensory model to compare the original, unprocessed signal with
the degraded signal. The resulting quality score is analogous to the subjective "Mean Opinion

Score”" (MOS).

The structure of the PESQ model is shown in Fig. 2.12. The model begins by level aligning both
signals to a standard listening level. They are filtered (using an FFT) with an input filter to model
a standard telephone handset. The signals are aligned in time and then processed through an
auditory transform similar to that of PSQM [Bee94]. The transformation also involves equalizing
for linear filtering in the system and for gain variation. Two distortion parameters are extracted
from the disturbance (the difference between the transforms of the signals), and are aggregated in
frequency and time and mapped to a prediction of subjective mean opinion score (MOS). A linear

combination of disturbance parameters was used as a predictor of subjective MOS. A combination

of only two parameters, one symmetric disturbance (d,, ) and one asymmetric disturbance

(d,yn)» gave a good balance between accuracy of prediction and ability to generalize. The

following equation gives the output mapping used in PESQ:
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PESQMOS =4.5-0.1d ,, ~0.0309d,,,, (2.64)

For normal subjective test material the values lie between 1.0 (bad) and 4.5 (no distortion). In

extremely high distortion the PESQMOS may fall below 1.0.
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Fig. 2.12 The structure of PESQ model from [ITUT01]



Chapter 3 Frequency and Time
Domain  Auditory Masking Threshold
Constrained Kalman Filters

3.1 Introduction

This chapter derives true masking threshold constrained Kalman filters where the masking
threshold is computed from both time-domain and frequency-domain masking properties of
human auditory systems. In the Kalman filtering algorithm, the estimate error covariance matrix
is updated at each step. The goal of a standard Kalman algorithm is to minimize the estimate error
variance. However, when the masking properties of a human auditory system are taken into
account, the problem becomes to minimize the estimate error variance under the constraint that
the energy of the estimate error should be smaller than the masking threshold. The derived
constrained Kalman filtering algorithms are then applied to speech enhancement. The simulation
results show that the proposed algorithms produce better ITU-T P.862 PESQ scores than the
algorithms in [Gab01, Vir99].

3.2 Summary of Derivation of a Standard Kalman Filtering

Algorithm for Speech Enhancement

3.2.1 Kalman Filtering for Speech Degraded by White Noise

In [Bro92] the derivation of a standard Kalman filter was proposed. The summary of the
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derivation particular to applying the Kalman filter to speech enhancement for the white noise case

was presented in section 2.2.4, and it is reproduced below with more details.

The clean speech signal s(r) is modeled as a p-th order AR process as follows:
?
s(n):Za,-s(n—i)+u(n) (3.1)
i=1

The measured speech signal y(n) is
y(#) = s(n) +v(n) (3.2)
where o, is the i-th AR coefficient, u(n) is the model noise process and v(n) is the background

noise. u(n) and wW(n) are uncorrelated Gaussian white noise processes with means # and ¥ and

: 2 2
variances o, and o).

The state space model, written as follows, can then be obtained.

x(#) = Fx(n~1) + Gu(n) (3.3)
y(n) = Hx(n) + v(n) (3.4
where

x(n)=[s(n—p+1)---s(m)] 3.5
0 1 0 - 0
0 0 1 - 0

F=t 1 1 (3.6)
0 0 0 1

H=G"=[0 0 -~ 0 1] (3.7)

where p is the order of the AR process, Fisa pxp transition matrix, G and H are respectively

the px1 input vector and the 1xp observation row vector.

The Kalman filtering algorithm for speech enhancement is as follows [Gab01]:
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e(n) = y(n)~HX(n|n~1)~v (3.8)

K(n) =P(n|n-DHT x(HP(n |n-DH" +062)™ (3.9)

K(n|n)=Rk(n|n-1)+K(n)e(n) (3.10)
P(n|n) =(1-K(n)H)P(n|n-1) (3.11)
R(n+1|n) =FR(n|n)+Gi (3.12)
P(n+1|n)=FP(n|n)F’ +GG'o? (3.13)

The derivation of the above equations (3.8) to (3.13) is shown below.

From the goal of the standard Kalman filter, an unbiased minimum variance estimate of the state

x(n) is formed as
K| =K mxn-1|n-1)+Kn)yn)+Cn) (3.14)

where C(n) is a scalar at time ». Note that this estimator is both linear in X(n~1|rn-1) and y(n).

From the unbiased criteria, an expression for K'(r) can be obtained. Since %(n|») is unbiased,

E[%(n| n)—~x(n)]=0. From equations (3.3), (3.4) and (3.14), using substitutions, the terms in the
brackets of E[x(n|n)—x(n)]=0 becomes
K01 m) —x(n) =K (m)&(n =1 n~1) + K(n) (1) - x(n) + C(n)
=K (m)&(n ~1|n-1)+ K@)[Hx(x) + v(n)]-x(n)
~K ()x(n-1)+K (mx(n~1)+C(n)
=K ()& —1|n-1)—x(n - D]+ K@) {H[Fx(n — 1) + Gu(m)]+ v(n)} (3.19)
~[Fx(n = 1)+ Gu(m)]+ K (m)x(n ~1)+ C(n)
=K (n)[&(01~1|n~1)—x(n = D]+ [KmHF - F+ K (mx(n-1)
+[K(HG - Glu(n) + K(n)v(n) +C(n)

Take the expectation of equation (3.15) and make it equal to zero. A solution is found by forcing:

[K(n)HF —F + K (m)]E[x(n-1)]=0 (3.16)
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[K(MHG -G +K(n)v + C(n) =0 (3.17)
Equation (3.16) implies that

K(mMHF-F+K' (m =0 (3.18)
Thus

K (1) = I ~K#n)HF (3.19)
From equation (3.17), the following can be obtained:

Cn) =[G ~-KmHG ~K(n)v (3.20)
Substitute equation (3.19) and (3.20) into equation (3.14) and use equation (3.8) and (3.12), then

equation (3.10) can be obtained, which is the state update equation.

What remains is to find the value of K(n) which minimizes the variance of the estimate error.

The estimation error process is defined as
X(n|n)=X(n|n)-x(n) 3.21)
P(n|n) is the covariance matrix of X(z|n). K(n) is called a Kalman gain which minimizes the

trace of P(n|n).

From the definition,
P(n|n) = E[X(n|mXT (n|n)] (3.22)
To find K(n), the expression of the prediction error covariance matrix, P(n|n-1), is first found.

The predicted state vector is defined by equation (3.12), thus the prediction error is as follows:

X(n|n-D=xX(n|n-D)~x(n)=Fx(n-1|n-1)~Fx(n—-1) + Gt ~Gu(n) 7 (3.23)

By expanding E[X(n|n~1D3T (n|n-1)], the following equation is obtained:
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P(n|n-1)=ERn | n~DX" (n|n-1)}
=FE{[&, (11| n-1) = x(n=D)&(n 1| n=1) - x(n=D]" F7 +GE{[u(m)~i]}G~  (3.24)
=FP(n-1|n-DF" +GG o}

Thus equation (3.13) is obtained.

Secondly, the expression of P(n|n) is to be derived.

From equation (3.8) and (3.10), the following equation can be obtained:

X(n|n)=%(n|n-D)+K®)[y(n)-Hx(n|n-1)~7] (3.25)
=[I-K@HX(n|n-1)+K(n)y(n)~Kn)yw ’

Substitute equation (3.25) in equation (3.21), then

X(nln)={1-K@®MH( |In-1)+K#)yHr)-Kn)w ~x(n)
=[1-K(n)H]X(# | n-1)+K@)[Hx(#) + v(n)]—x(n) - K(n)¥
=X(n |n~1)~K@Hx(n|n~1)+K@)Hx(n) +K@n)w(n) - x(n) - Kn)v

=[X(n|n-1)—x(n)]~K@)H[X(r |7 ~1) - x(n)]+ K(n)v(n) - K(n)v (3.26)
=[1-K@H][Xx(# | n~D)~x(n)]+ Kn)wvn) - Kn)vy
=[1-K(mHX(n |n-1)+Kn)v(n)-Knyw
So the covariance matrix P(z|n) can be obtained as follows:
. o7
P(n|n) = E[X(n|m)X" (n|n)] (3.27)

=[1-KmHIPx [ n-DI-KmH] +KoKT (no?

Note that P(n|n) isa function of K(n), P(n|{n-1) and o2.
The final step is to find an expression for K(») which minimizes the trace of P(n|n). For

simplicity, we use P and K to represent P(r|n~1) and K(n).

P(n|n)=(1-KH)P(I -KH)" +KK'o?

(3.28)
=P-KHP-PH'K” + KHPH K’ +KK' o}

TrP(n | n) = TrP = 2TrKHP + TrK(HPH)K” + TrKK o7 (3.29)

where Tr represents the calculation of the trace of a matrix. K must minimize the value of

TrP(n | n) . Taking the partial derivative with respect to K,
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9T...r%gg ) - 2pH” - 2KHPHT +2Ko? (3.30)

Setting the right side of equation (3.30) equal to zero and solving for K gives
K = PH (HPH' +¢7)" (3.31)

which is the Kalman gain,
Thus the Kalman gain for a standard Kalman filtering algorithm is derived.

Substituting equation (3.31) in equation (3.28), equation (3.11) is obtained.

3.2.2 Kalman Filtering for Speech Degraded with Colored Noise

In a colored noise environment, a vector Kalman filter is used [Chu99]. The clean speech signal
s(n) and the n-th sample of the noisy speech signal y(n) are represented by (3.1) and (3.2),
however the measurement noise v(n) is a colored measurement noise process with covariance

matrix R. Using a vector Kalman filter, the state-space model is expressed as

x(n) = Fx(n~1)+ Gu(n) (3.32)
y(n)=Hx(n)+v(n) (3.33)
where
1 0

0 0 1 .
F=| : : T (3.34)

0 0 0 1

a, da,; da,, a,
x(n) :[s(n«p+1)ms(n)]T (3.35)
y(n) =[y(n—~p+1)~-y(n)]T (3.36)



V() =[v(n—p+1)-vm] (3.37)
G=[00-1 (3.38)

H equals a p-th order identity matrix.

The Kalman filtering algorithm for the speech enhancement in colored noise is as follows:

e(n) =y(n)—%(n|n-1)-¥ (3.39)
K(n) =P(n|n-D)x(P(n|n-1)+R)™ (3.40)
K(n|n) =% |n-1)+K(n)yxe(n) ’ (3.41)
P(n|n) = (1= K(m)xP(n | n—1) (3.42)
&(n+1]n)=Fi(n|n) (3.43)
P(n+1|n)=FP(n|n)F’ +GG o (3.49)

where e(n)is the Innovation vector; v 1s the mean of w(n) ; R is the covariance of v(r), K(n)
is the Kalman gain; x(n!n) represents the filtered estimate of state vector x(n); %(n|n-1) isthe

minimum mean-square estimate of the state vector x(n) given the past observations (1), ...,

y(n-1); P(n|n) is the filtered state error covariance matrix; and P(n|n-1) is the predicted state

erTor covarlance matrix.

To find an expression for K(n) for colored noise process, the error covariance matrix P(n|n) is

first derived as a function of K(n), P(n|n-1) and R.
P(n|n) =0 -KHPJ-KH) +KRK" =P-KHP - PH'K” + KHPH'K” + KRK” (3.45)
The expression for K(n) can be obtained by minimizing the trace of P(n|n) if only the

variance of the error is to be minimized. As in the previous section, P and K are used to represent

P(nin-1) and K(n).

TP | ) = TrP - 2TrKHP + TeK(HPHOK T + TrKRK” (3.46)



where Tr represents the calculation of the trace of a matrix. K must minimize the value of
TrP(n | n) . Taking the partial derivative with respect to K,

§_T_‘Lg.%‘.’2 =-2PH” +2KHPH” +2KR (3.47)

Setting equation (3.30) equal to zero and solving for K gives
K =PH" (HPH' +R)"' (3.48)

which is the Kalman gain.

Thus the Kalman gain for a standard Kalman filtering algorithm with colored background noise is

derived.

3.3 Summary of Estimation of the Model and Measurement

Noise Process

When the measurement noise process is assumed to be a white noise, the state space model for
speech enhancement is a scalar state-space model as shown in (3.3) and (3.4). However, if the
noise is assumed to be colored, the state space model is changed to be a vector state-space model
as (3.32) and (3.33) show. For these two models, the estimation of the model and measurement
noise process is different. In [Gab01], the author derived a recurrent estimation method to obtain
the statistics of the model and measurement noise process when the measurement is assumed to
be white. The method is based on the work of [Mye76]. We summarize the method in this section,
and we also adapt the method for the case of colored measurement noise. The noise statistics
computation is based on a covariance matching method. The measurement noise covariance
matrix is found by using the theoretical and estimated covariance of the innovation process, while
the model noise variance is found by using the theoretical and estimated variance of the residual

process.
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3.3.1 Estimation of the Measurement Additive Noise Statistics

Assume that the measurement noise v(n) is white noise process and the mean and variance of
the measurement noise w(n) is constant over N samples, v(n), v(n—1),--, v(n—N+1). From
equation (3.4), the samples of the additive noise are written as

v(n) = y(n) - Hx(n) (3.49)
Since the true state vector x(n) is unknown, only the approximation of x(n) can be used
[Mye76]:

a(n)=yn)-Hx(n|n-1)=HX(#n|n-1)+v(n) (3.50)
The samples a(n) are assumed to be representative of v(n) and can be considered independent

and  identically  distributed [Mye76]. Based on the last N  measurements
a(n), a(n~1),---,a(n~N+1), the mean value @(n) and the variance o(n) are estimated. An

unbiased estimator for #(n) is taken as the sample mean
" 1 N-1
&'(n):—ﬁga(n—i) (3.51)

and an unbiased estimator for o (n) is obtained by
2 1 “ b 2
62 ()= ——" lotn-i) - ()] (3.52)
N-~-1 =0

The estimation of the additive noise mean is

F(n)= () (3.53)
The expected value of &7(n) is
1 N-]
Elg2(m}= = S HP(n-i|n—i-DH +0? (3.54)
i=0
Matching (3.52) and (3.54), an unbiased estimator of & 1is represented by

1

6=t
N-1

{Z ltn-n-Gf - rpn-i| n~i-l)H’} (3:55)

=0

wn
EiN



If the measurement noise is a colored noise process, the estimation is derived under the
assumption that the colored noise is wide sense stationary. From (3.33), the colored noise vector
is represented by:

v(n)=y(n)-x(n) (3.56)
The true state vector x(n) is unknown, so v(n) cannot be determined. To estimate the mean vector
Vv, the approximation of X(n) is used:

a(n)y=y(m)-x(n|n-1) (3.57)
Based on the last N measurements a(n), a(n—1),--,@(n—N+1), the mean vector @ is

estimated by taking the sample mean as:
. 1 4=
w(n)=—> a(n-i (3.58)
N i=0

The estimation of the mean vector of the measurement noise v(n) is as follows:
v(n) = a(n) (3.59)

To estimate the covariance matrix, R, the innovation process e(n) can approximate the noise

process as (3.39) shows. From (3.33) and (3.39), e(n) can be written as:
e(n)=Hx(n)-X(n|n-D+v(n)=X(n|n-1)+v(n) (3.60)

where X(n|n-1) is the a priori error vector, H is the identity matrix for the colored noise case,

and its covariance matrix is P(n|n-1).

The covariance matrix of e(n) is represented by:
C.(m)=Pnin-)+R (3.61)
where v(n) and X(n|n-1) are assumed uncorrelated and R is the covariance matrix of the

measured colored noise.

The current unbiased estimate of C,(n) is computed as follows:



¢ ()= n-l ¢ An=D+ ! [e(m)—2(r)]-[e(n)—E(n)]” (3.62)
n n
where &(r) is the mean value of the innovation process calculated from all past values of e(n),

e(n-1), ..., e(1). ég(n) is actually the mean value of C,_(n),---,C,(1). From (3.61), the mean
value of C,(n) can also be computed by the following equation:
Eg(;z)=%ip(i|i—1)+§ (3.63)
Py
where R is the mean of R (or the unbiased estimate of R). Matching (3.62) and (3.63), the
unbiased estimate of R is represented as:

R=C,00-— 3 P(|i-1) (3.64)
nn

3.3.2 Estimation of Model Noise Process Statistics

Assume that the mean and variance of the model noise u(n) are constant over N samples,
u(n), u(n-1),---,u(n~ N +1) . Using the state propagation equation (3.3), the samples of the model
noise or driving process are given by the following equation:

u(n) = H[x(n) - Fx(n~1)] (3.65)
The true state vectors x(n) and x(n-1) are unknown, so u(n) cannot be determined, but the

approximation,
L) =H[x(n|n)~x(n|n-1)] (3.66),
can be used [Mye76]. The samples S(n) are assumed to be representative of u(n) and can be

considered independent and identically distributed [Mye76]. Based on the last N measurements
themean A(n) and the variance o‘j () are estimated [Lea81]. An unbiased estimator for 5 (n)

is taken as the sample mean

Z}"(n)=~]-1v-}jﬂ(n-i) (3.67)
i=0
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and an unbiased estimator for o} (n) is obtained by

1 N~-1

A T2
) [,B(n—i)~ ﬂ(n)} (3.68)

The estimation of the driving process mean is

i(n)=B(n) (3.69)

The expected value of o3 (n) is

1 N-1

Eloj o)=Y Ellse-F B (3.70)

i=0

Then expand E{[ﬂ(n~i)]2} in terms of ¢?. A(n) can be written in terms of the filtered

state-error vectors as follows:

B(n) = ~HX(n | n)+ HFX(n~1| n~1)+u(n) ~it (3.71)
Rearrange the above equation, we can obtain

B(n)+HZ(n|n) = HFX(n—1| n—1) +u(n)—i (3.72)
The variance of the equation is

E{[Bn)+ BR(n| ) )= B2 (n) = HFP(n 1| n-1)F " +0? (.73)

where the mean value of X(n|n) is assumed to be zero.

Now expréss E{[ﬁ(n)+}li(n ] n)]z} in terms of E{[ﬂ(n)]Q} and of other computed terms in the
Kalman filter
E{B(n)+ HZ(n | ] = E{BOOP e 2E{B0n% (| mB " J+ 1P (2| B (3.74)
The filtered state-error vector can be rewritten as

X(n|n) =[1-KmHRK(n| n-1)~ Kmb(n)-7] (3.75)
and the second item in (3.74) is |

E{,B(n)xT (n|mHAT }: ~HP(n|mH" + HP(1 | n-Dx[1-KmH] H” (3.76)



Combining equation (3.73), (3.74) and (3.76), the resulting expression for E{[ﬂ(n)]2 } is

E{[ﬂ(n)]2}= HFP(n1-1|n—DF HY +HP(n|n)H” = 2HP(n | n-DI-K@H] H” +

- 3.77
o, +f%(n) G77

Using equation (3.68), (3.70) and (3.77), an unbiased estimator of ¢?(n) is given by

»

6,f(n)=wL{§;[ﬂ(n —i)— ﬁ(n)}‘~%-l-HFP(n i-1n—i-DF AT
(3.78)
_iV.N_lHP(n iln— z)H’+2~]\.’.A-“,I1HP(n~i|n~i~1)x[I~K(n)H]’HT}

When the measurement noise is a colored noise process, the state-space model is given as in (3.32)
and (3.33). Then the estimation of the model noise process statistics is derived as follows. Assume that

the model noise has a constant mean and variance over N samples of u(n), u(n—1),---,u(n— N +1)
[Gab01]. From (3.32), the model noise process is given by the following equation:

u(n) = G” [x(n) ~ Fx(n~1)] (3.79)
Although x(n) and x(n-1) are unknown, u(rn) can be represented by its approximation B(n) as
follows:

B(n) =G [x(n| m)=x(n| n~1)] (3.80)

An unbiased estimator for B(n) is taken as the sample mean

S 1 N-1 .
By==3 B(n-1) (3.81)
i=0
The estimation of the driving process mean is

S =Bon (3.82)

Then the unbiased estimate of the variance of u(n) is obtained by:

6. = —-—LAZ{[ﬁ(n i)~ ,B(n)] ——E—:}-GTFP(n-i*l]nnhl)FTG
N-lig N (3.83)

“i\%}i P(n—i|n-)G+2 NN ! GTP(n~i\n~i-—1)[IwK(n~—i)GT]TG}
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where ﬁ(n) is the mean of the last N measurements A(n), f(n-1), -, B(n—-N+1). In the

simulation, & is chosen to equal 80 samples.

3.4 Masking Threshold Constrained Kalman Filtering

Algorithms

The computation of the masking threshold based on both time domain forward masking effects
and frequency domain simultaneous masking properties was introduced in Chapter 2. The final

obtained total masking level of the i critical band (i=1,2,---,18) at time  is rewritten below:
M, () = max{M (i), M, ()" - exp """y (3.84)

where M, (i) and M,(})" are the total masking levels of the current frame and the previous

frame, respectively; M (i) is the masking level computed from the simultaneous frequency
domain masking model [Vir99], A: is the time difference between two frames, (i) is the
maximum decay time constant in each critical band ; and Q'is the total loudness level computed

as in [Hua02].

Taking the masking threshold of human auditory systems into account, a new Kalman gain can be
obtained by moditying the standard Kalman filter to become a perceptually constrained Kalman
filter. The new Kalman gain makes the estimate error variance minimum under the constraint that
the estimate error energy is smaller than the masking threshold. We derive the constrained

Kalman filter as following.

The estimate error covariance matrix P(n|n) can be written as
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P(n|my=| BT (3.85)

where p is the order of the AR model of the speech signal.

Then the variance of the estimate error can be computed by

r
Aq =3-Zcii (3.86)
i=]
The covariance between the ith and the (i+))th estimate errors 1s calculated as
1 )
Ajszc,.m (j=12,,p=1) (3.87)

where the mean of the estimate error is assumed to be zero. In the above calculation, the estimate

error is assumed to be wide sense stationary. Thus

A‘=A~j (j=l,2,~-,p—1) (3'88)

J
Then a correlation vector of the estimate error is constructed as
A=[A

By s Ay By A Ay, A ] (3.89)

—pals

Thus the power spectrum density of the estimate error can be calculated by the Fourier transform
of the above correlation vector. If a 256-point Fourier transform is used, the frequency

components of the power spectrum density are written as

p~1 __Agi!‘i_m p-1
fu= D Ae W =Ag+2) A, cos(g]g-ﬁm) (m=0,1,---,255, N =256) (3.90)
i=]

== ptl

where f,, =0.

If the masking thresholds of different frequency components are noted as 7(m), to make the

error energy smaller than the masking threshold, we can have the following constraints:

[ ST(m), m=0,1,-.255 (3.91)
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The goal is to find a Kalman gain K(n) which can satisfy the constraints and make the estimate

error variance least.

From the derivation of the standard Kalman filtering algorithm, the following equations can be
obtained:

(1) For white noise cases,

Ay = - [TtP 2 *TrKHP + TIK (HPHT)K 7 + TrKK 02| (3.92)
P

Af p- J|:zyll+] (KHP)zH/—(PH KT)‘H"J +(KHPH KT)”+1+(KKTC7 )lH']'} (3.93)

(2) For colored noise cases,

A, = - [TtP ~ 2 TrKHP + TrK (HPHT KT + TrKRK | (3.94)
P

Aj id+j

[Zym/ (KHP),,,, —~(PH'K"),,, +(KHPH'KT)
p-Jj

+(KRK'),,, J} (3.95)

where Tr is the trace of a matrix, P and K represent P(n|n-1) and K(n) respectively, y,,; is

the element of P which lies on the ith row and the (i+))th column, (KHP),, ;, (PH'K")

L+

(KHPH'K"),,., and (KK'o7),,; or (KRK"),,  are the elements of the corresponding

matrix which are on the ith row and the (i+y)th column respectively. In the colored noise case,

H =1, and in the white noise case, H =[0,---,0,1], a row vector.

Because A,(i=0,---, p~1) are functions of Kalman gain K(n), the following optimization

problem is constructed:
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min A,
subject to (3.96)

-

p~l
0S A, +2) A, cos(-%]\-f’f-i-m) <T(m), m=0,1,---,128

i=]
|A] 2|Aj|
Ay >0

The constraints are established from the masking threshold and the characteristics of power
spectrum density and correlation vectors. Now that the Kalman gain is calculated by solving the
nonlinear optimization problem (3.96), it cannot be the same as the one expressed in equation (3.9)
(white noise cases) or (3.40) (colored noise cases). Thus instead of using equation (3.11) (white
noise cases) or (3.42) (colored noise cases), equation (3.28) (white noise cases) or (3.45) (colored

noise cases) must be used as the update equation of the estimate error covariance matrix P(x|rn).

Thus the constrained Kalman filtering algorithm is shown as follows:

(1) For white noise cases:
P(~1|~1) = Var(x_,)
P(n|n-1)=FP(n-1|n-DF +GG o}
K(n): obtained by solving equation (3.96)
P(n |n) =[1-KMHIPH | n-D[1-K@H]" + K(n)K' (n)o?
(1= =E(x)
x(n|n~1)=Fx(n|n)+ G
e(ny=y(n)~Hx(n|n~1)~7v
X(n|n)=x(n|n-1)+K(n)e(n)

(3.97)

where x_, is the initial value of the state vector. In our simulation, it is assumed to be a zero

vector.
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(2) For colored noise cases:
P(~-1|-1) =Var(x ;)
P(n|n-1)=FP(n~1|n-DF +GG' o}
K(n): obtained by solving equation (3.96)
P | n) = [1- K(m)H]P(n | n - D1 - K(m)H] + K(n)RK" (n)
X(~1|~1) = E(x )
X(n|n=1)=Fx(n|n)
e(n)=yn)-HX(n|n-1)~V
X(n|n)=x(n|n-1)+K(n)e(n)

(3.98)

where H=1.

Thus the estimate signal is a constrained MMSE estimate of the clean signal.

3.5 Simulation Results

To compare the performance of the proposed algorithms with previously published algorithms, 6
different speech sentences of 5 seconds each spoken by 3 females and 3 males were used in our
simulations. The sampling rate was 8 kHz. The noise signals used were white noise, car noise,
babble noise, street noise and a simulated colored noise. The speech signals and the white, car,
babble and street noise signals were taken from the ITU-T Supplement P.23 Speech Database.
The simulated colored noise was obtained by running a white noise record through a

multi-bandpass filter. The response of the filter is represented by:

2(n) = ~0.08512(n ~1) + 0.191262(n — 2) + 0.04582(1 ~ 3) + 0.0229z(n — 4)

+0.10972(n - 5)+0.15532(n - 6) — 0.1322(n ~ 7) ~ 0.762(n - 8) + w(n) (3.99)

where w(n) is the white noise with zero mean and variance one.
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Fig. 3.1 Frequency response of the filter in (3.99)

Figure 3.1 shows the frequency response of the filter, The car noise was similar to pink noise and
the street noise was more like a non-stationary pink noise. From common definition, the power
density of pink noise decreases 3dB per octave with increasing frequency (density proportional to

1/f) over a finite frequency range. Each octave contains the same amount of power.

The input signals were normalized so that the amplitude is in the interval [-1, 1]. As mentioned earlier
the frame size was 80 samples, i.e. 10 ms frames. The AR prediction order p was set to be 10 where it
can provide an accurate enough representation with a limited cost of computation, and the AR
coefficients vwere updated every frame by using the Levinson-Durbin algorithm. The data length used
to compute the AR parameters (i.e. to compute correlation values) was 160 samples, which includes
the current noisy frame and one previous enhanced frame. This frame length was chosen empirically,
where it was not too long to represent the non-stationarity of speech signal or too short to represent the
short-time stationarity of speech signal. Table 3.1 shows the results of average PESQ scores obtained
by different methods for white noise and Table 3.2 shows average PESQ scores for colored noise. The

detailed PESQ scores obtained by different methods for different types of noise are shown in
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Appendix A with Table A.1 and Table A.2. The method proposed in this chapter was named as
Constrained Kalman Filter with Simultaneous and Forward Masking (CKFSFM). In the simulation,
the iteration number used for the KLT [Mit00] was fixed to 10 for simplicity. We used Matlab to run
the simulation and the CPU was an Intel® Pentium® 4 2.0 GHz. To process a whole 5-second sentence,
the average consumed time was 20 minutes for the CKFSFM, 1 minute for the method in [Vir99], 40
sec. for the conventional spectral subtraction method, 4 minutes for the method in [Gab01], 7 minutes

for the method in [Pop98] and 6 minutes for the method in [Mit00].

In Appendix A, Fig A.1 shows the average PESQ scores obtained for white noise signals by
different methods and different speakers (females and males). Fig. A.2 shows the average PESQ
scores obtained for different colored noise signals by different methods and different speakers

(females and males).

3.6 Conclusions

Since the Kalman gain makes the error variance minimum and the error energy smaller than the
masking threshold, PESQ scores are improved with the proposed method compared to other
methods [Gab01, Vir99, Pop98, Mit00]. From the simulation results, it can be observed that
speech signals degraded by white noise or colored noise can be enhanced by the proposed method.
However the algorithm requires a large amount of computations not only because the matrix
inverse 1s calculated at each time step, but also a nonlinear optimization problem has to be solved
in each step. A fast algorithm can be studied in the future for real time application. In addition,
' whether the solution of the nonlinear optimal problem always exists or not is not proved. In the
simulations, at most time steps, a solution could be found. However, there are a few cases where a

feasible solution could not be obtained. Further studies about the existence of the solution and the
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algorithm for solving a nonlinear optimization problem could be made. The algorithms proposed
in this chapter (CKFSFM) provided a theoretical solution of combining the masking threshold
with a Kalman filter for speech enhancement, and have shown the great potential of this .

approach.

Table 3.1 Average PESQ Scores Obtained by Different Methods for White Noise

Input SNR | Noisy Spectral | Vir99 | Gab01 | CKFSFM
(dB) Speech | Sub.
-5 1.17 0.66 1.27 |0.70 1.66
1.40 1.02 1.54 | 1.07 1.96
1.64 1.44 1.81 | 1.47 2.24
10 1.94 1.76 2.16 | 1.80 2.52
15 2.27 1.97 249 |2.00 2.79

Table 3.2 Average PESQ Scores Obtained by Different Methods for Colored Noise

Input SNR | Noisy | Spectral | Vir99 | Pop98 | Mit00 | CKFSFM
(dB) Speech | Sub.
-5 1.25 0.79 1.36 | 0.83 0.83 .71
0 1.56 1.15 1.68 | 1.20 1.20 1.97
1.84 1.53 1.98 | 1.57 1.57 2.25
10 2.15 1.81 227 | 1.85 1.85 2.49
15 2.47 2.02 2.57 206 |206 2.75
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Chapter 4 Kalman Filter Heuristically
Combined with Frequency and Time Domain
Masking Properties

4.1 Introduction

The computational cost of the algorithms proposed in Chapter 3 (CKFSFM) was large. The
computation complexity for one recursion of the Kalman iteration is O(6p) [Gor97], where p is

the LPC order of the speech model (colored noise case is considered here). The complexity of the
nonlinear optimization problem is exponential to the problem size. So the truly perceptually
constrained Kalman filter has a very huge computation cost. To overcome the problem of the
large computational load, this chapter proposes heuristic methods combining Kalman filters with
frequency and time domain masking properties for speech enhancement in white and colored
noise. The heuristic methods can only achieve a sub-optimal result compared with CKFSFM, but
the performance is still quite accepfable. We propose first a method that only uses the frequency
domain masking property and addresses the problem of white noise. A second heuristic approach
using a post-filter which exploits both forward masking properties and simultaneous masking
properties is then proposed. For this second approach, both the white noise case and the colored

noise case are considered.
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4.2 Kalman Filter Using Frequency Domain Masking

Properties

In this section, an approach for single channel speech enbancement based on the Kalman filter and
masking properties of the human auditory system is introduced [MaNO03], which is named as KFSM
(Kalman Filter with Simultaneous Masking). A standard time-varying Kalman filtering method is
extended by combining the calculation of noise masking thresholds during the process of parameter
updating. Simulation results of the traditional spectral subtraction method, an extended spectral
subtraction with masking properties, a standard Kalman filtering based method, and the new proposed
approach are computed and compared. In the simulations, the speech signals are degraded by white
noise The proposed approach has no delay and better Perceptual Evaluation of Speech Quality scores
(PESQ, ITU-T P.862), with no Voice Activity Detection (VAD) required. The PESQ score
improvement obtained by the proposed method is about 0.3 compared with the original noisy signal.

Fig. 4.1 shows the block diagram of the system.

Noisy Estimate AR Construct Kalman
Speechi ™| Coefficients |—p| State-Space > .
Model Filter

f f

Filtered
One Frame Speech
Buffer
) 4
Enhanced T Estimgte
speech Thresholding |g—{ Masking
Threshold

Fig. 4.1 Diagram of Kalman filter with a frequency domain only masking threshold

In Section 2.2.4, the state space model of a Kalman filter for speech enhancement was described. In

68



this chapter, the same state space model is used. Reference [Gab0l] describes the procedure for
updating the state-vector. This paper combines this Kalman filter with the masking properties of

human auditory systems as follows:

e(n)= y(n)—Hi(n|n 1)~ ¥ @.1)
K(n)=P(n|n-DHT x(HP(n |n-DHT +¢2)) 4.2)
%(n|n) = k(n| n~1) + K(n)e(n) (4.3)
%(n|n) = masking(k(r | n)) 44
P(n|n) =1 ~-K(mH)P(n|n-1) (4.5)
%(n+1|n)=FX(n|n) + Gii (4.6)
P(n+1{n) =FP(n|n)F" +GG 5} 4.7

with:

e(n) innovation sequence;

K(n) Kalman gain;

x(n|n) filtered estimate of the state vector x(n);

§(n |n) masked filtered estimate of the state vector;

P(n|n)=E[X(n| mx’ (n|n)] filtered state-error correlation matrix, where
X(n|n)=x(n)~%x(n|n) is the filtered state-error vector ;

X(n|rn—1) minimum mean-square estimate of the state vector x(n) given the past observations

¥(1),---, ¥(n) (i.e. predicted state vector);
P(n|n—1)=E[X(n|n-D)X" (n|n~1)] predicted state-error correlation matrix, where

X(n|n=1)=x(n)~x(n|n~-1) isthe predicted state-error vector.
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The difference between the proposed approach and the standard Kalman filter method in [Gab01] is
that the masking properties are applied to X(rn|n), the filtered estimate of the state vector x(n), as

shown in (4.4). This section only considers frequency domain masking, or simultaneous masking: a
weak signal is made inaudible by a stronger signal occurring simultaneously. This property is modeled
via a noise masking threshold, below which all components are inaudible. To have a better PESQ
score, the filtered state-error vector signal should be inaudible, i.e. its spectrum should be below the
masking threshold, This cannot directly be achieved by the method, but by masking some inaudible
noise components in the filtered state estimate, the state estimate becomes closer to the real state of
the clean speech. As a result, the innovation sequence contains more useful new information of the

current clean speech and less model noise, leading to a better tracking of the real state. The procedure

for the masking of X(n|n) is described in detail in Section 4.4.

The estimated speech signal can be retrieved from the state-vector estimator:
§(n)=Hx(n|n) (4.3)
The noise variances 0'3 and 0'3 are estimated using the same approach as in [Gab01]. Both of

these estimations are done at every time step, from previous filtered state-vectors.

The method to estimate the model and measurement noise statistics was described in Chapter 3
and is used in this chapter. The computation of the frequency domain masking threshold of
human auditory system is also the same as introduced in Chapter 2. The spread threshold estimate

T(k) (where k is the number of critical band) is obtained, and mapped back from the Bark scale to
the linear frequency domain. Then a hard decision is used: the FFT components whose energy is

greater than the threshold are retained, otherwise they are set to zero. After the hard thresholding,

the Kalman speech spectrum is modified. To obtain §(n|n), an inverse Discrete Fourier
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Transform (DFT) is then computed for p values where p is the AR model order in the F matrix
(i.e. this is equivalent to computing a full inverse FFT and keeping only the last p values of the

256 time values).

4.2.1 Simulation Results

In this section, the standard Levinson-Durbin equations to estimate the AR coefficients were used,

and the mean and the variance of u(n) and w(n) were estimated with the method from

[GabO1].

Six different speech sentences of 4 seconds spoken by 3 females and 3 males were used in our
simulations. In this section, only white noise is considered. All of the speech files and noise files
were taken from the ITU-T Supplement P.23 speech database. The sampling frequency used was
8000 Hz, and the input signals were normalized so that the amplitude is in the interval [-1, 1]. As
mentioned earlier the frame size was 80 samples, i.e. 10 ms frames. The AR prediction order p
was set to be 10, and the AR coefficients were updated every frame. The data length used to
compute the AR parameters (i.e. to compute correlation values) was 160 samples, which includes
the current noisy frame and one previous enhanced frames. A Hanning window is used in the
calculation of the AR coefficients. The average PESQ scores obtained by different methods are

shown by Table 4.1. The detailed PESQ scores are shown in Appendix B with Table B.1

In Appendix B, Fig. B.1, the curves of the average PESQ scores of different methods computed from
the data in Table B.1 are shown. Fig. B.1 (a) shows the PESQ scores of female speech signals and Fig.
B.1 (b) shows those of male speech signals. As the results show, the proposed approach always
produced the best PESQ scores in the simulations, except when compared to the algorithm previously

introduced in Chapter 3 (which has a significantly higher complexity).
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Table 4.1 Average PESQ scores obtained by different methods with white noise signal

Input Noisy Spectral | Vir99 | Gab01 | CKFSFM | KFSM
SNR (dB) | Speech Sub.

-5 1.17 0.66 1.27 | 0.70 1.66 1.48

0 1.40 1.02 154 | 1.07 1.96 1.77

5 1.64 1.44 1.81 | 1.47 2.24 2.07
10 1.94 1.76 2.16 | 1.80 2.52 2.34
15 2.27 1.97 249 | 2.00 2.79 2.60

4.3 Post-Filters Based on Frequency Domain and Time Domain

Masking Properties
Noisy Estimate AR Construct Kalman
Speec Coefficients |—wl State-Space | .
Model Filter
One Frame Filtered
Buffer Speech
\ 4
Enhanced Estimate
speech Thresholding  |g—| Masking
Threshold

Fig. 4.2 Diagram of the Kalman filter with the perceptual post-filier

The simulation results obtained in the previous section show that the heuristic combination of a

Kalman filter and masking properties is promising and feasible. Since the masking properties

include both frequency domain and time domain, this section proposes two new perceptual

post-filters based on these two domains and runs on a frame by frame basis. Fig. 4.2 shows the



diagram of this method.

As introduced in Chapter 2, if both forward time domain and frequency domain masking
properties are considered, the total masking levels are determined by integrating the frequency
domain simultaneous masking effects and the time domain forward masking effect of the

previous section. The level depends not only on the current frame but also on the previous frames.

The total masking level of the i critical band at time ¢ is the maximum of the current
simultaneous masking level and the total masking level of the previous frame decayed by some

constant:

M, () = max{M (i), M, (i)" - exp™/""0 Oy (4.9

where M,()) and M, (i) are the total masking levels of the current frame and the previous
frame, respectively; M, (i) is the masking level computed from the simultaneous frequency
domain masking model [Joh88], Ar is the time difference between two frames, z(i) is the
maximum decay time constant in each critical band [Jes82]; and @ is the total loudness level (as
computed in Section 2.2.6.1) which is now normalized by the total loudness of a 60dB uniform
masking noise (UMN) [Hua02]. If Q is larger than one, then Q is set to one. So O lies between
zero and one. When Q is zero, there is no forward masking. When Q is one, the total masking

level decays with a maximum time constant.

4.3.1 First Approach to Combine a Kalman Filter with a Perceptual

Post-Filter

Assume that the clean speech signal s(n) is modeled as a p-th order AR process as follows:



s(n) :iais(n“i)ﬁ-u(n), 4.10)
=l

The measured speech signal y(n) is
y(n) = s(n)+v(n) 4.1

where a, is the i-th AR coefficient. If the residual signal u(n) and the measurement noise v(n)

are uncorrelated Gaussian white noise processes with means # and ¥and variances o and
o2, then the state space model was described in Section 2.2.4, by equations (2.28) to (2.32). If &7,

¥, o), o and the transition matrix F in equation (2.28) are known, the standard Kalman filter

can be used as shown by equations (2.33) to (2.38). The Kalman filtered speech signal can be

retrieved from the state-vector estimator:

§(n)y=HX(n|n) (4.12)

In the post-filter, the Kalman filtered speech signals are processed on frame-by-frame basis. After

each noisy speech frame is passed through the Kalman filter, the whole frame of the filtered
signal 8(n)=[§(n— L +1)--- §(n)]is input into the post-filter, where L is the frame length. Both

time domain forward masking effects and frequency domain simultaneous masking properties are

considered in the proposed system. The total masking level is defined in equation (4.9).

The post-filter performs thresholding on the input signal based on the computed total masking

level M (i) . To perform the thresholding, the following procedure is used:
(1) Mapping the total masking level M, (i) in each critical band to frequency domain (FFT bins)

to obtain T'(w,) (i =0,1,---255).

(2) Performing the thresholding on the speech spectrum:
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QO [Stapfxac it ‘S(fi). <T() 4.13)

‘.SA‘(a),-)| xqeH-D/9 otherwise
where i=0,2,---255, c(i) is the critical band number corresponding to the frequency bin i,
and « is the tonality coefficient computed with the simultaneous masking threshold.

(3) Doing an IFFT using

g(w,- )I and the phase of S‘(w,-), keeping the last 80 values of the

size-256 IFFT outputs to obtain the improved frame of speech signal

§(n) =[§(n—"79),5(n-"78),-,5(n)].

The reason to choose Eq. (4.13) as the thresholding procedure instead of a hard threshold is as
follows. Since the filtered signal is only a MMSE estimate of the clean speech signal, the
calculated masking threshold is only an approximation of the real masking threshold. To decrease
the noise effect, the above masking procedure is used, where the characteristics of the speech
frame are taken into account. If the frame is noise-like, most of the frame will be masked. If it is
not noise-like, the masked result will keep most of the energy of the original frame. In addition, in
the new masking procedure the power of the tonality coefficient is increased as the frequency
increases. Thus the high frequency components are masked much more than the low frequency

components. This is because high frequency components are typically more noise-like.

4.3.2 Second Approach to Combine a Kalman Filter with a Perceptual

Post-Filter

This section will present a second approach to combine the Kalman filter with a post-filter. It is
presented for the colored noise case, although it can obviously be simplified to the white noise

case. In a colored noise environment, a vector Kalman filter is used. The state space model and
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the Kalman filtering algorithm for this case is described in Chapter 3. The last element of
xX(n|n), 8(n),is the output of the Kalman filter.
The post-filter performs thresholding on the input signal based on the computed total masking

level M,(i). To perform the thresholding, the following procedure is used:
(1) Mapping the total masking level M, (i) in each critical band to frequency domain (FFT

bins) to obtain T(@,) (j=0,1,--,255).

(2) From the last 256 computed filtered state error covariance matrix,
P(n—~i|n~i)(i=0,--,N~1), estimate the power spectrum density (PSD) of the
filtered state error. At first, obtain an average covariance matrix P from

P(n—i|n—~i)(i=0,---,N 1) as follows:

1 N
P=— SP(n—iln-i (4.14)
N i

If the element of P is represented by 7., (k,/=12,--,p), where p is the LPC order.

Then the variance of the state error, ¢, is estimated by
o
0 =— 5P, (4.15),
P k=l

and the covariance of the state error, ¢, (for j=1.2,---, p~1), is estimated by

1 i
¢; = ;:7 }‘:l Do+ 4.16).

Then compute the FFT of the covariance vector of the filtered state error. The PSD,

p
P.(w,) is estimated by using 256 frequency points, i.e., @, = ;‘?—6— i L, (i=0,--,255).

(3) Then performing the thresholding on the speech spectrum:

|5(wf)|X<a“"“f”T‘“f’+§7\7'k52> if P, (;) < T(e2;)

(o, )‘ - @.17)

1§(wlv)l><(0(><(1+0(R’(”")/TW’))+§I-V—I§2) otherwise

where i=0,1,---255,and « is the tonality coefficient.
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(4) Doing an IFFT using IE (o, )l and the phase of S(w,), keeping the last 80 values of the

size-256 IFFT outputs to obtain the improved frame of speech signal

§(n) ={§(n—79),5(n-78),---,§(n)].

When the post-filter is designed, a tradeoff is made between signal distortion and residual noise.
Thus the estimated signal to noise ratio of each frame and each critical band is used. Both the
masking properties and the characteristics of the speech frame are taken into account in the
thresholding procedure (4.17). Consider the first item in the parentheses in (4.17). The smaller the
o is, i.e., the speech frame is more like a noise, the more the Kalman filtered signal power is
reduced. When the error power density P,(w,) is smaller than the masking threshold T(w,),
most of the power of the Kalman filtered signal can be kept to reduce distortion. The smaller the
P.(®,) is, the more the Kalman filtered signal energy is kept. On the other hand, if P,(w,) is
larger than T(w,), whether to increase the power of the Kalman filtered signal or to reduce it

depends on the value of & and Pl(w) . From 4.17), if P(w)>T(w) and

J5-1
2

a(+a @' T @)y 51 then the following two solutions can be derived, a> and

e

P, (wi)<~T»(ﬁ)i)~!%(-1-/ﬁ:jl. This case represents a speech frame which is like a tone and the
a

estimate error is not too large. To mask the estimate of the error, the power of the Kalman filtered
signal is increased. In other cases, the power of the Kalman filtered signal is reduced. If

J5 -1 and P.()> Tin(l/ o ~1)

> : , the estimate error is too large. If the signal power is
2 no

o>

increased, it may incur large distortion. Thus in this case, the signal power is reduced. Then the

J5 -1
o

larger the P, (w,) is, the more the signal power is reduced. If «< , the speech frame is
assumed to be more like a noise frame, The larger the P,(w,) is, the more the signal power is

reduced. Furthermore, if SNR of a frame is high, i.e., the signal to noise ratio of the frame is

high, the Kalman filtered signals of that frame can be said to have more clean speech signal. Then

77



the signal power is increased more.

The model and measurement noise statistics computation is based on a covariance matching

method and was introduced in Chapter 3.

4.4 Simulation Results and Conclusions

As in Chapter 3, six different speech sentences were used in the simulations. In this chapter, the
noise signals used were white noise, car noise, babble noise, street noise, and a colored noise
generated by running a white noise signal w(n) through a 8th order AR filter as in (3.99). All of
the speech files and noise files were taken from the ITU-T Supplement P.23 speech database. The
sampling frequency used was 8 kHz. The AR coefficients were updated every frame. The data
length used to compute the AR parameters was 160 samples, which includes the current noisy
frame and one previous enhanced frames. Table 4.2 shows the results of average PESQ scores
obtained by different methods for white noise and Table 4.3 shows average PESQ scores for colored
noise. The detailed PESQ scores obtained by the different methods for different types of noise are
shown in Appendix B with Table B.2 and Table B.3. KFSFMW (Kalman Filter with Simultaneous
and Forward Masking for White noise) was used to represent the first approach proposed in
Section 4.3.1 and KFSFMC (Kalman Filter with Simultaneous and Forward Masking for Colored

noise) to represent the method proposed in Section 4.3.2. We used Matlab to run the simulation and

the CPU was an Intel® Pentium® 4 2.0 GHz. To process a whole 5-second sentence, the average
consumed time was approximately 15 minuotes for the KFSM, 10 minutes for the KFSFMC, 9

minutes for the KFSFMW.

In Appendix B, Fig B.2 shows the average PESQ scores obtained for white noise signals by
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different methods and different speakers (females and males). Fig. B.3 shows the average PESQ
scores obtained for different colored noise signals by different methods and different speakers

(females and males).

The algorithms tested in this section are the truly perceptually constrained Kalman filter proposed
in Chapter 3 (CKFSFM), the Kalman filter with perceptual post-filter proposed in this section, the
conventional spectral subtraction method, the modified spectral subtraction method with masking
properties [Vir99], the Kalman filter for colored noise [Pop98], and the KLT approach for colored
noise [Mit00]. The input SNR of the noisy signal is from ~5dB to 15dB. It can be observed that
the proposed truly constrained Kalman filtering method has again produced the highest PESQ
improvement. The average PESQ scores gain obtained by this method is 0.43. The results also
show that the proposed heuristic (the time domain Kalman filter with a masking threshold
post-filter) also produces a good improvement of the noisy signals. The average PESQ scores
gain obtained by the method is 0.37. The performance of the heuristic method is thus fairly close
to that of the truly constrained Kalman filter method. The average PESQ score gain obtained by
the perceptual spectral subtraction method [Vir99] is 0.15, while the average PESQ score gain
produced by the conventional spectral subtraction method is ~0.38. As for the methods in [Pop98]
and [Mit00], the PESQ gain is 0.08 in both cases. In general, the improvement obtained by the
proposed perceptual Kalman filter methods over previously published methods decreased with an
input SNR increase. The proposed Kalman filter with post-filter method was also applied to
codec systems as a preprocessing or a post-processing step. In Appendix B, Table B.4 shows the
average PESQ scores gains obtained by that method when it is used as a preprocessor or a
post-processor. It can be observed that the gains produced for coded speech are similar to those
for the original speech (Table B.3). Table B.5 shows the detailed results obtained by the
perceptual spectral subtraction method [Vir99] and the Kalman filter with a perceptual post-filter,
for different types of noise. It can be observed that the proposed algorithm provides a better
performance for all the noise types considered, that the difference in performance becomes
smaller as the input SNR increases, and that the case of white noise is the case where the
proposed algorithm can produce the largest PESQ gain. Table B.6 then shows the results obtained

under a reverberation environment for the same two algorithms. The environment simulates a

. o . . T
medium auditorium and the reverberation parameters were produced by Cool Edit Pro
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Comparing Table B.4 to Table B.6, it can be observed that the considered speech enhancement
methods perform much better for additive noise than for reverberation conditions, which is
normal considering that the assumption of additive noise is found in the development of those
algorithms. Yet the proposed Kalman filter with perceptual post-filter can slightly outperform the
algorithm in [Vir99] under this reverberation condition. The simulation results thus have shown
that the proposed methods are promising and can be applied to different speech communication

Systems.

Table 4.2 Average PESQ scores obtained by different methods with white noise signal

Input Noisy Spectral | Vir99 | Gab0l | CKFSFM KFSM | KFSFMW
SNR (dB) | Speech | Sub.
-5 1.17 0.66 1.27 10.70 1.66 1.48 1.61
1.40 1.02 154 | 1.07 1.96 1.77 1.93
5 1.64 1.44 1.81 | 147 224 2.07 221
10 1.94 1.76 2.16 | 1.80 2.52 2.34 2.48
15 2.27 1.97 249 | 2.00 2.79 2.60 2.74

Table 4.3 Average PESQ scores obtained by different methods with colored noise signal

Input Noisy | Spectral | Vir99 | Pop98 | Mit00 | CKFSFM | KFSFMC

SNR (dB) | Speech | Sub.

-5 1.25 0.79 1.36 | 0.83 {0.83 1.71 1.66

0 1.56 1.15 1.68 | 120 |1.20 1.97 1.94
1.84 1.53 198 | 157 | 157 2.25 2.20

10 2.15 1.81 227 | 185 1.85 2.49 245

15 2.47 2.02 2.57 1206 |2.06 2.75 2.71
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Chapter § A Wavelet Kalman Filter with
Perceptual Masking for Speech Enhancement

in Colored Noise

5.1 Introduction

In Chapter 4, a Kalman filter approach concatenated with a perceptual post-filter for speech
enhancement was introduced as a simpler and heuristic alternative of the truly constrained
Kalman filter proposed in Chapter 3 (CKFSFM). For real-time application, the computational
cost is an important issue. Since the perceptual post-filter is based on human auditory masking
properties and works in the frequency domain, whereas the Kalman filter is run in the time
domain, the method proposed in Chapter 4 (KFSFMC) requires the ‘switching between the two
domains and thus the computation load is increased. To solve the problem, this chapter presents a
wavelet domain Kalman filter for speech enhancement and maps the perceptual post-filter also
into the wavelet domain. The new algorithm is named as WKFSFM (Wavelet Kalman Filter with
Simultaneous and Forward Masking). Thus both the Kalman filtering procedure and the post-
filter procedure can be done in the same domain. Then the computational load is less than that for
the time domain Kalman filter of Chapter 4 (KFSFMC). The computation complexity for one

recursion of the Kalman iteration is O(6p°), where p is the LPC order of the speech order. The

complexity of the nonlinear optimization problem is exponential to the problem size. So the truly
perceptually constrained Kalman filter of Chapter 3 (CKFSFM) has a high computation cost. For
the perceptual post-filter introduced in Chapter 4 (KFSFMC), the complexity of the computation
cost of the masking threshold is about Q(2N)+ 20(Nlog N) (N is the FFT size). However for the

method proposed in this chapter (WKFSFM), the complexity of the whole method is
O6p, ) +(5/8)*0@8p,)+(1/8)*O(16p,) , where p, is the size of a block data. If we set p=10,

N =256, p, =8, then the computation cost for KFSFMC 1s O(8300) , whereas for the method in
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this chapter (WKFSFM) it is O(3128), i.e., the saving of the computation load is significant. In

the rest of this chapter, Section 5.2 briefly introduces the wavelet Kalman filter for speech
enhancement, Section 5.3 describes the perceptual post-filter, Section 5.4 shows the simulation

results and Section 5.5 presents a brief conclusion.

5.2 Wavelet Kalman Filter for Speech Enhancement

For the problem of enhancing speech degraded by colored noise, a wavelet packet transform is
used to construct the state-space model in the wavelet domain. The wavelet Kalman filter can get

the MMSE or the LMMSE estimate of the speech spectrum in the wavelet domain.
5.2.1 Wavelet Packet Transform and Filter Banks

For a given sequence of signals x(i,»)at time » and for a fixed resolution level i, the lower
resolution signal x; (i~1,4) is obtained by downsampling the output of a halfband lowpass filter
by two, where the impulse response of the filter is h(n):

qi=Ln)= Y h@n-k)xG,k) (5.1)

k:moc
The wavelet coefficients, as a complement of x; (i—1,n), are denoted by xy (1—1,1), and can be
computed by first using a highpass filter with an impulse response g(n) and then by

downsampling the output of the highpass filter by two. This yields:

oo

xy(i-ln)= Zg(?.n—k)x(i, k) (5.2)

s oo

with g(n) = (~1)"h(L~1~n), where L is the length of the filter and must be even. Equations (5.1)

and (5.2) define the discrete wavelet transform. In this chapter, the filter impulse responses form

an orthonormal set. Thus the reconstruction of the original signal x(i,#) is computed by

(i)=Y h2k =g (=LK + Y e(2k = n)xp(i=1,6) (5.3)

oo frz—oo



The discrete wavelet transform can be implemented by an octave-band filter bank [Chu99]. Fig.

5.1 shows the pyramid structure of the discrete wavelet transform.

. 7o ~__2,
e e et e R L T -3
[ {2 F—x,G-3n)
[ ap I rr;} xg(i-2,m)

v xli=1n)

Fig. 5.1 Pyramid structure of the Wavelet Transform

However, the wavelet transform only decomposes the output of the lowpass filter at each
resolution level. From Fig. 2.5, the frequency response of human auditory system has a multi-
resolution property. Also from that figure, we can find that it is difficult to map the frequency
response of the human auditory system to the wavelet transform domain because of the lack of
the mapping in lower frequency by wavelet transform, whereas, by using a wavelet packet
transform the mapping problem can be solved. By using a wavelet packet transform, both the
output of the lowpass filter and the highpass filter can be further processed. A wavelet packet tree
can be used to represent the operation [Chu99]. For this chapter, it is more convenient to describe
the wavelet packet transform in an operator form. For simplicity, the wavelet packet transform is

denoted by a matrix T. An orthogonal wavelet basis is used, so the inverse of matrix T equals its

transpose, i.e., T™' =T'. In the thesis, a full binary wavelet packet decomposition is used.
5.2.2 State-Space Model

The speech signal is processed on a block by block basis, and the length of each (small) block
equals the LPC order p. Since the length of the data to be transformed by wavelet packets usually

has the form 27, for simplicity in the simulations the LPC order p is set to be 8 ( =2°) and the

frame length F is set to be 128 (=27). The signal block index is denoted by N, and the frame

index is denoted by w. A clean speech signal s(n) can be described as:



s(n) = i a;5(n—i)+uln) (5.4)
i=l
where p is the LPC order, u(n) is a zero mean, white Gaussian process with variance 0'3 , and q;
is the i-th AR parameter. The n-th sample of the noisy speech signal y(#) is described as:

y(n) = s(n)+v(n) (5.5)
where v(#) is a colored measurement noise process. The N-th block of data is written as:

Sy =[s(N ~1)- p+1),s(N=1) p+2),--,s(N~1)- p+ p)]’ (5.6),
where notation ’ represents matrix transposition. From (5.5) and (5.6), the relationship of S, and
Sy4 1s as follows:

Sy =FSy +GUyy (5.7
where

Uy =[u((N=1) p+1D,u(N ~1): p+2), ,u(N =1)- p+p)]’

and the transition matrix F is computed by the following steps. First, a matrix F, is written as:

tlp ap__l ap_2 ay
0 ap ap~1 (l;)

F=0 0 a, -~ a (5.8)
0 0 0 ceap

The first row of the matrix F equals the first row of the matrix F,. From the second row to the p-

th row, the elements of the i-th row of matrix F are computed by:

i1
(F); = Z(Fl ik Gk (5.9)
k=0

where ag =1, (F); and (F),_; represent the i-th row of matrix F and the (i-k)-th row of matrix
F,, respectively. The matrix G is computed by applying the same scheme as in (5.9) to an

identity matrix of size pxp.

Based on the above block state space model, the following frame by frame state space model is
obtained. Each frame has 16 blocks in our simulation. The adjacent frames have an overlap of 15
blocks. At the output of the Kalman filter, the overlapped frames are added to obtain a smoothed

version of the results. Let X,. denote the data of frame w
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Xy =[S wet)+ls Siw-1)425 " Stw-1)ap )’ (5.10)

X1 = AX,, + TU it (5.11)
where
F - 0 G - 0
A=l: i T=l ] U =Wyt Ulnetyezs = Uty p 1
0 - F 0 - G

The covariance matrix associated with U is Q . The observation data is represented by
Vi =X, + Vi (5.12)
where
Y =[Y{wnyats Yiw-tyr2o Y-y p) s Vi =[Viwtyels Viwetyezs = Viw-tyep J's
Yy =[NV =1 p+ 1D, 9NV =1 p+2),+, 9(N =1 p+ p)]
and V, =[v((N-1)- p+1),v((N ~1}- p+2), MN-D-p+p)} .

The covariance matrix associated with V,is R,

Equations (5.11) and (5.12) form the state space model in the time domain. To transform it into

the wavelet domain, the wavelet packet transform is applied on both sides of (5.11):

TX ., = TAX, +TI'U i = TATTX , +TTU (5.13).
Let Xy = TX,, which is the wavelet packet transform of the data, A =TAT' and I' =TI, then in
the wavelet domain, the state space model is represented by:

X1 = AXy +TU i1 (5.14)

Y. =TX,+V. (5.15).

The following Kalman filtering algorithm can be used for this model:

e(Vl’) = ‘Y’w ""T'iww——l (5' 16)
K(w) = P(w| w=DxT(T' P(w| w-1)T+R)™ (5.17)
K = Koot + K(w) xe(w) (5.18)
PO | w) = (1= K(w)T)x P(w| w—1) (5.19)
iw-#l\w = éXWIW (520)
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P(w+1|w)= AP(w| w)A+IQI"

where e(w) is the innovation vector, K(w) is the Kalman gain, X, represents the filtered

estimate of state vector X, Xuw-1 is the minimum mean-square estimate of the state vector

X, P(w|w) is the filtered state error covariance matrix, and P(w|w-1) is the a priori error

covariance matrix. The estimation of the covariance matrices Q and R can be derived in the time

domain {Ma04a].

5.3 Post-Filter Based on Masking Properties of Auditory

Systems

Fig. 5.2 shows the diagram of the proposed system.

Noisy Estimate AR Construct Wavelet
Speech Coefficients [~ State-Space » Kalman Filter
Model
A
Filtered
Speech
A 4
Enhanced Estimate
speech <& Thresholding j————| Masking
Threshold

Fig. 5.2 Diagram of the proposed wavelet Kalman filter with perceptual post-filter systern.

To perform the post-filter thresholding, the following procedure is used:

(1) Mapping the total masking level M, in each critical band computed as in [Ma04a] to the
wavelet packet domain, to obtain 7'(w;) (j=0,---127). In the simulation, a full wavelet
packet tree was used to perform the decomposition, and each wavelet packet coefficient

corresponds to a frequency bandwidth, which is analogous to 31.25 Hz in frequency domain

(with a sampling frequency of 8 kHz). This step thus decomposes each critical band masking

level M, into the corresponding wavelet packet bandwidths.
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(2) Estimating the power spectrum density (PSD) of the filtered state error in the wavelet packet

domain, from the last 20 filtered state error covariance matrices T'P(w—i|w—i)T
(i=0,,N~1). To do this, an average covariance matrix P is obtained from
T P(w~—i|w-i)T. Then a covariance vector is constructed from matrix P, by averaging the
elements of P in each of its diagonals. The PSD in wavelet domain P,(@;) is estimated by

extending the covariance vector to the length of 128 data and using a wavelet packet

transform on it. P,(a;) is the absolute value of the transform coefficient. Then a thresholding

1s performed on the input wavelet packet transformed speech spectrum:

‘)?(a)i) (5.22)

l)?(a),-)‘XO(Pg(w"vT(mi) Fo(w) <T(ax)
- otherwise

I)?((u,-)|xax(l+aPe(“"')/T(“’l))

where i=0,1,---127, and e is a tonality coefficient [Ma04a] (0<e <1, 0 is for a purely

white noise signal and 1 is for a purely tonal signal ).

(3) Using l;’ (@ )\ and the sign of X(w;), keeping the last block of data and using the overlap and

add method to obtain a smoothed wavelet spectrum. A frame (with length of 128) of enhanced
wavelet domain data is thus obtained, and doing an inverse wavelet packet transform

produces the improved frame of speech.

When the post-filter is designed, a tradeoff between signal distortion and residual noise is needed.
Both the masking properties and the characteristics of the speech frame are taken into account in
the thresholding procedure (5.22). The smaller the ¢ is, i.e. the speech frame is more like a
white notse, the more the Kalman filtered signal power is reduced. When the error power density

P,(w;) is smaller than the masking threshold T(@;), most of the power of the Kaiman filtered
signal can be kept to reduce distortion. The smaller the P, (w;) is, the more the Kalman filtered
signal energy is kept. On the other hand, if £, (®;) is larger than 7(@;), whether to increase the
power of the Kalman filtered signal or to reduce it depends on the value of o and P, (w;). From

(5.22), if P, (@) > T(w;) and a(+a @@/ 7@)) 51 then the following two solutions can be

J5 -1 and £, (@) < Tln(l/ e ~1)
2 Ina

derived: > . This case represents a speech frame which is more

tone-like and the error estimate may not be too large. To mask the error estimate, the power of the
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Kalman filtered signal is increased. In other cases, the power of the Kalman filtered signal is

reduced. If o>

¥5-1 ﬂllgll—/ﬂ:—p— , the error estimate may be too large. If the
n

5 and P, (@;)>

signal power is increased, it may incur a large distortion. Thus in this case, the signal power is

reduced. The larger the P, (w;) is, the more the signal power is reduced. If & < ‘[5—2“1 , the speech

frame s assumed to be more like a noise frame. The larger the P.(w;) is, the more the signal

power is reduced.

5.4 Simulation Results

Six different speech sentences of 4 seconds each spoken by three females and three males were
used in our simulations. The noise signals used were babble noise and street noise. All of the
speech and noise files were taken from the ITU-T Supplement P.23 speech database. The
sampling frequency used was 8000 Hz, and the input signals were normalized so that the
amplitude is in the interval [-1, 1]. The AR prediction order p was set to be 8§, and the AR
coefficients were updated for every frame. The data length used to compute the AR parameters
(i.e. to compute correlation values) was 256 samples, which includes the current noisy frame and
one previous enhanced frame. DB4 wavelets were used and the decomposition level of the data is
7. In addition, no FFT is done on the input data of the post-filter of the proposed approach. Thus
the computation cost is reduced by the new method. The performance index used was ITU-T
P.862 PESQ scores, in order to have a close match with subjective speech quality scores. High
scores stand for good speech quality. The average PESQ scores are shown in Table 5.1, and the
detailed PESQ scores are shown in Appendix C with Table C.1, obtained by comparing classical
and recently introduced speech enhancement algorithms for colored noise with the proposed

method, under various input signal-to-noise ratios (SNR).
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Table 5.1. Average PESQ scores obtained by different methods

input speech SNR —s S5dB |0 5 10 15

algorithm d dB dB dB dB

original noisy speech 1.25 1.56 | 1.84 |2.15 |247
spectral subtract. (SS) 0.79 1.15 | 1.53 | 1.81 |2.02
perceptual SS [Vir99] 136 | 168 |198 227 257
Kalman filtering [Pop98] | 0.83 | 1.20 | 1.57 | 1.85 [2.06
KLT approach [Mit00] 1 0.83 1.20 | 1.57 |1.85 |2.06
KFSFMC (Section 4.3.2) 1.66 | 194 1220 |245 271
WKFSFM 1.67 193 1221 [246 ]2.70

Compared with the time-domain Kalman filter method proposed in Section 4.3.2 (KFSFMC), the
performance of the wavelet domain method proposed in this chapter (WKFSFM) produces very
similar PESQ scores (but with a lower complexity). Both of these methods produce the best

performance under any input SNR value.

5.5 Conclusions

This chapter proposed a wavelet Kalman filter concatenated with a perceptual post-filter for
speech enhancement. The multi-resolution property of human auditory systems can be mapped
very well to the wavelet packet transform domain. By constructing the state-space model in the
wavelet domain, the output of the wavelet Kalman filtering algorithm is directly used by the post-
filter without any transform, reducing the complexity compared to a pure time domain Kalman
filter approach. The proposed method produced a better PESQ score performance than other
published speech enhancement algorithms for colored noise, with a performance comparable to

the time domain method in Section 4.3.2 (KFSFMC).
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Chapter 6 Dual Constrained
Unscented Kalman Filter for Enhancing
Speech Degraded by Colored Noise

6.1 Nonlinear Speech Model

In the previous chapters, Kalman filtering algorithms including some perceptual hearing factors
were introduced, using an AR model as the speech model. This is a linear prediction mode! for
the vocal tract where the speech formant resonances are identified with the poles of the vocal tract
transfer function. However there is strong theoretical and experimental evidence [MaP02] for the
existence of important nonlinear aerodynamic phenomena during the speech production that

cannot be accounted for by the linear model.

In [Joh03], the authors proposed a nonlinear speech enhancement approach using phase space or
state space reconstruction. As shown in [Ban99), the speech is viewed as a nonlinear dynamical
system. The time series data provide a scalar observation of a system’s underlying dynamics.
Using the method proposed by Takens [Tak81], the time series is embedded into an
m-dimensional vector. The dimensions are time-lagged versions of the original time series
[Joh(3]. Since the clean signal will have a characteristic attractor structure but the additive noise
will be distributed throughout the space, [Joh03] proposed to use a singular value decomposition
(SVD) to project the data to a lower dimension, the final embedding dimension, where the true
dynamics of the system reside. There is a relationship between this method and enhancement

algorithms based on sub-space decomposition, for the special case where the time lag equals 1.
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In [MaP02], the authors summarized a nonlinear speech model using the modulation, fractal and
chaotic structure of speech signals. They proposed to model each speech resonance with an

AM-FM signal as follows:

x(f) = a(t) coslg (1) | = a(r) cos[zzr £ f(r)dril (6.1)
and the total speech signal as a superposition of such AM-FM signals, 3" a,(r) cos|g, (1)}, one for

each formant. Here a(r) is the instantaneous amplitude signal and f(r) is the instantaneous

cyclic frequency representing the time-varying formant signal.

However, the nonlinearity of speech is still an open problem, and a more flexible and
self-adjusting approach that can accommodate various types of nonlinear behaviors representing a
broad class of nonlinear mapping is required. Neural networks (NNs) are suitable for such a
mapping and approximation. It has been shown that an NN with one hidden layer can
approximate any continuous mapping defined on compact sets in R" [Fun89, Hor91]. In this

chapter a neural network is used to approximate the nonlinear speech model as in [Nel97].

6.2 A Neural State-Space Model for Speech Enhancement

In this chapter, the noisy speech signal y(k) is modeled as a nonlinear autoregression with both
process and additive observation noise as follows:
x(k) = f(x(k~1),--, x(k = M), w(k)) +v(k) (6.2)
wky=x(k)+n(k) (6.3)
where x(k) represents the true underlying speech signal driven by process noise w(k), fis a
nonlinear function of past values of x(k) parameterized by w, and w is the weight vector.

The speech is assumed to be stationary over short segments, with each segment having a different

model. Only y(k) is the available observation which contains additive noise, n(k). The optimal
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estimation given the noisy estimations y(k) = {p(k), y(k ~1),--- p(0)} 1is E{x(k)|y(k)}.

If a set of clean speech signal x(k) is available, we can use the true x(k) as the target to train a
neural network. Then the approximation of E{x(k)|y(k)} can be obtained. However, it is
assumed that clean speech signal is never available, x(k) can only be estimated from the noisy
observations alone. To solve this problem, as shown in [Wan98], function f() is assumed to be

in the class of feedforward neural network models, and we compute the dual estimation of both

states #(k) and weights w based on a Kalman filtering approach.

To address such a nonlinear problem, an extended Kalman filter (EKF) is a candidate approach.
However, as shown in [Wan00], there are some flaws in using the EKE. In the EKF, the state
distribution is approximated by a Gaussian random variable (GRV), which is then propagated
analytically through the first-order linearization of the nonlinear system. This can introduce large
errors in the true posterior mean and covariance of the transformed GRV, which may lead to
sub-optimal performance and sometimes divergence of the filter [Wan00]. In [Jul97], Julier and
Uhimann proposed a new extension of the Kalman filter to the nonlinear systems, the Unscented
Kalman Filter (UKF). In the UKF, the state distribution is again approximated by a GRV, but is
now represented using a minimal set of carefully chosen sample points. These sample points
completely capture the true mean and covariance of the GRV, and when propagated through the
nonlinear system, capture the posterior mean and covariance accurately to the 3™ order for any
nonlinearity. In contrast, the EKF only achieves first-order accuracy. The computational
complexity of the UKF is the same order as that of the EKF [WanQ0]. We further extend the UKF
to a perceptually constrained UKF by combining the masking properties of human auditory

systems in this chapter. In addition, it is assumed that the speech is corrupted by colored noise.

As we did in Chapter 3, when colored noise is taken into account, a mixed state-space model of



equation (6.1) and (6.3) is formulated:

{x(k) =F[x(k ~1), w]+ Bv(k) 6.4)
y(k) = x(k)+n(k)
with
x(k) 1 S k), -, x(k—M +1), w) y(k)
xy= " s = | TP R T P
;c(k~M +1) 6 ;c(k~M +2) -y(k—M +1)
n(k)
and n(k)= :n(k—l) ,
;1(k—M +1)

where x(k) is the state vector. The process noise w(k) is assumed to be zero mean, white

Gaussian noise with variance o?. The measurement noise n(k) is assumed to be colored noise

with mean value # and covariance matrix, R.

Because the weight vector w is unknown, a separate state-space formulation for the underlying

weights is given by:

{w(k) =w(k-1)

y(k) = F[x(k ~ 1), w(k)] + Bv(k - 1) + n(k) (6.3)

where the neural network F() plays the role of a time-varying nonlinear observation on w.
Although w(k)=w(k~1) represents a stationary system, the estimate provided by the equation,

y(k) = F[x(k - 1), w(k)]+ Bv(k —1)+n(k) , can also be used for time varying signals such as speech.
6.3 Perceptually Constrained Dual Unscented Kalman Filter

6.3.1 Summary of EKF Algorithm and the Flaws

To solve the nonlinear problems shown in equation (6.4) and (6.5), we can use the extended



Kalman filter to effectively approximate the nonlinear function with a time-varying linear one.
The EKF algorithm for (6.4) is given by:

(%(k | k —1) =F[R(k ~1| k ~1), Wk ~1] k~1)]

P, (k| k-1)= AP, (k| HA” +Bo B

_ OF[%, W]

TR e (6.6)
K& =P, (k| k-D)x(P, (k| k-1)+R)™

P, (k| k)= (A-KE))xP, (k| k—1)

K(k | k) =X(k | k~D+KKE)(y(k)~X(k | k1)

where A

where P, (k|k) is the filtered state error covariance matrix; and P,(k|k-1) is the predicted

error covariance matrix; K(k) is the Kalman gain.

For equation (6.5), the EKF algorithm to estimate w(k) is as follows:

wik k=1 =W(k=1] k-1)

P, (k|k=1)=P,(k-1]k~1)

K, (k)=P,(k|k~DH [HP, (k|k-DH" +R+Bo B ]

OF[%, W] (6.7)
oW W (k~1k-1)

P, (k|k)=(1-K,(K)HDP, (k| k~-1)

Wk | k) =Wk k-1 +K (k) {y(k)~F[X(k~1|k~1),W(k |k-DI]}

where Hs=

As described in section 6.2, EKF has well-known drawbacks summarized below:

o Sensitivity to the disturbance due to the linearization process.

s Heavy computation load due to the calculation of Jacobian matrices.
To replace the EKF in nonlinear filtering problems, the UKF was proposed by Julier and
Uhlmann [Jul97]. The following section describes the principle of the UKF in summary and the

perceptually constrained dual UKF.
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6.3.2 Perceptually Constrained Dual UKF

6.3.2.1 Unscented Transformation

The unscented Kalman filter is a straightforward extension of the unscented transformation (UT)
to the recursive estimation. The UT is a method for calculating the statistics of a random variable

which undergoes a nonlinear transformation [Jul97]. It is described below in summary.

Given an L-dimensional random variable x with mean X and covariance matrix P,_, the
statistics of a random variable y = g(x) can be calculated by the following procedure:
Firstly, form a matrix y of 2L+1 sigma vectors y, with corresponding weights W,

i

according to the following rules:

it
i

Xo
Li i+(m)-P:)i i=l L

Jr =% WD), imrena (68)
WM = AL+ A)

WO = AL+ ) +(1-a +f)

o =W =1/{2AL+A)} i=1--2L

it

where A=a’(L+y)-L is a scaling parameter, ¢ determines the spread of the sigma points

around X and is usually set to a small positive value. ¥ is a secondary scaling parameter which

1s usually set to 0, and f is used to incorporate prior knowledge of the distribution of x ( for
Gaussian distributions, £ =2 is optimal). (,/(L + )P, )l_ is the ith row of the matrix square root.

These sigma vectors are propagated through the nonlinear function,
Yi=g(x) i=0,--2L (6.9)

and the mean and covariance for y are approximated by:

¥ = - ”Ii(me (610)

i=

=

>

\O
n



2L
P =S WY T - (6.11)
i=0
For Gaussian inputs, the UT results can achieve the accuracy of the third order. For non-Gaussian

inputs, approximations are accurate to at least the second-order. The accuracy of third and higher

order moments is determined by the choice of « and g [Jul97].

6.3.2.2 Perceptually Constrained UKF Algorithms

By applying the UT sigma point selection scheme, as shown in equation (6.8), to the state vector
to calculate the corresponding sigma matrix, the UKF algorithm for equation (6.6) is as shown in
Table 6.1. Comparing Table 6.1 with equation (6.6), it can be found that only the equations for
computing the predicted state-vector and predicted state-error covariance matrix are different. No

derivative is required.

If the masking properties of human auditory systems are taken into account, the algorithm
introduced in Table 6.1 can be modified referring to the method proposed in Section 5.3. The new
algorithm is named as PCDUKF (Perceptually Constrained Dual UKF). To obtain the Kalman
gain, the following optimization problem has to be solved:

min A
subject to (6.12)

) -
05a,+23 4, cos(-zi.v’ii-m) <T(m), m=0,1,---,128
i=l

R
Ay >0

with:

Ay =[P =2 *TrKHP + TrK(HPH K + TrKRK | (6.13)
I3

v +(KRKT), (6.14)

)]
A :?}7{2 Vi~ (KHP) ”(PHTKT)LM +(KHPH'K")

i=1
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where Tr is the trace of a matrix, P and K represent P, (k|k-1) and K(k) respectively, y,,,;
is the element of P which lies on the ith row and the (i+/)th column, (KHP),, ,, (PH'K"), ,

(KHPH'K™),,, . and (KRK') are the elements of the corresponding matrix which is on the

[RE
ith row and the (i+/)th column respectively, H=1.

Table 6.1 The UKF equations for equation (6.6)

Initialize with:
x(010) = E[x(0)]
P, (0]0) = E{[x(0)~X(0]| O)][x(0)~x(0]0)]"}
For k=1,---,=, calculate the sigma matrix:
stk =11k =1)=&(k—1{k~1)
2=k =1 =3k =11 k-1 + T+ DBk -11F-D), , i=L- L
Zip k=11k =D =5k -1 1k -1~ T+ AP k- 11£-D)

Time update:
ZiGe k=1 =Fly, (k=1 k=D, W(k~1{k=D],  i=0,--2L
Predicted state-vector:

2L
(k| k-1 = Wy (k| k=1)

i=0

Predicted state-error covariance matrix:

2L
P (k[ k=1 =3 WO, (k[ k=D =&k [ k=D]lx, (k k=D -k | k-1)]) +Bo;B”

i=0

Kalman gain:

K(k) =P, (k| k=D)x (P, (k| k~1)+R)"
Filtered estimate of the state vector;

X(k | k) = X(k | k= 1)+ KOy (k) — x(k | k ~1))
Filtered state-error covariance matrix:

P, (k| k)= (- KE)XP, (k| k-1)
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The perceptually constrained UKF equations are shown as in Table 6.2:

Table 6.2 The Perceptually Constrained UKF equations for equation (6.6)

Initialize with:
£(010) = E[X(O)]
P, (0] 0) = E{[%(0)~ X(0| 0)][x(0)~X(0 | 0)]" }
For k=1,---,0, calculate the sigma matrix:
Folh=11k=1) =&(k~11k~1)
2ik=11k=1) = 2(k=11 k=D + T+ DRk -11%-D), , =l L
Zisp k=11k=D) =&k =1]k-1) - T+ AP k1151

Time update:
(k| k=1) =Fly, (k=1 k=1), Wk =1] k=D)], i=0,--,2L
Predicted state-vector:
k- = iW,.‘"’>;(i(k |k-1)
i=0
Predicted state-error covariance matrix:

2L
P, (k| k=1 =Y Wy, (k| k=1 =Xk [k=D]Ly, (k| k=D ~%(k [ k~D]" +Bo]B”

=0

Kalman gain:

K(k) : obtained by solving equation (6.12)
Filtered estimate of the state vector:

Xk B = X(k |k -1+ K&y k) ~X(k | £-1))

Filtered state-error covariance matrix:

P, (k| k) =[1-KE)xP, (k| k~DI~KKE)] +KERK (k)

The UKF algorithm for equation (6.7) is shown as in Table 6.3:
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Table 6.3 The UKF equations for equation (6.7)

Initialize with:
Ww(0]0) = E[w(0)]
P, (010) = E{[w(0)~W(0]0)][w(0)~W(0|0)]"}

Predicted weight vector:
Wk | k~1)=W(k~1|k~1)
Predicted weight error covariance matrix:
P, (k| k-1)=P, (k~1|k~1)
Calculate the sigma matrix:

Tk —11k~1)=W(k~1]k-1)

@k =11 k=1) =¥k 11k ~1) + [T+ APy (k-115-D), , P=1,
g (k=11 k=1) = W(k =1k 1)~ [T+ DPq (k-11%-D),

Time update:
ok k=) =@, (k-1 k-1, i=0, 2L
Y, (k |k —1) = FiR(k 1k —1),@, (k =1k =1)], P=0, 2L
y(k|k~1)=iW,.“”’Yi(k|k—~1)+'ﬁ, P20, 2L

i=0

Measurement update equations:

2L
Py ()= WY, (k[ k=1 =9k |k =DIY, (k| k=1 =3k | k-D]

i=0
2L
Pog (k)= W@, (k | k~1) = Wik | k~D]@, (k| k~1)~W(k | k~1)
i=0
O(k) = Py (K)Pg (k)
Filtered weight vector:
W(k | k) = Wk | k=D +Ok)[y(k)-y(k | k-1)]
Filtered weight error covariance matrix:

P, (k|k)=P, (k|k-1)~OU)P, ()O (k)
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Note that the weight transition is linear in the weight filter, so the nonlinearity is restricted to the

measurement equation.

The dual UKF estimation scheme is shown as in Fig. 6.1. Two UKFs are run simultaneously for
signal and weight estimation. At every time-step, the current estimate of the weights is used in the
signal-filter, and the current estimate of the signal-state is used in the weight-filter [Wan00]. For

finite data sets, the algorithm is run iteratively for the data until the weights converge.

K(k ~1] k~1)!

............ [

X(k | k)

= ——————

N (measurement)

Fig. 6.1 The Perceptually constrained dual UKF for Speech Enhancement. UKF1 represents
the perceptually constrained UKF filter for the states (enhanced speech) and UKF2 represents
the UKF filter for the weights of the speech model.

6.4. Dual UKF with Perceptual Post-Filter Algorithm

The constrained dual UFK algorithm of Section 6.3 (PCDUKF) provided a theoretical foundation
for combining the masking properties of human auditory systems with a dual UKF algorithm for

speech enhancement. The simulations will also show the excellent performance of this approach.
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However, the requirement of solving a nonlinear optimization problem at each step makes the
computation load of the method quite large, especially if the algorithm is to be implemented for
real time applications. A simpler heuristic implementation of combining the dual UKF and
masking properties is considered in this section. A standard UKF is used and a post-filier based
on frequency and time domain masking properties is applied at the output of the dual UKF. The
method is named as DUKFPPF (Dual UKF with Perceptual Post-Filter). The post-filter adjusts
the spectrum of the dual UKF filtered speech signal by making the power of the clean speech
state estimate error (computed in one of the UKF filters) lower than the masking threshold. Fig.
6.2 shows the block diagram of the resulting system. While the dual UKF filtering is performed
on a sample-by~ sample basis, the perceptual post-filtering using masking effects is performed on
a frame-by-frame basis, unlike the perceptual processing of the truly constrained Kalman filtering
method in Section 6.3 (PCDUKF). This means that the masking thresholds are now computed
only once per frame. The last element of %(n|n) is called §(n), and it is considered as the

output of the dual UKF filter.

pTTTTTT TR s m s e Thresholding

*

Estimate Masking
Threshold

X)) 4

Time Update .
sl . = Wkl ) Measurement—i WK 0
Wikt - L Update |

Fig. 6.2 The Dual UKF with a Perceptual Post-Filter for Speech Enhancement
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6.4.1 Post-Filter Based on Masking Properties of Human Auditory

Systems

The post-filter performs a thresholding on its input signal §(n), based on a computed total
masking level M,(i) as described in Chapter 3. To perform the thresholding, the following

procedure is used:

(1) Map the total masking level M, (i) in each critical band to the frequency domain (256 FFT

bins, 129 freq.) to obtain the levels T(@;) (/j=0,1,---,128 ).

(2) From the last 40 computed filtered state error covariance matrices, P(n~i|n~i)(i=0,--,39),
estimate the power spectrum density (PSD) of the filtered state error. The estimation method
was described by Step 2 of algorithm KFSFMC which was described in Section 4.3.2.

(3) Estimate the signal to noise ratio of the current frame. Let P, equal the power of the current

frame of the Kalman filtered signal §(n),

& | ]
P = LI

6.15
’ =0 L ( )

Let P, be the estimate power of the clean speech signal of the current frame. Then 2, is

defined as

128
B =P -3 P(®) (6.16)

i=0

The estimated signal to noise ratio of the current frame is defined as

e, 2
SNR=F, 1% P,(,) (6.17)

i=0

(4) Perform the thresholding on the speech spectrum:

~ [Sta|x @ T SNRD) ifPw)<T(@,) '
IS(a),- )} - (6.18)

. / —
|S(60,- Wx (@ x (1 +a @@y L gNR™y otherwise




where i=0,,---128, and o 1is a tonality coefficient. The range of « 1is from 0 to 1, where
0 corresponds to a completely noise-like signal and 1 corresponds to a completely tonal
signal.

(5) Do an IFFT using ]5 (@;)| and the phase of 8(w,), keeping the last 80 values of the size-256

IFFT  outputs to  obtain  the  improved frame of speech  signal

§(n)=[5(n~T79),5(n~78),---,5(m)]..

When the post-filter is designed, a tradeoff is made between signal distortion and residual noise.

The scheme is the same as that in Chapter 4.

6.5 Simulation Results and Conclusions

Six different speech sentences were used in the simulations. In this chapter, the noise signals used
were white car noise, babble noise, street noise, and a generated colored noise as shown in
equation (3.99). The order of the nonlinear speech model is 10. Tables 6.4 and 6.5 show the
average PESQ scores obtained by different methods for white noise and colored noise,
respectively. In Appendix D, the detailed PESQ scores obtained by different methods for white
noise and colored noise are shown by Table D.1 and Table D.2, respectively. Fig. D.1 shows the
average PESQ scores obtained for white noise signals by different methods and different speakers
(females and males). Fig. D.2 shows the average PESQ scores obtained for different colored noise
signals by different methods and different speakers (females and males). Table D.3 shows the
average PESQ scores obtained by the perceptually constrained dual UKF, and the dual UKF with

a perceptual post-filter.



Table 6.4 Average PESQ scores obtained by different methods with white noise signal

Input Noisy Conventional | Vir99 | Gab01 | CKFSFM | PCDUKF
SNR Speech SS
(dB)
-5 1.17 0.66 1.27 0.70 1.66 1.58
1.40 1.02 1.54 1.07 1.96 1.87
5 1.64 1.44 1.81 1.47 224 2.30
10 1.94 1.76 2.16 1.80 2.52 2.60
15 2.27 1.97 2.49 2.00 2.79 2.86

Table 6.5 Average PESQ scores obtained by different methods with colored noise signals

Input Noisy [ Spectral | Vir99 | Pop%8 | Mit00 | CKFSFM | PCDUKF
SNR (dB) | Speech | Sub.

-5 1.25 0.79 1.36 | 0.83 083 | L71 1.61

0 1.56 1.15 1.68 | 1.20 1.20 | 1.97 1.88

5 1.84 1.53 198 | 1.57 1.57 | 2.25 2.31

10 2.15 1.81 227 | 1.85 1.85 | 249 2.56

15 247 2.02 2.57 | 2.06 206 |2.75 2.82

The results of Tables D.1 and D.2 show that for high input SNR cases (SNR>5dB), the PESQ
scores of the perceptually constrained dual UKF method introduced in this chapter (PCDUKF)
have the best performance, compared with the methods of the previous chapters. However for low
SNR environments, the method produces worse PESQ scores than the method from Chapter 3
(CKFSFM). The underlying reason is that we can only estimate the weight vector w from the
noisy signal. When the input SNR is high, the estimation is more accurate. However for low SNR,
the estimation of w may deviate far from the true value. Thus the accuracy of the nonlinear

speech model is sensitive to the input SNR.
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Table D.3 shows that with the dual UKF perceptual post-filter algorithm, the PESQ scores are
about 0.05 less than that produced by the perceptually constrained dual UKF algorithm. From the
point of the view of the computational cost, the dual UKF perceptual post-filter algorithm has a
lower computational load compared to the perceptually constrained dual UKF algorithm. The
post-filter method in Section 4.3.2 (KFSFMC) has a lower computational cost than the dual UKF
post-filter algoﬁfhm. Thus, for the case of low input SNR (<5dB), KFSFMC may be the best
algorithm for real time applications, while for high input SNR (>=5dB) cases, the best algorithm

for real time application would seem to be the dual UKF with perceptual post-filter.

In the methods proposed in this chapter, there was typically an initial delay of 30ms required to
find stable weights at the initialization of the methods. To conclude, the perceptually constrained
dual-UKF method proposed in this chapter is an interesting option for offline speech
enhancement (except for low SNR cases, where CKFSFM is more suitable), while for on-line
real-time speech enhancement the dual UKF with post-filter algorithm (for higher input SNR) and
KFSFMC (for lower input SNR) are more suitable.
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Chapter 7 Subjective Test Results

A first informal subjective test was performed with eighteen students involved in the test. Five of
them were female students, while the rest were male students. The age of the students was
between 20 and 35. A female speech signal was used for the tests. Five different noise types
including babble, car, street, white and synthetically generated colored noise were used in the first
test. Two input SNRs were chosen for the tests: 0dB and 10dB. To simplify the testing, only the
clean speech signal, the noisy speech signal and the signal enhanced by the method proposed in
Section 4.3.2 (KFSFMC) were used in this first test. Table 7.1 shows the informal mean opinion

scores (MOS) obtained by averaging the results given by the students.

Another informal subjective test was performed with eight people involved in the test. Two of
them were females, while the rest were males. The age of the people was between 26 and 45. A
female speech signal was used for the tests. Five different noise types including babble, car,
street, white and synthetically generated colored noise were used in the tests. Two input SNRs
were chosen for the tests: 0 dB and 10 dB. To simplify the testing, only the clean speech signal,
the noisy speech signal, the signal enhanced by the method proposed in [Vir99], by the KFSFMC,
and by the DUKFPPF were used in this second test. Table 7.2 shows the informal mean opinion

scores (MOS) obtained by averaging the results given by the people.

From Table 7.1 and Table 7.2, it can be observed that the informal MOS scores match very well
the trend of the PESQ scores, and that the gap between the enhanced speech and the noisy speech
scores 1s also similar in both scales. This indicates that the use of the objective PESQ measure to

evaluate the quality of noisy and enhanced speech files in this thesis is a valid indication of the
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true speech quality, and that the new methods introduced in this thesis do seem to provide a

meaningful performance gain compared to existing methods.

Table 7.1 Comparison between informal MOS and PESQ scores: first subjective test

Informal MOS scores PESQ scores
Noise type and Noisy signal | Enhanced Noisy signal | Enhanced
input SNR Signal signal
babble, 0dB 1.51 1.95 1.22 1.77
babble, 10dB 2.43 2.74 1.88 24
car, 0dB 1.59 1.90 | 1.42 1.88
car, 10dB 222 2.67 2.11 242
street, 0dB 1.73 2.15 1.63 1.98
street, 10dB 2.58 2.81 2.30 2.49
white, 0dB 1.35 1.84 1.24 1.95
white, 10dB 2.53 3.04 1.94 - 251
colored, 0dB 1.45 2.03 1.51 2.00
colored, 10dB 2.62 2.89 2.16 2.54
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Table 7.2 Comparison between informal MOS and PESQ scores: second subjective test

Informal MOS scores PESQ scores
Noise
wpe | Noi
1 18
and OISV | KESFMC | DUKFPPE | Virgo | O~ | KFSFMC | DUKFPPF | Vir99
. signal signal
mnput
SNR
bl
babble, | ¢ 1.90 182 166 | 122 1.77 1.60 139
0dB
babble,
2.45 272 282 258 | 1.88 24 2.39 2,05
10 dB
0
CZ’; 157 191 1.79 171 | 142 1.88 1.81 1.65
car, 10
. 2.20 270 285 236 | 211 242 2.58 225
street, 0
o 173 218 2.05 192 | 1.63 1.98 1.91 1.83
street, 15 50 2.80 2.88 265 | 230 2.49 2.69 2.39
om | 2 . . . . . . .
1ty
Wh;Bc’ o1 136 179 1.70 155 | 124 1.95 175 148
white, | o 3.01 3.10 264 | 1.4 2.51 257 2.17
oan | 25 . . . . . . .
colored,
142 2.05 1.97 170 | 151 2.00 1.88 1.76
0dB
colored,
2.60 2.89 2.96 277 | 216 2.54 2.65 237
10 dB
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Chapter 8 Conclusions and Future
Work

8.1 Conclusions

This thesis focused on Kalman filter based speech enhancement approaches combined with masking
properties of human aunditory systems. It should also be noted that no voice activity detection is
required in the proposed methods. Chapter 3 derived a modified Kalman filter constrained from the
masking properties. The derivation gave a theoretical explanation for the feasibility of combining
masking properties with the Kalman filter. A true perceptually constrained Kalman filtering
algorithm for both white and colored noise was proposed in this chapter. However the algorithm
requires a large amount of computations not only because the matrix inverse is calculated at each
time step, but also a nonlinear optimization problem has to be solved in each step. Then in
Chapter 4, to reduce the computaional cost, some heuristic methods were proposed. At first, the
frequency domain masking level was used as a hard threshold to reshape the Kalman filtered signal.
This method was used to enhance signal degraded with white noise and has proven to be a feasible
solution. Then a post-filter on frame-by-frame basis was designed from the masking level where both
time-domain and frequency domain masking properties are taken into account. The goal of the
masking is to make the estimate state error energy smaller than the threshold. A soft threshold was
proposed in the post-filter. The thresholding was designed to make a tradeoff between the amount of
signal distortion and residual noise. Since the computation of the masking threshold is in the
frequency domain and the Kalman filter is in time domain, the computation cost because of the

switching between the two domains was then proposed to be reduced by the method described in
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Chapter 5, with the wavelet domain Kalman filter combined with a perceptual post-filter, where the
masking threshold is calculated in the wavelet packet domain. The multi-resolution property of human
auditory systems can be mapped very well to the wavelet packet transform domain. By constructing
the state-space model in the wavelet domain, the output of the wavelet Kalman filtering algorithm is
directly used by the post-filter without any transform, reducing the complexity compared to a pure
time domain Kalman filter approach. In Chapter 6, a nonlinear speech model was studied. Since the
speech production cannot be accounted for by a linear model, a neural network is used to map
such a nonlinear model in this chapter. Thus the state-space model for speech enhancement is a
nonlinear one. To solve the nonlinear problem, a dual UKF is applied. By combining the masking
properties, both a perceptually constrained dual UKF (which is time-consuming) and a cost-efficient

dual UKF with a perceptual post-filter are proposed.

Overall, the simulation results have shown that the methods combining the Kalman filter and masking
properties can produce promising results from the point of view of PESQ scores. Some informal
subjective tests and results were described in Chapter 7, further confirming the potential of the

algorithms introduced in this thesis.

8.2 Future work

The algorithms proposed in the thesis can be easily extended to wideband speech signal
processing, which is becoming increasingly used. Also, this thesis only addressed the problem of
additive noise, with types of noise having relatively slow varying statistics. For the case of highly
non-stationary noise such as click noise or impulse noise, then other speech enhancement
algorithms may be more suitable. Moreover, the algorithms to enhance speech degraded by

reverberation, echo or clipping were not considered in this thesis. A system designed to enhance
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speech under all these conditions would probably need to classify the noise type and use different

algorithms based on the classification decision.
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Appendix

A. Simulation Results of Chapter 3

Table A.1 PESQ scores obtained by different methods with white noise signal

Femalel .wav+white.wav

Input SNR | Noisy Conventional | Vir99 Gab01 CKFSFM
(dB) Speech SS

-5 1.03 0.86 1.09 0.89 1.61

0 1.22 1.30 1.44 1.36 1.96

5 1.53 1.73 1.86 1.75 2.29

10 1.92 2.07 2.22 2.12 2.54

15 2.29 2.32 2.56 2.34 2.87

Female2.wav+white.wav

Input Noisy Conventional | Vir99 Gab01 CKFSFM
SNR (dB) | Speech SS

-5 1.16 0.79 1.28 0.82 1.63

0 1.38 1.16 1.62 1.22 1.98

5 1.69 1.57 1.98 1.60 2.24

10 2.04 1.85 231 1.87 2.54

15 2.38 2.02 2.64 2.05 2.82




Female3. wav+white.wav

Input Noisy Conventional | Vir99 Gab01 CKFSFM
SNR (dB) | Speech SS

-5 0.98 0.67 1.12 0.71 1.63

0 1.24 1.08 1.48 1.11 1.96

5 1.58 1.53 1.83 1.57 2.28

10 1.94 1.84 2.17 1.89 2.62

15 2.27 2.04 2.52 2.11 2.80

Malel.wav+white.wav

Input Noisy Conventional | Vir99 Gab01 CKFSFM
SNR (dB) | Speech SS

-5 1.16 0.47 1.19 0.48 1.62

0 1.30 0.80 1.37 0.85 1.89

5 1.51 1.26 1.6] 1.29 2.18

10 1.81 1.59 2.03 1.64 2.48

15 2.15 1.84 2.34 1.88 2.75
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Male2. wav+white. wav

Input Noisy Conventional | Vir99 Gab01 CKFSFM
SNR (dB) | Speech SS

-5 1.24 0.74 1.47 0.77 1.89

0 1.66 1.02 1.68 1.08 2.10

5 1.82 1.39 1.83 1.43 2.24

10 1.99 1.69 2.12 1.70 2.46

15 2.24 1.89 241 1.91 2.73

Male3.wav+white.wav

Input Noisy Conventional | Vir99 Gab01 CKFSFM
SNR (dB) | Speech SS

-5 1.44 0.48 1.48 0.52 1.62

0 1.57 0.74 1.64 0.81 1.89

5 1.72 1.18 1.77 1.20 2.23

10 1.96 1.51 2.10 1.54 2.49

15 2.27 1.7 2.46 1.71 2.75
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Table A.2 PESQ scores obtained by different methods with some colored noise signals

Femalel .wav-+babble.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 0.89 0.76 1.09 0.78 0.76 1.51

0 1.32 1.17 1.39 1.23 1.21 1.84

5 1.61 1.65 1.81 1.70 1.69 2.14

10 1.97 2.02 2.17 2.08 2.05 245

15 2.34 2.32 2.52 2.35 2.34 2.73
Femalel.wav-+tcar.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.06 0.93 1.12 0.93 0.95 1.45

0 1.33 1.39 1.53 1.46 1.40 1.81

5 1.66 1.81 1.96 1.85 1.85 2.16

10 2.04 2.10 235 2.13 2.10 2.39

15 2.40 2.33 2.63 2.33 2.38 2.66
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Femalel .wav+street.wav

Input | Noisy Conventional Vir%9 Pop98 Mit00 CKFSFM
SNR | Speech | SS

(dB)

-5 1.19 1.16 1.30 1.22 1.22 1.58

0 1.49 1.60 1.72 1.60 1.65 1.90

5 1.85 1.96 2.11 2.00 2.02 2.18

10 2.22 2.23 235 2.24 2.30 2.48

15 2.56 241 2.62 2.42 2.45 2.70

Femalel .wav-+colored].wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM
SNR | Speech | SS

(dB)

-5 1.29 1.11 ’ 1.37 1.12 1.17 1.64

0 1.54 1.57 1.71 1.61 1.65 1.99

5 1.85 1.95 2.05 2.00 1.99 2.24

10 2.20 2.23 2.49 2.28 2.26 2.51

15 2.54 245 2.71 2.52 2.50 2.85
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Female2.wav+tbabble.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.07 0.70 1.13 0.74 0.74 1.57

0 1.44 1.10 1.50 1.10 1.17 1.89

5 1.75 1.51 1.92 1.52 1.54 2.26

10 2.10 1.82 2.27 1.85 1.84 2.56

15 2.45 2.01 2.60 2.02 2.04 277
Female2.wav+car.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.08 0.91 1.21 0.91 0.98 145

0 1.40 1.21 1.63 1.23 1.27 1.74

5 1.75 1.63 1.96 1.66 1.64 2.20

10 2.12 1.88 2.20 1.94 1.95 245

15 248 2.05 2.49 2.12 12.08 277
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Female2.wav-+tstreet.wav

Input | Noisy Conventional Vir99 Pop%8 | Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.25 1.03 1.34 1.05 1.04 1.57

0 1.56 1.38 1.68 1.42 1.40 1.82

5 1.92 1.74 2.98 1.80 1.74 2.15

10 2.28 1.97 2.30 2.00 1.97 243

15 2.61 2.11 2.57 2.12 2.16 2.76
Female2.wav+coloredl.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.32 0.91 1.44 0.94 0.94 1.68

0 1.59 1.34 1.73 1.38 1.40 1.98

5 1.93 1.70 2.10 1.73 1.74 2.29

10 2.29 1.94 243 2.00 1.97 2.51

15 2.63 2.09 2.71 2.10 2.13 278
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Female3.wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 0.95 0.62 0.86 0.68 0.66 145

0 1.22 0.96 1.28 1.01 0.99 1.78

5 1.54 1.32 1.65 1.35 1.37 2.14

10 1.88 1.65 2.05 1.68 1.69 246

15 2.23 1.95 242 2.00 1.96 273
Female3.wav-+car.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.13 0.71 1.24 0.72 0.75 1.62

0 1.42 1.20 1.65 1.24 1.27 1.88

5 1.77 1.65 2.02 1.68 1.67 2.22

10 2.11 1.91 2.25 1.97 1.95 2.48

15 244 2.12 2.55 2.15 2.16 2.72
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Female3.wav+street.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.34 1.06 1.43 1.10 1.11 1.63

0 1.63 1.47 1.83 1.51 1.49 2.00

5 1.97 1.79 2.18 1.79 1.81 2.31

10 2.30 2.04 2.39 2.04 2.06 2.55

15 2.62 2.21 2.69 2.26 2.22 2.77
Female3.wav+colored].wav

Input | Noisy Conventional Vir%9 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.26 0.98 1.42 1.03 1.05 1.79

0 1.51 1.43 1.76 1.48 143 2.01

5 1.84 1.75 2.07 1.80 1.80 2.34

10 2.16 1.94 2.37 2.01 2.00 2.61

15 2.49 2.12 2.67 2.17 212 2.83




Malel.wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM

SNR | Speech | S8

(dB)

-5 0.82 0.26 1.11 0.29 0.32 1.63

0 1.18 0.54 1.34 0.59 0.61 1.63

5 1.56 0.94 1.65 0.94 0.96 1.97

10 1.82 1.41 1.83 1.44 1.43 234

15 2.17 1.77 2.22 1.77 1.81 2.66
Malel.wav-+car.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.36 0.69 1.42 0.71 0.76 1.89

0 1.55 0.98 1.63 1.05 1.04 2.12

5 1.81 1.37 1.93 1.43 1.44 2.37

10 2.10 1.69 2.19 1.70 1.76 2.51

15 241 1.95 241 2.02 2.02 2.74
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Malel.wav+street.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.50 0.88 1.50 0.89 0.92 1.97

0 1.74 1.19 1.79 1.25 1.20 225

5 1.99 1.55 2.11 1.62 1.57 246

10 2.29 1.80 243 1.86 1.80 2.62

15 2.60 2.00 2.71 2.05 2.05 | 2.85
Malel.wav+coloredl.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.37 0.60 1.40 0.67 0.62 1.86

0 1.55 0.98 1.65 1.01 1.06 2.05

5 1.79 1.39 1.95 1.44 1.42 227

10 2.08 1.68 2.22 1.75 1.71 2.51

15 2.40 1.93 2.51 1.96 1.97 2.74




Male2.wav-+babble.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 0.72 0.55 1.01 0.60 0.62 1.29

0 1.57 0.82 1.57 0.88 0.86 1.83

5 1.78 1.12 1.79 1.17 1.13 2.06

10 1.99 1.45 2.05 1.46 1.48 2.33

15 2.25 1.73 2.37 1.73 1.73 2.60
Male2.wav-+car.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.79 0.82 1.66 0.89 0.87 1.87

0 1.82 1.18 1.89 1.23 1.19 2.15

5 2.00 1.53 2.00 1.56 1.58 2.31

10 2.21 1.78 2.28 1.85 1.82 2.49

15 248 1.94 2.57 2.01 1.94 2.77




Male2. . wav+street.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.68 0.96 1.73 0.96 1.01 2.00

0 1.92 1.31 1.92 1.36 1.32 2.19

5 2.12 1.65 2.16 1.65 1.66 242

10 2.38 1.87 2.42 1.88 1.87 2.59

15 2.66 2.08 2.72 2.11 2.13 2.83
Male2.wav+coloredl.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.71 0.89 1.79 0.95 0.96 2.11

0 1.87 1.22 1.96 1.28 1.28 2.22

5 2.04 1.56 2.05 1.62 1.59 2.37

10 2.25 1.82 233 1.86 1.84 2.57

15 2.50 1.98 2.64 2.00 2.02 2.80




Male3.wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 0.70 0.43 1.27 0.45 0.44 1.64

0 1.59 0.67 1.66 0.67 0.67 1.81

5 1.78 1.06 1.81 1.08 1.10 212

10 2.02 1.32 2.07 1.37 1.38 2.38

15 2.33 1.59 2.46 1.64 1.63 2.70
Male3.wav+car.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.43 0.63 1.45 0.65 0.64 1.99

0 1.64 0.90 1.71 0.93 0.90 2.10

5 1.92 1.33 1.95 1.35 1.35 2.30

10 2.15 1.61 2.26 1.65 1.64 244

15 2.44 1.79 2.55 1.79 1.82 2.65




Male3.wav+street.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | SS

(dB)

-5 1.53 0.80 1.59 0.84 0.80 1.85

0 1.81 1.09 1.87 1.10 1.12 2.15

5 2.03 145 2.09 1.49 1.49 2.30

10 2.31 1.69 241 1.74 1.69 2.53

15 2.62 1.85 2.71 1.91 1.86 2.80
Male3.wav+coloredl.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM

SNR | Speech | 88

(dB)

-5 1.64 0.69 1.70 0.77 0.70 1.93

0 1.81 1.04 1.86 1.10 1.11 2.18

5 2.02 1.39 2.11 1.42 1.44 2.33

10 2.27 1.64 2.35 1.67 1.71 2.53

15 2.55 1.79 2.62 1.85 1.80 2.78
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PESQ scores

(a) female speech with white noise

PESQ scores

(b) male speech with white noise
! : noisy speech signal, ? : traditional spectral subtraction method, x: perceptually weighted spectral subtraction
method [Vir99], *: Kalman filtering method [Gab01], ®: truly constrained Kalman fiiter with masking
properties(CKFSFM).

Fig. A.1 Average PESQ scores of different methods for white noise case



(a) female speech with babble noise

(b) female speech with car noise
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PESQ scores

(c) female speech with street noise

" PESQ scores

(d) female speech with generated colored noise



g % !

@ ;

g !
(e) male speech with babble noise

|

(f) male speech with car noise
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PESQ scores

(g) male speech with street noise

N PESQ scores |

(h) male speech with generated colored noise
+: noisy speech signal, | : traditional spectral subtraction method, ? : perceptually weighted spectral subtraction
method [Vir99], x: KLT method [Pop98], %: [Mit00], ®: truly constrained Kalman filter with masking

properties(CKFSFM).

Fig. A.2 Average PESQ scores of different methods for colored noise case
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B. Simulation Results of Chapter 4

Table B.1 PESQ scores obtained by different methods with white noise signal

Femalel.wav+white. wav

Input SNR (dB) | Noisy Speech | Spectral Sub. | Vir99 | Gab01 | CKFSFM | KFSM
5 1.03 0.86 1.09 0.89 1.61 141

0 1.22 1.30 1.44 1.36 1.96 1.69

5 1.53 1.73 1.86 1.75 2.29 2.13
10 1.92 2.07 2.22 212 2.54 240
15 2.29 2.32 2.56 2.34 2.87 2.64
Female2.wav+white.wav

Input SNR (dB) | Noisy Speech | Spectral Sub. | Vir99 | Gab01 | CKFSFM | KFSM
5 1.16 0.79 1.28 0.82 1.63 1.40

0 1.38 1.16 1.62 1.22 1.98 1.76

5 1.69 1.57 1.98 1.60 2.24 2.15
10 2.04 1.85 2.31 1.87 2.54 244
15 2.38 2.02 2.64 2.05 2.82 2.69




Female3.wavtwhite.wav

Input SNR (dB) | Noisy Speech | Spectral Sub. | Vir99 | Gab01 | CKFSFM | KFSM
5 0.98 0.67 1.12 0.71 1.63 1.42

0 1.24 1.08 1.48 1.11 1.96 1.87

5 1.58 1.53 1.83 1.57 2.28 2.13
10 1.94 1.84 2.17 1.89 2.62 2.38

15 227 2.04 2.52 2.11 2.80 2.63
Malel.wav+white.wav

Input SNR (dB) | Noisy Speech | Spectral Sub. | Vir99 | Gab0l | CKFSFM | KFSM
5 1.16 0.47 1.19 0.48 1.62 1.42

0 1.30 0.80 1.37 0.85 1.89 1.70

5 1.51 1.26 1.61 1.29 2.18 2.00
10 1.81 1.59 2.03 1.64 248 2.23
15 2.15 1.84 2.34 1.88 2.75 2.54




Male2 . wavt+white.wav

Input SNR (dB) | Noisy Speech | Spectral Sub. | Vir99 | Gab01 | CKFSFM | KFSM
5 1.24 0.74 1.47 0.77 1.89 1.68
0 1.66 1.02 1.68 1.08 2.10 1.85
5 1.82 1.39 1.83 1.43 2.24 2.08
10 1.99 1.69 2.12 1.70 2.46 2.28
15 2.24 1.89 241 1.91 2.73 2.52

Male3.wav+white.wav

Input SNR (dB) | Noisy Speech | Spectral Sub. | Vir99 | Gab01 | CKFSFM | KFSM
5 1.44 0.48 1.48 0.52 1.62 1.56
0 1.57 0.74 1.64 0.81 1.89 1.75
5 1.72 1.18 1.77 1.20 2.23 1.90
10 1v.96 1.51 2.10 1.54 249 2.33
15 2.27 1.71 2.46 1.71 2.75 2.61




Table B.2 PESQ scores obtained by different methods with white noise signal

Femalel .wav+white.wav

Input Noisy Spectral Vir99 | Gab01 | CKFSFM | KFSM KFSFMW
SNR Speech Sub.

(dB)

5 1.03 0.86 1.09 0.89 1.61 1.41 1.53

0 1.22 1.30 1.44 1.36 1.96 1.69 1.94

5 1.53 1.73 1.86 1.75 2.29 2.13 2.25

10 1.92 2.07 2.22 2.12 2.54 2.40 2.52

15 2.29 2.32 2.56 2.34 2.87 2.64 2.78
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Female2 wav+white wav

Input Noisy Spectral Vir99 Gab01 | CKFSFM | KFSM KFSFMW
SNR Speech Sub.

(dB)

5 1.16 0.79 1.28 0.82 1.63 1.40 1.55

0 1.38 1.16 1.62 1.22 1.98 1.76 1.92

5 1.69 1.57 1.98 1.60 2.24 2.15 223

10 2.04 1.85 | 231 1.87 2.54 2.44 2.53

15 2.38 2.02 2.64 2.05 2.82 2.69 2.78
Female3.wav+white. wav

Input Noisy Spectral Vir99 | Gab0l | CKFSFM | KFSM KFSFMW
SNR Speech Sub.

(dB)

5 0.98 0.67 1.12 0.71 1.63 1.42 1.59

0 1.24 1.08 1.48 1.11 1.96 1.87 1.95

5 1.58 1.53 1.83 1.57 2.28 2.13 225

10 1.94 1.84 2.17 1.89 2.62 2.38 2.51

15 2.27 2.04 2.52 2.11 2.80 2.63 2.79
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Malel. wav+white.wav

Input Noisy Spectral Vir99 Gab01 | CKFSFM | KFSM KFSFMW
SNR Speech Sub.

(dB)

-5 1.16 0.47 1.19 0.48 1.62 1.42 1.57

0 1.30 0.80 1.37 0.85 1.89 | 1.70 1.87

5 1.51 1.26 1.61 1.29 2.18 2.00 2.15

10 1.81 1.59 2.03 1.64 2.48 223 2.44

15 2.15 1.84 2.34 1.88 2.75 2.54 2.71
Male2.wav+white.wav

Input Noisy Spectral Vir99 Gab01 | CKFSFM | KFSM KFSFMW
SNR Speech Sub.

(dB)

5 1.24 0.74 1.47 0.77 1.89 1.68 1.83

0 1.66 1.02 1.68 1.08 2.10 1.85 2.03

5 1.82 1.39 1.83 1.43 2.24 2.08 2.22

10 1.99 1.69 2.12 1.70 2.46 2.28 243

15 2.24 1.89 2.41 1.91 2.73 2.52 2.68
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Male3.wav+white.wav

Input Noisy Spectral Vir99 | Gab0l | CKFSFM | KFSM KFSFMW
SNR Speech Sub.

(dB)

5 1.44 0.48 1.48 0.52 1.62 1.56 1.60

0 1.57 0.74 1.64 0.81 1.89 1.75 1.87

5 1.72 1.18 1.77 1.20 2.23 1.90 2.16

10 1.96 1.51 2.10 1.54 2.49 2.33 245

15 2.27 1.71 246 1.71 2.75 2.61 2.73

Table B.3 PESQ scores obtained by different methods with some colored noise signals

Femalel .wav+babble.wav

Input SNR | Noisy Conventional Vir99 | Pop98 | Mit00 | CKFSFM | KFSFMC
(dB) Speech SS

5 0.89 0.76 1.09 0.78 0.76 1.51 1.50

0 1.32 1.17 1.39 1.23 1.21 1.84 1.83

5 1.61 1.65 1.81 1.70 1.69 2.14 2.13

10 1.97 2.02 2.17 2.08 2.05 2.45 2.44

15 2.34 2.32 2.52 2.35 2.34 2.73 2.72




Femalel .wav+car.wav

Input SNR | Noisy Conventional Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.06 0.93 1.12 0.93 0.95 1.45 1.39

0 1.33 1.39 1.53 1.46 1.40 1.81 1.75

5 1.66 1.81 1.96 1.85 1.85 2.16 2.08

10 2.04 2.10 2.35 2.13 2.10 2.39 238

15 240 2.33 2.63 2.33 2.38 2.66 2.61
Femalel .wav-+street.wav

Input SNR | Noisy Conventional Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.19 1.16 1.30 1.22 1.22 1.58 1.51

0 1.49 1.60 1.72 1.60 1.65 1.90 1.86

5 1.85 1.96 2.11 2.00 2.02 2.18 2.17

10 2.22 2.23 2.35 2.24 2.30 2.48 2.43

15 2.56 2.41 2.62 242 2.45 2.70 2.69
Femalel.wav+coloredl . wav

Input SNR | Noisy Conventional Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.29 1.11 1.37 1.12 1.17 1.64 1.63

0 1.54 1.57 1.71 1.61 1.65 1.99 1.92

5 1.85 1.95 2.05 2.00 1.99 2.24 2.20

10 2.20 2.23 2.49 2.28 2.26 2.51 2.50

15 2.54 2.45 2.71 2.52 2.50 2.85 2.78
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Female2.wav-+babble.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 | CKFSFM | KFSFMC
(dB) Speech SS

5 1.07 0.70 1.13 0.74 0.74 1.57 1.49

0 1.44 1.10 1.50 1.10 1.17 1.89 1.86

5 1.75 1.51 1.92 1.52 1.54 2.26 2.19

10 2.10 1.82 2.27 1.85 1.84 2.56 2.48

15 245 2.01 2.60 2.02 2.04 2.77 2.75
Female2.wav+car.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 | CKFSFM | KFSFMC
(dB) Speech SS

5 1.08 0.91 1.21 0.91 0.98 1.45 1.38

0 1.40 1.21 1.63 1.23 1.27 1.74 1.70

5 1.75 1.63 1.96 1.66 1.64 2.20 2.22

10 2.12 1.88 2.20 1.94 1.95 2.45 2.32

15 2.48 2.05 2.49 2.12 2.08 2.77 2.60
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Female2.wav+street.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 | CKFSFM | KFSFMC
(dB) Speech SS

5 1.25 1.03 1.34 1.05 1.04 1.57 1.49

0 1.56 1.38 1.68 142 1.40 1.82 1.82

5 1.92 1.74 2.98 1.80 1.74 2.15 2.13

10 2.28 1.97 2.30 2.00 1.97 243 241

15 2.61 2.11 2.57 2.12 2.16 2.76 2.68

Female2.wav+coloredl.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 Mit00 CKFSFM | KFSFMC
(dB) Speech S8

5 1.32 0.91 1.44 0.94 0.94 1.68 1.61

0 1.59 1.34 1.73 1.38 1.40 1.98 1.92

5 1.93 1.70 2.10 1.73 1.74 2.29 2.23

10 2.29 1.94 243 2.00 1.97 2.51 2.51

15 2.63 2.09 2.71 2.10 2.13 2.78 2.76
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Female3.wav+babble.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 0.95 0.62 0.86 0.68 0.66 1.45 1.40

0 1.22 0.96 1.25 1.01 0.99 1.78 1.77

5 1.54 1.32 1.65 1.35 1.37 2.14 2.08

10 1.88 1.65 2.05 1.68 1.69 2.46 2.40

15 2.23 1.95 242 2.00 1.96 2.73 2.72
Female3.wav-+car.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 | CKFSFM | KFSFMC
(dB) Speech SS

25 1.13 0.71 1.24 0.72 0.75 1.62 1.56

0 1.42 1.20 1.65 1.24 1.27 1.88 1.88

5 1.77 1.65 2.02 1.68 1.67 2.22 2.16

10 2.11 1.91 2.25 1.97 1.95 2.48 242

15 2.44 2.12 2.55 2.15 2.16 2.72 2.68




Female3.wav+tstreet.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

-5 1.34 1.06 1.43 1.10 1.11 1.63 1.61

0 1.63 1.47 1.83 1.51 1.49 2.00 1.98

5 1.97 1.79 2.18 1.79 1.81 2.31 2.24

10 2.30 2.04 2.39 2.04 2.06 2.55 2.49

15 2.62 2.21 2.69 2.26 2.22 2.77 2.76

Female3.wav-+colored]l.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech S8

.5 1.26 0.98 1.42 1.03 1.05 1.79 1.74

0 1.51 1.43 1.76 1.48 1.43 2.01 2.00

5 1.84 1.75 2.07 1.80 1.80 2.34 2.27

10 2.16 1.94 2.37 2.01 2.00 2.61 2.54

15 2.49 2.12 2.67 2.17 2.12 2.83 2.80
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Malel.wav+babble.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 0.82 0.26 1.11 0.29 0.32 1.63 1.58

0 1.18 0.54 1.34 0.59 0.61 1.63 1.61

5 1.56 0.94 1.65 0.94 0.96 1.97 1.91

10 1.82 141 1.83 1.44 1.43 2.34 2.28

15 217 1.77 222 1.77 1.81 2.66 2.61
Malel.wav+car.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 | CKFSFM | KFSFMC
(dB) Speech SS

5 1.36 0.69 1.42 0.71 0.76 1.89 1.81

0 1.55 0.98 1.63 1.08 1.04 2.12 2.08

5 1.81 1.37 1.93 1.43 1.44 237 2.30

10 2.10 1.69 2.19 1.70 1.76 2.51 2.49

15 241 1.95 241 2.02 2.02 2.74 2.70
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Malel.wav-+street.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.50 0.88 1.50 0.89 0.92 1.97 1.94

0 1.74 1.19 1.79 1.25 1.20 2.25 2.18

5 1.99 1.55 2.11 1.62 1.57 2.46 2.40

10 2.29 1.80 2.43 1.86 1.80 2.62 2.60

15 2.60 2.00 2.71 2.05 2.05 2.85 2.82
Malel.wav-+coloredl.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

-5 1.37 0.60 1.40 0.67 0.62 1.86 1.82

0 1.55 0.98 1.65 1.01 1.06 2.05 2.03

5 1.79 1.39 1.95 1.44 1.42 2.27 2.24

10 2.08 1.68 2.22 1.75 1.71 2.51 2.45

15 2.40 1.93 2.51 1.96 1.97 2.74 2.68
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Male2 . wav+babble.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 0.72 0.55 1.01 0.60 0.62 1.29 1.20

0 1.57 0.82 1.57 0.88 0.86 1.83 1.79

5 1.78 1.12 1.79 1.17 1.13 2.06 2.06

10 1.99 1.45 2.05 1.46 1.48 2.33 233

15 2.25 1.73 2.37 1.73 1.73 2.60 2.59
Male2.wav+car.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.79 0.82 1.66 0.89 0.87 1.87 1.96

0 1.82 1.18 1.89 1.23 1.19 2.15 2.14

5 2.00 1.53 2.00 1.56 1.58 231 231

10 2.21 1.78 2.28 1.85 1.82 2.49 2.46

15 2.48 1.94 2.57 2.01 1.94 2.77 2.65

146




Male2.wav+tstreet.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.68 0.96 1.73 0.96 1.01 2.00 1.95

0 1.92 1.31 1.92 1.36 1.32 2.19 2.18

5 2.12 1.65 2.16 1.65 1.66 242 2.35

10 2.38 1.87 242 1.88 1.87 2.59 2.57

15 2.66 2.08 2.72 2.11 2.13 2.83 2.79
Male2.wav+coloredl.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.71 0.89 1.79 0.95 0.96 2.11 2.02

0 1.87 1.22 1.96 1.28 1.28 2.22 2.20

5 2.04 1.56 2.05 1.62 1.59 2.37 2.36

10 2.25 1.82 2.33 1.86 1.84 2.57 2.52

15 2.50 1.98 2.64 2.00 2.02 2.80 2.73

147




Male3.wav+babble. wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 0.70 0.43 1.27 045 0.44 1.64 1.58

0 1.59 0.67 1.66 0.67 0.67 1.81 1.77

5 1.78 1.06 1.81 1.08 1.10 2.12 2.11

10 2.02 1.32 2.07 1.37 1.38 2.38 2.38

15 2.33 1.59 2.46 1.64 1.63 2.70 2.66
Male3.wav+car.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.43 0.63 1.45 0.65 0.64 1.99 1.94

0 1.64 0.90 1.71 0.93 0.90 2.10 2.03

5 1.92 1.33 1.95 1.35 1.35 2.30 2.22

10 2.15 1.61 2.26 1.65 1.64 2.44 2.42

15 244 1.79 2.55 1.79 1.82 2.65 2.65
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Male3.wav+street.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

5 1.53 0.80 1.59 0.84 0.80 1.85 1.82

0 1.81 1.09 1.87 1.10 1.12 2.15 2.09

5 2.03 1.45 2.09 1.49 1.49 2.30 2.30

10 2.31 1.69 241 1.74 1.69 2.53 2.51

15 2.62 1.85 2.71 1.91 1.86 2.80 2.77
Male3.wav+colored]l.wav

Input SNR | Noisy Conventional | Vir99 | Pop98 | Mit00 CKFSFM | KFSFMC
(dB) Speech SS

.5 1.64 0.69 1.70 0.77 0.70 1.93 1.92

0 1.81 1.04 1.86 1.10 1.11 2.18 2.1

5 2.02 1.39 2.1 1.42 1.44 2.33 2.28

10 2.27 1.64 2.35 1.67 1.71 2.53 248

15 2.55 1.79 2.62 1.85 1.80 2.78 2.72
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Table B.4 Average PESQ score gains obtained by applying the Kalman filter with a
perceptual post-filter (KFSFMC) as a pre-processing step or a post-processing step to

common speech codecs

input speech SNR — 5 10 15
-5dB | 0dB
algorithm v dB | dB | dB
original noisy speech PESQ 1.26 1.54 | 180} 2.11 | 2.43
PESQ gain with G729 codec (without enh.) -0.11 -0.01 10.09| 0.10 | 0.10
PESQ gain with G729 and post-processing 0.27 033 039 033 | 0.24
PESQ gain with G729 and pre-processing 0.41 045 045, 038 | 0.26

PESQ gain with G723.1 codec (without enh.) 0.06 0.07 (0.10| 0.10 | 0.07

PESQ gain with G723.1 and post-processing 0.41 040 041 032 | 0.20

PESQ gain with G723.1 and pre-processing 0.44 046 044 036 | 0.20

PESQ gain with G711codec (without enh.) 0.01 0.00 {0.00| 0.00 | 0.00
PESQ gain with G711 and post-processing 0.36 0.40 1040 035 | 0.29
PESQ gain with G711 and pre-processing 0.41 039 10391 034 | 0.27
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Table B.S Details of average PESQ score gains obtained by the proposed Kalman filter with
perceptual post-filter method (KFSFMC) and the perceptual spectral subtraction method

[Vir99] for 5 noise types

input speech SNR —»
-5dB 0dB 5dB 10dB 15dB

algorithm
original noisy speech PESQ 1.26 1.54 1.80 2.11 2.43
Babble noise
PESQ gain with KFSFMC 0.33 032 041 0.42 0.38
PESQ gain with method in [Vir99] 0.16 -0.08  0.06 0.14 0.17
Car noise
PESQ gain with KFSFMC 0.38 040  0.37 0.29 0.21
PESQ gain with method in [Vir99] 0.05 0.15 0.20 0.22 0.19
Street noise
PESQ gain with KFSFMC 0.30 032  0.28 0.21 0.14
PESQ gain with method in [Vir99] 0.09 0.13 0.19 0.18 0.14
White noise
PESQ gain with KFSFMC 0.44 054 057 0.54 0.48
PESQ gain with method in [Vir99] 0.12 0.15 0.20 0.24 0.25
Generated colored noise
PESQ gain with KFSFMC 0.36 039 035 0.29 0.23

PESQ gain with method in [Vir99] 0.09 0.16 0.19 0.20 0.18




Table B.6 PESQ score gains obtained by the proposed Kalman filter with perceptual

post-filter method (KFSFMC) and the perceptual spectral subtraction method [Vir99],

under a reverberation environment

speech signals ?

Femalel Female2 Female3 Malel Male2 Maled Ave.

algorithm ?
original reverberant speech PESQ 2.12 2.25 2.39 2.39 246 226 231
PESQ gain with proposed method 0.11 0.02 0.11 0.14 0.11 0.08 0.09
PESQ gain with method in [Vir99] 0.01 0.08 0.04 -0.03 -0.02 0.00 0.01
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(a) Female Speech Signals

PESQ scores

(b) Male Speech Signals
!': noisy speech signal, ? : traditional spectral subtraction method, %: perceptually weighted spectral subtraction
method [Vir99],%: Kalman filtering method [Gab01], e: truly constrained Kalman filter with masking

properties(CKFSFM), +: Kalman filter with simultaneous masking (KFSM).

Fig. B.1 Average PESQ scores of different methods
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PESQ scores
PESQ scores

|

' : noisy speech signal, ? : traditional spectral subtraction method, x: perceptually spectral subtraction method [Vir99],%*: Kalman
filtering method [Gab01], : truly constrained Kalman fiiter with masking properties(CKFSFM), +: Kalman filter with
perceptual post-filter for white noise (KFSFMW), +: Kalman filter with simultaneous masking (KFSM).

Fig. B.2 Average PESQ scores of different methods
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(a) female speech with babble noise
] |
h %

(b) female speech with car noise



PESQ scores ’

(c) female speech with street noise

PESQ scores

|
|
|
|

(d) female speech with generated colored noise
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(e) male speech with babble noise

(f) male speech with car noise
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PESQ scores

(g) male speech with street noise

"PESQ scores

(h) male speech with generated colored noise
+: noisy speech signal, | : traditional spectral subtraction method, ? : perceptually weighted spectral subtraction
method [Vir99], »: KLT method [Pop98], *: [Mit00], ®: truly constrained Kalman filter with masking

properties(CKFSFM), +: Kalman filter with perceptual post-filter for colored noise (KFSFMC).

Fig. B.3 Average PESQ scores of different methods for colored noise case
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C. Simulation Results of Chapter 5

Table C.1 Detailed PESQ scores obtained by different methods

Femalel.wav+babble. wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 0.89 0.76 1.09 0.78 0.76 1.50 1.50

0 1.32 1.17 1.39 1.23 1.21 1.83 1.82

5 1.61 1.65 1.81 1.70 1.69 213 2.14

10 1.97 2.02 2.17 2.08 2.05 2.44 245

15 234 2.32 2.52 2.35 2.34 2.72 2.71
Femalel.wav+street.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 | KFSFMC | WKFSFM

SNR | Speech | S8

(dB)

5 1.19 1.16 1.30 1.22 1.22 1.51 1.51

0 1.49 1.60 1.72 1.60 1.65 1.86 1.85

5 1.85 1.96 2.11 2.00 2.02 2.17 2.17

10 2.22 2.23 2.35 2.24 2.30 2.43 2.44

15 2.56 2.41 2.62 2.42 2.45 2.69 2.69

159




Female2.wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

-5 1.07 0.70 1.13 0.74 0.74 1.49 1.50

0 1.44 1.10 1.50 1.10 1.17 1.86 1.85

5 1.75 1.51 1.92 1.52 1.54 2.19 2.19

10 2.10 1.82 227 1.85 1.84 248 2.49

15 2.45 2.01 2.60 2.02 2.04 2.75 2.75
Female2.wav+street.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 1.25 1.03 1.34 1.05 1.04 1.49 1.49

0 1.56 1.38 1.68 1.42 1.40 1.82 1.81

5 1.92 1.74 2.98 1.80 1.74 2.13 2.13

10 2.28 1.97 2.30 2.00 1.97 2.41 2.42

15 2.61 2.1 2.57 2.12 2.16 2.68 2.68
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Female3.wavt+babble.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 0.95 0.62 0.86 0.68 0.66 1.40 1.40

0 1.22 0.96 1.25 1.01 0.99 1.77 1.76

5 1.54 1.32 1.65 1.35 1.37 2.08 2.08

10 1.88 1.65 2.05 1.68 1.69 2.40 2.40

15 2.23 1.95 2.42 2.00 1.96 2.72 271
Female3.wav-+street.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 1.34 1.06 143 1.10 1.11 1.61 1.61

0 1.63 1.47 1.83 1.51 1.49 1.98 1.98

5 1.97 1.79 2.18 1.79 1.81 2.24 2.25

10 2.30 2.04 2.39 2.04 2.06 2.49 2.49

15 2.62 2.21 2.69 2.26 2.22 2.76 2.76
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Malel .wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 0.82 0.26 1.11 0.29 0.32 1.58 1.59

0 1.18 0.54 1.34 0.59 0.61 1.61 1.60

5 1.56 0.94 1.65 0.94 0.96 1.91 1.92

10 1.82 1.41 1.83 1.44 1.43 2.28 2.29

15 2.17 1.77 222 1.77 1.81 2.61 2.61
Malel.wav+street.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 1.50 0.88 1.50 0.89 0.92 1.94 1.94

0 1.74 1.19 1.79 1.25 1.20 2.18 217

5 1.99 1.55 2.11 1.62 1.57 2.40 240

10 2.29 1.80 243 1.86 1.80 2.60 2.61

15 2.60 2.00 271 2.05 2.05 2.82 2.81
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Male2.wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 0.72 0.55 1.01 0.60 0.62 1.20 1.20

0 1.57 0.82 1.57 0.88 0.86 1.79 1.78

5 1.78 1.12 1.79 1.17 1.13 2.06 2.06

10 1.99 1.45 2.05 1.46 1.48 2.33 2.33

15 225 1.73 2.37 1.73 1.73 2.59 2.59
Male2 . wav+street.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 1.68 0.96 1.73 0.96 1.01 1.95 1.96

0 1.92 1.31 1.92 1.36 1.32 2,18 2.17

5 2.12 1.65 2.16 1.65 1.66 2.35 2.36

10 238 1.87 242 1.88 1.87 2.57 2.57

15 2.66 2.08 2.72 2.11 2.13 2.79 2.79
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Male3.wav-+babble. wav

Input | Noisy Conventional Vir99 Pop98 Mit00 | KFSFMC | WKFSFM

SNR | Speech | SS

(dB)

5 0.70 043 1.27 045 0.44 1.58 1.59

0 1.59 0.67 1.66 0.67 0.67 1.77 1.76

5 1.78 1.06 1.81 1.08 1.10 2.11 2.11

10 2.02 1.32 2.07 1.37 1.38 2.38 2.38

15 2.33 1.59 2.46 1.64 1.63 2.66 2.65
Male3.wav-street.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | KFSFMC | WKFSFM

SNR | Speech |'SS

(dB)

5 1.53 0.80 1.59 0.84 0.80 1.82 1.82

0 1.81 1.09 1.87 1.10 1.12 2.09 2.09

5 2.03 1.45 2.09 1.49 1.49 2.30 2.31

10 231 1.69 241 1.74 1.69 2.51 2.51

15 2.62 1.85 2.7 1.91 1.86 277 2.76
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D. Simulation Results of Chapter 6

Table D.1 PESQ scores obtained by different methods with white noise signal

Femalel.wav+white.wav

Input Noisy Conventional | Vir99 | Gab01 | CKFSFM | PCDUKF
SNR Speech SS

(dB)

5 1.03 0.86 1.09 0.89 1.61 1.59

0 1.22 1.30 1.44 1.36 1.96 1.88

5 1.53 1.73 1.86 1.75 2.29 235

10 1.92 2.07 2.22 2.12 2.54 2.60

15 2.29 2.32 2.56 2.34 2.87 2.94

Female2.wav+white.wav

Input Noisy Conventional | Vir99 | Gab01 | CKFSFM | PCDUKF
SNR Speech SS

(dB)

-5 1.16 0.79 1.28 0.82 1.63 1.54

0 1.38 1.16 1.62 1.22 1.98 1.88

5 1.69 1.57 1.98 1.60 2.24 2.29

10 2.04 1.85 2.31 1.87 2.54 2.66

15 2.38 2.02 2.64 2.05 2.82 293
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Female3.wav+white.wav

Input Noisy Conventional | Vir99 | Gab01 | CKFSFM | PCDUKF
SNR Speech SS

(dB)

5 0.98 0.67 1.12 0.71 1.63 1.53

0 1.24 1.08 1.48 1.11 1.96 1.87

5 1.58 1.53 1.83 1.57 2.28 2.33

10 1.94 1.84 2.17 1.89 2.62 2.69

15 2.27 2.04 2.52 2.11 2.80 2.89
Malel.wav+white.wav

Input Noisy Conventional | Vir99 | Gab0l | CKFSFM | PCDUKF
SNR Speech SS

(dB)

5 1.16 0.47 1.19 0.48 1.62 1.53

0 1.30 0.80 1.37 0.85 1.89 1.80

5 1.51 1.26 1.61 1.29 2.18 2.24

10 1.81 1.59 2.03 1.64 248 2.54

15 2.15 1.84 2.34 1.88 2.75 2.82
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Male2. . wav+white.wav

Input Noisy Conventional | Vir99 | Gab0l | CKFSFM | PCDUKF
SNR Speech SS

(dB)

5 1.24 0.74 1.47 0.77 1.89 1.79

0 1.66 1.02 1.68 1.08 2.10 2.01

5 1.82 1.39 1.83 1.43 2.24 2.30

10 1.99 1.69 2.12 1.70 246 2.52

15 2.24 1.89 2.41 1.91 2.73 2.78
Male3.wav+white.wav

Input Noisy Conventional | Vir99 | Gab0l | CKFSFM | PCDUKF
SNR Speech SS

(dB)

5 1.44 0.48 1.48 0.52 1.62 1.53

0 1.57 0.74 1.64 0.81 1.89 1.80

5 1.72 1.18 1.77 1.20 223 2.29

10 1.96 1.51 2.10 1.54 249 2.56

15 2.27 1.71 2.46 1.71 2.75 2.83
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Table D.2 PESQ scores obtained by different methods with some colored noise signals

Femalel.wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM PCDUKF
SNR | Speech | SS

(dB)

5 0.89 0.76 1.09 0.78 0.76 1.51 1.50

0 1.32 1.17 1.39 1.23 1.21 1.84 1.80

5 1.61 1.65 1.81 1.70 1.69 2.14 2.20

10 1.97 2.02 2.17 2.08 2.05 2.45 2.52

15 2.34 2.32 2.52 2.35 234 2.73 2.79
Femalel.wav-+car.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.06 0.93 1.12 0.93 0.95 1.45 1.34

0 1.33 1.39 1.53 1.46 1.40 1.81 1.69

5 1.66 1.81 1.96 1.85 1.85 2.16 2.22

10 2.04 2.10 2.35 2.13 2.10 2.39 2.45

15 2.40 2.33 2.63 2.33 2.38 2.66 2.73
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Femalel .wav+street.wav

Input | Noisy Conventional Vir99 | Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

-5 1.19 1.16 1.30 1.22 1.22 1.58 1.46

0 1.49 1.60 1.72 1.60 1.65 1.90 1.79

5 1.85 1.96 2.11 2.00 2.02 2.18 2.24

10 2.22 2.23 2.35 2.24 2.30 2.48 2.54

15 2.56 241 2.62 242 245 2.70 275
Femalel.wav+colored]l.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.29 1.11 1.37 1.12 1.17 1.64 1.53

0 1.54 1.57 1.71 1.61 1.65 1.99 1.90

5 1.85 1.95 2.05 2.00 1.99 2.24 2.34

10 2.20 223 2.49 2.28 2.26 2.51 2.60

15 2.54 245 2.71 2.52 2.50 2.85 2.97

169




Female2. wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.07 0.70 1.13 0.74 0.74 1.57 1.47

0 1.44 1.10 1.50 1.10 1.17 1.89 1.80

5 1.75 1.51 1.92 1.52 1.54 2.26 232

10 2.10 1.82 2.27 1.85 1.84 2.56 2.63

15 2.45 2.01 2.60 2.02 2.04 2.77 2.83
Female2.wav+car.wav

Input | Notsy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.08 0.91 1.21 0.91 0.98 1.45 1.36

0 1.40 1.21 1.63 1.23 1.27 1.74 1.69

5 1.75 1.63 1.96 1.66 1.64 2.20 2.26

10 2.12 1.88 2.20 1.94 1.95 245 2.52

15 2.48 2.05 2.49 2.12 2.08 2.77 2.81
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Female2 .wav+tstreet.wav

Input | Noisy Conventional Vir99 PopS8 | Mit00 CKFSFM PCDUKF
SNR | Speech | SS

(dB)

5 1.25 1.03 1.34 1.05 1.04 1.57 1.47

0 1.56 1.38 1.68 1.42 1.40 1.82 1.79

5 1.92 1.74 1.98 1.80 1.74 2,15 2.21

10 2.28 1.97 2.30 2.00 1.97 243 2.51

15 2.61 2.11 2.57 2.12 2.16 2.76 2.82
Female2.wav+coloredl.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.32 0.91 1.44 0.94 0.94 1.68 1.59

0 1.59 1.34 1.73 1.38 1.40 1.98 1.88

5 1.93 1.70 2.10 1.73 1.74 2.29 2.35

10 2.29 1.94 243 2.00 1.97 2.51 2.59

15 2.63 2.09 2.7 2.10 2.13 2.78 2.80
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Female3.wav-+babble. wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM PCDUKF
SNR | Speech | SS

(dB)

.5 0.95 0.62 0.86 0.68 0.66 1.45 1.35

0 1.22 0.96 1.25 1.01 0.99 1.78 1.68

5 1.54 1.32 1.65 1.35 1.37 2.14 2.19

10 1.88 1.65 2.05 1.68 1.69 2.46 2.57

15 2.23 1.95 2.42 2.00 1.96 2.73 2.81
Female3.wav+car.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.13 0.71 1.24 0.72 0.75 1.62 1.52

0 1.42 1.20 1.65 1.24 1.27 1.88 1.78

5 1.77 1.65 2.02 1.68 1.67 2.22 2.28

10 2.11 1.91 2.25 1.97 1.95 2.48 2.54

15 244 2.12 2.55 2.15 2.16 2.72 2.81
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Female3.wav+street.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.34 1.06 1.43 1.10 1.11 1.63 1.53

0 1.63 1.47 1.83 1.51 1.49 2.00 1.91

5 1.97 1.79 2.18 1.79 1.81 2.31 2.38

10 2.30 2.04 2.39 2.04 2.06 2.55 2.63

15 2.62 2.21 2.69 2.26 2.22 2.77 2.83
Female3.wav+coloredl.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.26 0.98 1.42 1.03 1.0 1.79 1.69

0 1.51 1.43 1.76 1.48 1.43 2.01 1.91

5 1.84 1.75 2.07 1.80 1.80 2.34 2.38

10 2.16 1.94 237 2.01 2.00 2.61 2.67

15 | 249 2.12 267|217 212|283 2.91




Malel.wav+babble.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM PCDUKF
SNR | Speech | SS

(dB)

-5 0.82 0.26 1.11 0.29 0.32 1.63 1.54

0 1.18 0.54 1.34 0.59 0.61 1.63 1.53

5 1.56 0.94 1.65 0.94 0.96 1.97 2.02

10 1.82 1.41 1.83 1.44 1.43 2.34 2.42

15 2.17 1.77 2.22 1.77 1.81 2.66 2.74

Malel.wav+car.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM PCDUKF
SNR | Speech | SS

(dB)

5 1.36 0.69 1.42 0.71 0.76 1.89 1.79

0 1.55 0.98 1.63 1.05 1.04 2.12 2.02

5 1.81 1.37 1.93 1.43 1.44 2.37 2.42

10 2.10 1.69 2.19 1.70 1.76 2.51 2.58

15 241 1.95 2.41 2.02 2.02 2.74 2.82
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Malel .wav+street.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.50 0.88 1.50 0.89 0.92 1.97 1.87

0 1.74 1.19 1.79 1.25 1.20 2.25 2.15

5 1.99 1.55 2.11 1.62 1.57 2.46 2.51

10 2.29 1.80 243 1.86 1.80 2.62 2.67

15 2.60 2.00 2.71 2.05 2.05 2.85 2.89
Malel.wav+colored].wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.37 0.60 1.40 0.67 0.62 1.86 1.77

0 1.55 0.98 1.65 1.01 1.06 2.05 1.96

5 1.79 1.39 1.95 1.44 1.42 2.27 2.33

10 2.08 1.68 2.22 1.75 1.71 2.51 2.56

15 2.40 1.93 2.51 1.96 1.97 2.74 2.81
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Male2.wav+babble. wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM PCDUKF
SNR | Speech | SS

(dB)

5 0.72 0.55 1.01 0.60 0.62 1.29 1.13

0 1.57 0.82 1.57 0.88 0.86 1.83 1.73

5 1.78 1.12 1.79 1.17 1.13 2.06 2.13

10 1.99 1.45 2.05 1.46 1.48 2.33 2.39

15 2.25 1.73 2.37 1.73 1.73 2.60 2.67
Male2.wav+car.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

.5 1.79 0.82 1.66 0.89 0.87 1.87 1.78

0 1.82 1.18 1.89 1.23 1.19 2.15 2.05

5 2.00 1.53 2.00 1.56 1.58 2.31 2.36

10 221 1.78 2.28 1.85 1.82 2.49 2.55

15 248 1.94 2.57 2.01 1.94 2.77 2.85
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Male2.wav+street.wav

Input | Noisy Conventional Vir99 Pop98 Mit00 CKFSFM PCDUKF
SNR Speech | SS

(dB)

5 1.68 0.96 1.73 0.96 1.01 2.00 1.89

0 1.92 1.31 1.92 1.36 1.32 2.19 2.09

5 2.12 1.65 2.16 1.65 1.66 242 2.48

10 2.38 1.87 2.42 1.88 1.87 2.59 2.66

15 2.66 2.08 2.72 2.11 2.13 2.83 291

Male2.wav+tcoloredl .wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM PCDUKF
SNR | Speech | SS

(dB)

5 1.71 0.89 1.79 0.95 0.96 2.11 2.01

0 1.87 1.22 1.96 1.28 1.28 2.22 2,13

5 2.04 ‘ 1.56 2.05 1.62 1.59 2.37 243

10 2.25 1.82 2.33 1.86 1.84 2.57 2.65

15 2.50 1.98 2.64 2.00 2.02 2.80 2.86
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Male3.wav+babble. wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 0.70 0.43 1.27 045 0.44 1.64 1.55

0 1.59 0.67 1.66 0.67 0.67 1.81 1.71

5 1.78 1.06 1.81 1.08 1.10 2.12 2.17

10 2.02 1.32 2.07 1.37 1.38 2.38 2.47

15 2.33 1.59 2.46 1.64 1.63 2.70 2.77
Male3.wav+car.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM PCDUKF
SNR | Speech | SS

(dB)

5 1.43 0.63 1.45 0.65 0.64 1.99 1.90

0 1.64 0.90 1.71 0.93 0.90 2.10 2.01

5 1.92 1.33 1.95 1.35 1.35 2.30 2.36

10 2.15 1.61 2.26 1.65 1.64 2.44 2.52

15 2.44 1.79 2.55 1.79 1.82 2.65 2.73
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Male3.wavtstreet.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 | CKFSFM | PCDUKF
SNR | Speech | SS

(dB)

5 1.53 0.80 1.59 0.84 0.80 1.85 1.76

0 1.81 1.09 1.87 1.10 1.12 215 2.06

5 2.03 1.43 2.09 1.49 1.49 2.30 2.37

10 2.31 1.69 2.41 1.74 1.69 2.53 2.61

15 2.62 1.85 2.71 1.91 1.86 2.80 2.86

Male3.wav+coloredl.wav

Input | Noisy Conventional Vir99 Pop98 | Mit00 CKFSFM PCDUKF
SNR | Speech | SS

(dB)

5 1.64 0.69 1.70 0.77 0.70 1.93 1.84

0 1.81 1.04 1.86 1.10 1.11 2.18 2.08

5 2.02 1.39 2.11 1.42 1.44 2.33 2.39

10 2.27 1.64 2.35 1.67 1.71 2.53 2.60

15 2.55 1.79 2.62 1.85 1.80 2.78 2.85
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Table D.3 Average PESQ scores obtained by the DUKFPPF and comparison with other

algorithms

Femalet+white
Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech

5 1.05 1.56 1.49 1.55

0 1.28 1.94 1.86 1.88

5 1.60 2.24 2.30 2.33

10 197 | 2.52 2.58 2.65

15 1232|278 2.85 2.92
Male+white
Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech

5 1.28 1.67 1.57 1.61

0 1.51 1.93 1.84 1.87

5 1.68 2.18 222 2.27

0 |192 | 244 2.49 2.54

15 2.22 2.70 2.76 2.81
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Femaletbabble

Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech

5 0.97 1.46 1.37 1.44

0 1.33 1.82 1.74 1.76

5 1.63 2.13 2.20 2.24

10 1.98 2.44 2.51 2.57

15 2.34 2.73 2.77 2.81
Female+car
Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech

5 1.09 1.44 1.35 1.41

0 1.38 1.78 1.67 1.72

5 1.72 2.15 2.20 2.25

10 2.09 2.37 2.45 2.50

15 2.44 2.63 2.70 2.78
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Female+street

Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech

5 1.26 1.53 1.45 1.49

0 1.56 1.88 1.79 1.83

5 1.91 2.18 2.23 2.28

10 2.27 2.45 2.48 2.56

15 2.60 2.71 2.77 2.80
Female+coloredl
Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech

5 1.29 1.66 1.56 1.60

0 1.55 1.95 1.85 1.90

5 1.87 2.23 2.31 2.36

10 221 2.52 2.58 2.62

15 2.55 2.78 2.84 2.90

182




Male+babble

Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech
5 0.74 1.45 1.37 1.40
0 1.45 1.72 1.63 1.66
5 1.71 2.03 2.06 2.11
10 1.94 2.33 2.37 243
15 2.25 2.62 2.67 2.72
~ Male+car
Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech
5 1.53 1.90 1.75 1.82
0 1.67 | 2.09 1.96 2.03
5 1.91 2.28 2.30 2.38
10 2.15 246 2.49 2.55
15 2.44 2.67 2.71 2.80




Maletstreet

Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech

P 1.57 | 1.90 1.81 1.84

0 1.82 2.15 2.07 2.10

5 2.05 2.35 2.38 2.45

10 2.33 2.56 2.60 2.65

15 2.63 2.79 2.82 2.89
Male+coloredl
Input Noisy | KFSFMC DUKFPPF PCDUKF
SNR (dB) | Speech

P 157 | 1.92 1.83 1.88

0 1.74 2.11 2.02 2.06

5 1.95 2.29 232 2.38

0 (220 {248 2.55 2.60

15 2.48 2.71 2.78 2.84
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PESQ scores

(a) female speech with white noise

PESQ scores

(b) male speech with white noise
I - noisy speech signal, ? : traditional spectral subtraction method, x: perceptually weighted spectral subtraction
method [Vir99], >*: Kalman filtering method [Gab01], ®: truly constrained Kalman filter with masking
properties(CKFSFM), ¢: perceptually constrained dual UKF (PCDUKF)

Fig. D.1 Average PESQ scores of different methods for white noise case
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(b) female speech with car noise
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(d) female speech with generated colored] noise
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PESQ scores

(e) male speech with babble noise

PESQ scores v

(f) male speech with car noise

188



) PESQ scores

(g) male speech with street noise

PESQ scores

(h) male speech with generated colored] noise
«: noisy speech signal, | : traditional spectral subtraction method, 7 : perceptually weighted spectral subtraction
method [Vir99], x: KLT method [Pop98], *: [Mit00], ®: truly constrained Kalman filter with masking

properties(CKFSFM), +: perceptually constrained dual UKF (PCDUKE).

Fig. D.2 Average PESQ scores of different methods for colored noise case
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