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Speech Spectral Modeling and Enhancement
Based on Autoregressive Conditional

Heteroscedasticity Model

Israel Cohen

Abstract

In this paper, we introduce a novel approach for statistically modeling speech signals in the short-
time Fourier transform (STFT) domain. The proposed model is based on autoregressive conditional
heteroscedasticity (ARCH) modeling, which is widely-used for modeling the volatility of financial time-
series such as exchange rates and stock returns. Generalized ARCH models account for excess kurtosis
(i.e., heavy-tailed distribution) and volatility clustering, two important characteristics of financial time-
series. Speech signals in the STFT domain exhibit both “volatility clustering” and heavy tail behavior,
and thus are well suited for such modeling. We define the conditional “volatility” of the STFT expansion
coefficients, and propose to model the one-frame-ahead conditional variance of the expansion coefficients
as a generalized ARCH process. Taking into account speech presence uncertainty, we derive recursive
estimators for the variances and magnitudes of the STFT expansion coefficients. Experimental results
show that the proposed model and speech enhancement algorithm yield a higher segmental signal-to-
noise ratio, lower log-spectral distortion, and better Perceptual Evaluation of Speech Quality scores
(PESQ, ITU-T P.862) than those obtained by using the Gaussian statistical model and the decision-

directed estimation approach of Ephraim and Malah.

I. INTRODUCTION

Statistical modeling of speech signals in the short-time Fourier transform (STFT) domain
has recently received much attention, but is still a puzzling problem. Ephraim and Malah [1]

proposed to model the individual STFT expansion coefficients of the speech signal as zero-mean
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statistically independent Gaussian random variables. This model is motivated by the central
limit theorem, as each expansion coefficient is a weighted sum of random variables resulting
from the random sequence of speech samples. It facilitates a mathematically tractable design of
useful speech enhancement algorithms in the STFT domain, e.g. [1]-[7]. However, the necessary
conditions for the central limit theorem, e.g. that a particular few of the member random variables
does not dominate the sum [8], are not satisfied for speech signals. Furthermore, the span of
correlation within speech signals is often larger than the typical sizes of short-term frames used
in speech enhancement applications [9]. Consequently, the Gaussian approximation can be very
inaccurate in the tail regions of the probability density function [9]-[12].

Martin [9] proposed a Gamma speech model, in which the real and imaginary parts of the
STFT expansion coefficients are modeled as independent and identically distributed (IID) Gamma
random variables. He assumed that distinct expansion coefficients are statistically independent,
and derived minimum mean-squared error (MMSE) estimators for the speech expansion coef-
ficients under either Gaussian or Laplacian noise modeling. He showed that under Gaussian
noise modeling, the Gamma speech model yields higher improvement in the segmental signal-
to-noise ratio (SNR) than the Gaussian speech model. Under Laplacian noise modeling, the
Gamma speech model results in lower residual musical noise than the Gaussian speech model.
Alternatively, the real and imaginary parts of the speech STFT expansion coefficients are modeled
as 1ID Laplacian random variables, and distinct expansion coefficients are likewise assumed
statistically independent [9], [13]. Martin and Breithaupt [14] showed that MMSE estimators for
the speech expansion coefficients derived under Laplacian modeling have similar properties to
those estimators derived under Gamma modeling, but are easier to compute and implement.

The above-mentioned statistical models consider the variances of the speech STFT expansion
coefficients as the model parameters, which have to be estimated from the noisy observed signal.
Ephraim and Malah [1], [15] proposed three different methods for the estimation of the speech
spectral variances. The first method is maximume-likelihood (ML) estimation, assuming that the
variances are slowly time-varying parameters. This method results in musical residual noise,
which is annoying and disturbing to the perception of the enhanced signal. The second method
is “decision-directed” estimation, which is particularly useful when combined with the MMSE
spectral, or log-spectral, magnitude estimators [1], [2], [16]. It results in colorless residual

noise, but is heuristically motivated and its theoretical performance is unknown due to its



highly nonlinear nature. The third method [15] is maximum a-posteriori (MAP) estimation,
assuming a specific heuristic first-order Markov model for generating a sequence of speech
spectral variances. It involves a set of nonlinear equations, which are solved recursively by
using the Viterbi algorithm. The computational complexity of the MAP estimator is relatively
high, while it does not provide a significant improvement in the enhanced speech quality over
the decision-directed estimator [15]. Therefore, the decision-directed approach has become the
most acceptable estimation method for the variances of the speech STFT expansion coefficients.

Unfortunately, the decision-directed estimation approach heavily relies on the strong time-
correlation between successive speech STFT expansion coefficients, whereas the underlying
assumption in the above-mentioned models is that distinct expansion coefficients are statistically
independent. Ephraim and Malah concluded their seminal paper [1] by stating that the full
potential of their approach is not yet exploited, and better results may be obtained if the estimation
of the speech spectral variances could be improved. They recognized the limit of their model,
and conjectured that removing the statistical independence assumption may improve the speech
enhancement results. Twenty years later, there still has not been found a statistical model for
speech signals in the STFT domain, which allows reliable and efficient estimation of the variances
and magnitudes of the expansion coefficients in noisy environments.

Recently [17] we proposed to relax the statistical model of Ephraim and Malah by considering
conditional independence of the STFT expansion coefficients given their variances, where the
sequence of variances at a given frequency is described as a random sequence. In this paper,
pursuing this approach, we propose a novel statistical model for speech signals in the STFT
domain, which is based on autoregressive conditional heteroscedasticity (ARCH) modeling.
ARCH models, introduced by Engle [18] and generalized by Bollerslev [19], are widely-used for
volatility modeling of financial time-series such as exchange rates and stock returns. They are
successfully utilized in various financial applications such as risk management, option pricing,
foreign exchange, and the term structure of interest rates [20]. The changes in volatility are
important for understanding financial markets, since higher volatility is associated with a greater
risk and investors require higher expected returns as compensation for holding riskier assets.
Generalized autoregressive conditional heteroscedasticity (GARCH) models [19] explicitly pa-
rameterize the time-varying volatility in terms of past conditional variances and past squared

innovations (prediction errors), while taking into account excess kurtosis (i.e., heavier tailed



distribution than Gaussian) and volatility clustering, two important characteristics of financial
time-series.

Speech signals, when transformed into the time-frequency domain by using the STFT, demon-
strate both “volatility clustering” and heavy tail behavior. Consider a time series of successive
expansion coefficients in a fixed frequency bin, then successive magnitudes of the expansion
coefficients are highly correlated, whereas successive phases can be assumed uncorrelated [17].
Hence, large magnitudes tend to follow large magnitudes and small magnitudes tend to follow
small magnitudes, while the spectral phase is practically unpredictable. Furthermore, expansion
coefficients of speech signals do not have a Gaussian distribution, but rather Gamma-like distri-
bution with significant heavy tail behavior [9]-[11]. Therefore, GARCH modeling can be tailored
to speech signals in the STFT domain.

Here, we take into account the speech presence uncertainty, and explicitly define the con-
ditional variance of the expansion coefficients. We show that the one-frame-ahead conditional
variance is a MMSE estimator of the variance given past spectral components. We propose
to model the one-frame-ahead conditional variance as a GARCH process, and derive recursive
estimators for the variances and magnitudes of the STFT expansion coefficients. The performance
of the proposed speech enhancement algorithm is evaluated, and compared to that obtained by
using the conventional Gaussian statistical model and the decision-directed estimation approach.
Experimental results show that the proposed method yields a higher segmental SNR, lower
log-spectral distortion, and better Perceptual Evaluation of Speech Quality scores (PESQ, ITU-
T P.862). A subjective study of speech spectrograms and informal listening tests confirm that
by using the GARCH modeling method, weak speech components and unvoiced sounds are
significantly more emphasized, and the enhanced speech is of higher quality.

The paper is organized as follows. In Section II, we review the autoregressive conditional
heteroscedasticity models. In Section III, we formulate a novel approach for statistically modeling
speech signals in the STFT domain. In Section IV, we derive recursive estimators for the
variances and magnitudes of the STFT expansion coefficients. In Section V, we address the
problem of estimating the model parameters. Finally, in Section VI, we demonstrate the improved
performance of proposed speech enhancement algorithm, compared to that obtained by using

the decision-directed estimation approach.



II. AUTOREGRESSIVE CONDITIONAL HETEROSCEDASTICITY

Let {y;} denote a real-valued discrete-time stochastic process, and let ¢, denote an information
set available at time ¢ (e.g., {y;} may represent a sequence of observations, and ¢, may include
the observed data through time t). Then, the innovation (prediction error) ; at time ¢ in the
MMSE sense is obtained by subtracting from ¥, its conditional expectation given the information
Yr-1,

8t=yt—E{yt |'¢t71}- (1

The conditional variance (volatility) of ¥, given v;_; is by definition the conditional expectation

of &2,

0t2 = var{y, |1}
= E{{f? |Q/Jt_1} . (2)

Changes in the conditional variance are quite important for understanding financial markets, since
higher volatility is associated with a greater risk and investors require higher expected returns
as compensation for holding riskier assets. The ARCH model introduced by Engle [18], and the
GARCH model proposed by Bollerslev [19] as a generalization of Engle’s model, provide a rich
class of possible parametrization of conditional heteroscedasticity (i.e., time-varying volatility).
The ARCH and GARCH models explicitly recognize the difference between the unconditional
variance F {[y; — F{y;}]*} and the conditional variance o7, allowing the latter to change over
time. The fundamental characteristic of these models is that magnitudes of recent innovations
provide information about future volatility.

Let {z} be a zero-mean unit-variance white noise process with some specified probability
distribution. Then a GARCH model of order (p,q), denoted by &, ~ GARCH(p, q), has the

following general form

& = Otz 3)

2 2 2 2 2
o, = f (O’tfl, ey Oy €11 s Etiq) 4)

where o, is the conditional standard deviation given by the square root of (4). That is, the
conditional variance o7 is determined by the values of p past conditional variances and ¢ past

squared innovations, and the innovation ¢; is generated by scaling a white noise sample with



the conditional standard deviation. The ARCH(q) model, introduced by Engle [18], is a special
case of the GARCH(p, ¢) model with p = 0.
The most widely-used GARCH model specifies a linear function f in (4) as follows,

q p
U§:K+Z@i€§_i+2ﬁjaf_j, 5)
i=1 =1

where the values of the parameters are constrained by

/i>0, OéiZO, ﬁjZO, izl,...,q, jzl,...,p,

q p
ZO&Z‘—FZﬁj <1.
i=1 =1

The first three constraints are sufficient to ensure that the conditional variances {02} are strictly
positive. The forth constraint is a covariance stationarity constraint, which is necessary and
sufficient for the existence of a finite unconditional variance of the innovations process [19].
Mandlebrot [21] observed that many financial time-series such as exchange rates and stock
returns exhibit volatility clustering phenomenon, i.e. large changes tend to follow large changes
of either sign and small changes tend to follow small changes. Equation (5) captures the volatility
clustering phenomenon, since large innovations of either sign increase the variance forecasts for
several samples. This in return increases the likelihood of large innovations in the succeeding
samples, which allows the large innovations to persist. The degree of persistence is determined
by the lag lengths p and ¢, as well as the magnitudes of the coefficients {«;} and {;}.

An important attribute of financial time series is excess kurtosis, i.e., the probability distribu-
tions exhibit heavier tails than the Gaussian distribution. Bollerslev [19] showed that GARCH
models account also for heavy tail behavior of the innovations process. Specifically, he showed

that the standard GARCH(1, 1) process, which is defined by
g | -1 ~ N(0, Uf) (6)
ol=k+ el |+ Biol (N

generates data with excess kurtosis. Bollerslev found that a necessary and sufficient condition

for the existence of the 2nth moment E {¢?"} of the standard GARCH(1, 1) process is

n! 2kz— 1 i
By +Z of it <1 ®)



where (2k — 1)!! 21.3... (2k — 1). Accordingly, 3a3 + 2y 1 + 372 < 1 is necessary and
sufficient for the existence of the forth-order moment. Under this constraint, the second and

fourth order moments are given by

K
E{e}} = ——.
{gt} l—a; =0
3 liQ(l + oy + ﬁl)
E{etl = .
{Et} (1—041—51)(1—5%—204151—304%)
The kurtosis “excess’ is therefore
(E{e2})? 1—fBf =201 1 —3af

which is greater than zero by imposing the constraint on the existence of the forth-order moment.

Speech signals in the STFT domain demonstrate both heavy-tailed distribution [9], [10], [12]
and “volatility clustering”. Magnitudes of successive expansion coefficients in the same frequency
bin are highly correlated, whereas the corresponding phases can be assumed uncorrelated [17].
Hence, large magnitudes tend to follow large magnitudes and small magnitudes tend to follow
small magnitudes, while the spectral phase (“sign” of the innovation) is unpredictable. Therefore,

GARCH modeling is well-suited for speech signals in the STFT domain.

ITI. SPECTRAL MODELING

In this section, we formulate a novel modeling approach for speech signals in the STFT
domain, which utilizes the GARCH model. We take into account the speech presence uncertainty,
and define the conditional variance of spectral components under signal presence hypothesis. For
simplicity, the conditional distribution of the real and imaginary parts of the spectral components
is assumed Gaussian, and the sequence of the conditional variances is modeled as a GARCH(1, 1)
process.

Let z(n) and d(n) denote speech and uncorrelated additive noise signals, respectively, where
n is a discrete-time index. The observed signal y(n) is transformed into the time-frequency

domain by applying the STFT. Specifically,

K-1
Yir = Zy(n—i—tM)h(n) e IRk (10)

n=0

where ¢ is the time frame index (t = 0, 1,...), k is the frequency-bin index (k =0,1,..., K —1),

h(n) is an analysis window of size K (e.g., Hamming window), and M is the framing step



(number of samples separating two successive frames). In the time-frequency domain we have
Yir = X + Dy, where { Xy} are the signal components and {D,;} are the noise components.

In accordance with the Gaussian statistical model, proposed by Ephraim and Malah [1],
we assume that the noise spectral components {D,;} are zero-mean statistically independent
Gaussian random variables. However, we do not make a similar assumption with regard to
the speech spectral components { Xy}, since the latter are highly correlated. Recently [17]
we proposed to relax the statistical model of Ephraim and Malah by considering conditional
independence of the speech spectral components given their variances, where the sequence of
variances at a given frequency £ is described as a random sequence. Here, pursuing this approach,
we propose to model the variance sequence as a random GARCH process.

Let HY* and H!* denote, respectively, hypotheses of signal absence and presence in the noisy
spectral component Yy, and let s, denote a binary state variable which indicates signal presence
or absence, i.e., sy, = 0 under H*, and s;; = 1 under HI*. Let Ay, SE {|Xuw|*| H{*} denote
the variance of a speech spectral component X, under H!*. We assume that given {)\;,} and

{su}, the speech spectral components { Xy} are generated by

Xk =V Ak Vi (1D

where {Vtk | Hék} are identically zero, and {Vtk | H{k} are statistically independent complex

Gaussian random variables with zero mean, unit variance, and IID real and imaginary parts:
Hit o E{Vi} =0, E{[Val*} =1, (12)
Hék : Ve =0.

Accordingly, the speech spectral components {th | ka} are conditionally zero-mean statisti-

cally independent Gaussian random variables given their variances { A }. The real and imaginary

parts of X;; under H fk are conditionally 1ID random variables given \.

Let X] = {Xy|t=0,...,7, k=0,..., K — 1} represent the set of clean speech spectral
components up to frame 7, and let Ay, = 1) {|X,5k,|2 | H f’“ , Xy } denote the conditional variance
of X under H!* given the clean spectral components up to frame 7. Then, for 7 > t we clearly
have Ay, = | X% For 7 = t — 1, we assume that the one-frame-ahead conditional variance

Atkjt—1 evolves according to a GARCH(1, 1) process:

Aifi—1 = Amin + 2| Xe— 16>+ 0 (M-t k-2 — Amin) (13)



where
)\min >0

w>0, §>0 (14)
p+o<1

are the standard constraints imposed on the parameters of the GARCH model. The parameters p
and 0 are, respectively, the moving average and autoregressive parameters of the GARCH(1,1)
model, and A, is a lower bound on the variance of X, under Hf’“. Note that \,;, in (13)
is related to x in (7) by Anin = /(1 — J), which is strictly positive under the constraints
k>0, u>00>0, u+06<1. We use (13) rather than (7) for convenience to make the lower

bound on the variance an explicit parameter of the model.
The variances of the speech spectral component are generally unknown, and have to be
estimated from the available information. If the available information include the set of clean

spectral components up to frame ¢ — 1, then a MMSE estimator for A\, can be obtained by
Mo =E { g | HF, X} (15)

From (11), (12) and the definition of the conditional variance A - we have

/\tk‘|t—1 é E{|th|2 ‘H{/kv Xgil} = E{)\tk |Vtk‘2 ‘H{kv X(l)‘/il}

= E{ |HF XY E{|Vil? | HEY = M. (16)

Therefore, given Xg_l, the conditional variance A;;—; is a MMSE estimator for As. In practice,
the available information is the set of noisy spectral components up to frame ¢, rather than the
clean spectral components up to frame ¢ — 1. Hence, an estimate for Ay, and ultimately an

estimate for X, have to be derived from the available noisy data.

IV. SPECTRAL ENHANCEMENT

In this section, we assume that the model parameters y, ¢ and A, are known, and derive
recursive estimators for the speech spectral variance A\ and the spectral component X, given
the noisy measurements up to frame ¢. We also assume knowledge of the noise spectrum, which
in practice can be estimated by using the Minima Controlled Recursive Averaging approach [22].

Let Vi = {Yx|7=0,...,t, k=0,..., K — 1} represent the set of noisy spectral compo-
nents up to frame ¢, and let v); denote the information employed for the recursive estima-

tion at frame t. To retain the computational complexity of the implementation manageable,
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1 does not include the complete set of spectral measurements up to frame ¢, but only a
few estimated variables from the previous frame ({ — 1) and the new spectral measurements
{Yi |k =0,..., K — 1}. Suppose that the available information at frame ¢ is an estimate ;\tk|t,1
for the one-frame-ahead conditional variance of X, and the new noisy spectral components
{Yie |k =0,..., K —1}. Then a MMSE estimate for Ay, can be obtained by calculating its

conditional mean under H f’“ given Yy and Ayye—1:

5\tk|t =F {)\tk|t

H Aot Vi } a7
By definition, A\y; = | Xy|*. Hence

S = B {IXl? | B Ager Vi }

2

— var { X | H Awr Y |+ B { Xae | B et Vi (18)

A . .
Let afk = F {|Dtk|2} denote the variance of a noise spectral component D;;. Then, the as-
sumption, that {th | Hik )\tk} and {Dy, | o2} are statistically independent Gaussian complex
variables, implies that the conditional distribution of X |\ under H f’“ given Yy, is Gaussian

with mean and variance

A
E{ Xy, |H* N, Y b = ﬁm (19)
t tk
A
var { X | H* Mg, Y} = ﬁai (20)
t tk

Substituting (19) and (20) into (18), we have
. Atklt— Aerii—1 | Vi |2
aegp = k=1 o2+ A1 tk!z ' o
Atkje—1 + O, Atkft—1 + O,
We call (21) the “update” step, since we start with an estimate 5%”_1 that relies on the noisy
observations up to frame ¢ — 1, and then update the estimate by using the additional information

Y. This step can be expressed in terms of the a priori and a posteriori SNRs, which are defined

by

II>

Aiklr A Yil?
5tk|‘r t];‘ > ’Ytk:’ t§| . (22)

Ok Ok

Dividing both sides of (21) by ¢, we have

Eni = Stklt—1 m ?tkz\t—l ek | 23)
Sikj—1 + 1 Stkje—1 + 1
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Computation of the update step requires the estimate 5%“_1. Suppose we are given at frame
t —1 an estimate S\t_lyk‘t_Q for the conditional variance of X;_; ;, which has been obtained from
the noisy measurements up to frame ¢ — 2. Then a recursive MMSE estimate for A\;;—; can be

obtained by calculating its conditional mean under Hf_l’k given j\t_17k‘t_2 and Y;_q:

Airp1 = E {)\tk\t—l

HY Aes s Yioae ) 24)
Substituting (13) into (24), we have

j\tk\t—l = Amin T 0 £/ {’Xt—l,k|2

Hf_Lk ) j\t—l,k‘t—Q 7}/15—17k } + 0 <5\t_17k|t_2 B Amin) ' (25)

Equation (18) implies that £ {th_LkP

t—1k 3 { o
Hy aAt—l,k\t—QaYt—l,k} = Ai—1,kjt—1. Substituting
this into (25), we obtain

S\tk|t—1 = Amin + Nj\t—l,lqt—l +0 (S\t—l,k\t—Q - )\min> : (26)

We call (26) the “propagation” step, since the conditional variance estimates are propagated
ahead in time to obtain a conditional variance estimate at frame ¢ from the information available
at frame ¢ — 1.

The propagation and update steps are iterated, following the rational of Kalman filtering,
to recursively predict and update the conditional variance estimates for the speech spectral
components as new data arrive. The algorithm is initialized at the first frame, say ¢ = 0, with
5\07k|,1 = Amin for all the frequency bins, £ = 0,..., K — 1. Then, for t =0, 1, ..., the estimate
th‘t is calculated by using the update step (21), and ;\t+1,k|t is subsequently calculated by using
the propagation step (26).

We are now interested in estimating the speech spectral component X;; from the information

1, available at frame ¢, such that the expected value of a certain distortion measure is minimized:
th = argman{d (th,X) \wt} , 27)
X

where d <th,f(tk) is a given distortion measure between X, and th. Recall that given
the variance )y and the state variable s;;, the speech spectral component Xy is statistically
independent of )", the information required to be extracted from past measurements for the
recursive estimation is the estimates for )\, and the signal presence probability P (ka) Let
P = P (H’f’C | yg) denote an estimate for the signal presence probability that is recursively

calculated by using the noisy spectral measurement up to frame ¢, e.g., [4], [5], [23]. Then given
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Py and employing S\tk‘t as an estimate for the variance of X, the estimator th can be obtained

from

min F {d (th, th>

Xk

Puk s Ak Yo | (28)

This estimation problem was already solved for several distortion measures, which are of interest
in speech enhancement applications. In particular, assuming a squared error distortion measure

of the form
2

@ (Xues K ) = | £(Xur) = 9(Kn) 29)

where f(X) and g(X) are specific functions of X (e.g., X, |X]|, log|X], e/4¥), the estimator

th is calculated from

Q(th) = Lk {f(th) Dk 5\tl~c|t, Y;tk}

= b B {F(Xu) [ HE A, Yo+ (1= pu) B {f(Xu) [ HE Y} . GO)

A MMSE estimator for Xy, (Wiener filter) is obtained by using f(X) = g(X) = X:

Xik = Dk — Yk, (31)
tk|t

where étk|t = S\tk‘t/ o2, is an estimate for the a priori SNR. Using f(X) = g(X) = |X| and
combing the resulting spectral amplitude estimator with the phase of the noisy spectral component

Y. yields [1]

Ko = bue Gsn (Does ) Y (32)
where Qgtklt is defined by @tk‘t = litg‘; Yer, and
v ¥ 0, ¥
0, = 1+9), | = vl | = —— 33
Gsa (Y, ) 2~ {( + )0(2)+ 1(2)} exp( 2) (33)

represents the spectral-amplitude gain function when the signal is surely present [1]. The func-
tions Io(-) and I;(-) denote, respectively, the modified Bessel functions of zero and first order.

The optimally-modified log-spectral amplitude (OM-LSA) estimator [5] is obtained by using

. . log | Xk , under Hi*
Q(th) = log |th| ) f(th) = (34)
10g (Gmin|Yix|) , under HE
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where G,;, << 1 represents a constant attenuation factor. Substituting (34) into (30) and combing

the resulting amplitude estimate with the phase of the noisy spectral component Y} yields

5 A ~ Dtk 1—pre
Xie = |Grsa&mte Vege) | G Y (35)
where
1 [Pe®
Grsa (&, 0) = ﬁ exp (5/& . dx) (36)

represents the log-spectral amplitude (LSA) gain function under H!* which was derived by
Ephraim and Malah [2]. Note that th in (35) is not zero when the signal is surely absent,
but it reduces to Y}, attenuated by a constant factor (i.e., th = Guin Yz When py. = 0). The
constant attenuation under H(* retains the noise naturalness, and is closely related to the “spectral
floor” modification of the spectral subtraction method, as proposed by Berouti, Schwartz and

Makhoul [24].

V. MODEL ESTIMATION

In this section we address the problem of estimating the model parameters p, 0 and Ayip.
The ML estimation approach is commonly used for estimating the parameters of a GARCH
model [25]. We derive the ML function of the model parameters, by using the spectral com-
ponents of the clean speech signal on some interval ¢ € [0,7]. For simplicity, we assume that
the parameters are constant during the above interval and are independent of the frequency-bin
index k. In practice, the speech signal can be divided into short time segments and split in
frequency into narrow subbands, such that the parameters can be assumed to be constant in
each time-frequency region. Furthermore, we generally do not have a direct access to the clean
spectral components. However, the expectation-maximization (EM) algorithm [26], [27] can be
utilized for solving this problem by iteratively estimating the clean spectral components and the
model parameters from the noisy measurements.

Let X = {Xy |[t=0,...,T, k=0,...,K — 1} denote the set of clean speech spectral
components employed for the model estimation, let H; = {tk | X;; # 0} denote the set of time-
frequency bins in which the signal is present, and let ¢ = [M ) )\min] denote the vector of
unknown parameters. Then for tk € H;, the conditional distribution of X, given its variance

Ay 18 Gaussian:

1 | X |?
P (th; ’ )\tk) = eXp | — s tk € Hl . (37)
™ Atk Atk
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Furthermore, { X | Aw, th € Hi} are statistically independent. We showed in (16) that the
conditional MMSE estimate of )\ given the speech spectral components up to frame ¢ — 1
is Aii—1. The conditional variance A ,—; can recursively be calculated from past spectral
components X, ' by using (13) and the parameter vector ¢. Hence, the logarithm of the
conditional density of X;; given the clean spectral components up to frame ¢—1 can be expressed

as
X

logp (Xu | X7 "5 00) = N

— log Apje—1 —logm, the€H,. (38)

It is convenient to regard the speech spectral components in the first frame (f = 0) as deter-
ministic, with the values of Agj—; in the first frame initialized to their minimal value Ay,
and maximize the log-likelihood when conditioned on the first frame (for sufficiently large
sample size, the spectral components of the first frame make a negligible contribution to the
total likelihood). The log-likelihood conditional on the spectral components of the first frame is
given by

L) = > logp(Xu |HF X7 9) . (39)

the€H1Nte[1,T]
Substituting (38) into (39) and imposing the constraints in (14) on the estimated parameters, the
maximum-likelihood estimates of the model parameters can be obtained by solving the following

constrained minimization problem

X 2
minimize Z [‘)\ i +1og Askji—1
Amin; [, 0 theH,Mte[1,T] thlt—1 (40)

subject to Amin > 0, >0, >0, /l+(§< 1.
Such problem is generally referred to as constrained nonlinear optimization or nonlinear pro-
gramming. For given numerical values of the parameters, the sequences of conditional variances
{)\tk‘t,l} can be calculated from (13) and used to evaluate the series in (40). The result can then
be minimized numerically by using the Berndt, Hall, Hall and Hausman [28] algorithm as in
Bollerslev [19]. Alternatively, the function finincon of the Optimization Toolbox in MATLAB®
can be used to find the minimum of the constrained nonlinear function of the model parameters,
similar to its use within the function garchfit of the GARCH Toolbox. The latter function provides
ML estimates for the parameters of a univariate (scalar) one-state GARCH process. It cannot
be used directly in the present work, since the spectral components are complex and generated

from a two-state model (speech presence and absence states).
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VI. EXPERIMENTAL RESULTS

In this section, the performance of the proposed speech enhancement algorithm is evaluated,
and compared to that obtained by using the decision-directed a priori SNR estimator. The
evaluation includes three objective quality measures, and informal listening tests. The first quality
measure is the segmental SNR, in dB, defined by [29]

_ o > L T (n+tN/2)
SegSN I = Zl B0 SN o + tN/2) — B(n + EN/2)] @

tGT n

its cardinality, and N = 512 is
the number of samples per frame (corresponding to 32 ms half overlapping frames). The second

quality measure is the log-spectral distortion (LSD), in dB, which is defined by

SIS

N/2
LSD = LZ T [0 s ud ¢ (20 o) )

where L denotes the number of frames in the signal, and C confines the dynamic range of
the log-spectrum to 50 dB (that is, C(z) = max {x, €}, where € = max {20 logyo | Xt} — 50).
The third quality measure is the Perceptual Evaluation of Speech Quality (PESQ) score (ITU-T
P.862).

The speech signals used in our evaluation are taken from the TIMIT database [30]. They
include 20 different utterances from 20 different speakers, half male and half female. The speech
signals are sampled at 16 kHz and degraded by white Gaussian noise with SNRs in the range
[0,20] dB. The noisy signals are transformed into the STFT domain using half overlapping
Hamming analysis windows of 32 milliseconds length. The GARCH model (i.e., the parameters
1, 0 and A\;,) is estimated independently for each speaker from the clean signal of that speaker,
as described in Section V. The proposed speech enhancement algorithm is then applied to each
noisy speech signal using the corresponding model parameters and the OM-LSA estimator in (35)
with G, = —20 dB. Alternatively, the a priori SNR & is estimated by the decision-directed
method [1]:

. X, ]2
EP=max{oz'2—”“'+(1—a)(m—1),amn}, (43)
Ot 1k
with the parameters &,;, = —15 dB and a = 0.98 (these value were determined in [1], [2],

[16] by simulations and informal listening tests). The noise spectral variance o2, is estimated
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by averaging over time the spectral power values of the noise signal itself. In practice, the
noise signal is unknown, and the noise spectral variance can be estimated by using the Minima
Controlled Recursive Averaging approach [22], which is particularly useful in nonstationary
noise environments. Speech presence is determined (i.e., p;z = 1) whenever 20 log,, | Xu| >
max {20 logy, | Xik|} — 50; In the other time-frequency bins, pyy is set to zero and consequently
the OM-LSA estimator reduces to X;. = G, Yik. In practice, the clean spectral components
are obviously unknown, and the speech presence probability p;, = P(HI*) has to be estimated
from the noisy spectral measurements [5].

Table I shows the results of the segmental SNR achieved by the proposed and the decision-
directed a priori SNR estimators. The results of the LSD and the PESQ mean opinion score
are presented, respectively, in Tables II and III. The results show that the proposed estimator
yields a higher segmental SNR, lower LSD, and higher PESQ scores than the decision-directed
estimator under all tested environmental conditions. A subjective study of speech spectrograms
and informal listening tests confirm that the quality of the enhanced speech obtained by using
the GARCH modeling method is much better than that obtained by using the decision-directed
method. In particular, weak speech components and unvoiced sounds are better preserved.
Figure 1 demonstrates the spectrograms and waveforms of the clean signal, noisy signal (SNR
= 5 dB) and the enhanced speech signals obtained by using the two methods. It shows that
weak speech components and unvoiced sounds are significantly more emphasized in the signal
enhanced by the proposed method than in the signal enhanced by using the decision-directed

estimator.

VII. CONCLUSION

We have proposed a novel approach for statistically modeling speech signals in the STFT
domain, and enhancing speech degraded by uncorrelated additive noise. Our approach builds on
advances in stochastic financial models of volatility and conditional heteroscedasticity. It provides
an explicit model for the conditional variance and conditional distribution of the expansion
coefficients. It takes into account the correlation between successive expansion coefficients,
heavy tails of the probability distributions, and persistence in variability. The correlation between
successive expansion coefficients is considered by parameterizing the conditional variances in

terms of past conditional variances and past power values of the expansion coefficients. Excess
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kurtosis and persistence in variability are natural outcomes of modeling the one-frame-ahead
conditional variance as a GARCH process. These aspects conform to the observations that the
STFT expansion coefficients of speech signals have probability distributions with heavier tails
than a Gaussian distribution [9]-[11], and that variability of expansion coefficients persists in
the sense that large magnitudes tend to follow large magnitudes and small magnitudes tend to
follow small magnitudes while the phase is unpredictable.

We assumed that the one-frame-ahead conditional variance evolves as a standard GARCH(1, 1)
process, with Gaussian conditional distribution. To capture a more significant heavy tail behavior
of the unconditional probability distribution of the expansion coefficients, the Gaussian distribu-
tion may be replaced with a heavy-tailed distribution, such as Gamma, Laplacian or student-t.
Furthermore, GARCH models of higher orders may be utilized. However, the choice of the
particular distribution and order of the GARCH model is a matter of trial and error.

We derived recursive estimators for the variances and magnitudes of the STFT expansion
coefficients. The variance of an expansion coefficient is recursively estimated by iterating propa-
gation and update steps following the rational of Kalman filtering. Maximum-likelihood estimates
of the model parameters are obtained by solving a constrained nonlinear minimization problem,
similar to the estimation problem of standard GARCH models. The performance of the proposed
speech enhancement algorithm was compared to that obtained by using the conventional Gaussian
model and the decision-directed estimation approach. Using the proposed method, weak speech
components and unvoiced sounds are significantly more emphasized and the enhanced speech
is of higher quality.

It should be noted that the experimental results in this work are obtained under the assumption
that signal presence is perfectly detected. That is, for each time-frequency bin tk we know in
advance whether a desired speech component X is present or absent in the noisy component
Y. Therefore, whenever speech is present we apply the log-spectral gain function (see (36))
to the noisy spectral component, and whenever speech is absent we simply attenuate the noisy
spectral component by a constant factor. In practice, under signal presence uncertainty the signal
presence probability py. = P (H f’“) is estimated, and the quality of the enhanced speech may
be lower due to miss-detection of speech components (py, < 1 under H'*). Furthermore, some
residual musical noise may be generated due to false-detection of speech components (p; > 0

under Hék). In addition, we assumed that the clean signal is available for the estimation of the
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model parameters. In practice, the performance of the proposed algorithm will be lower, since

the model has to be estimated from the noisy signal. Nevertheless, the experimental results show

the potential of the proposed model, and motivate a further research on the estimation of the

signal presence probability and the model itself.
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TABLE 1

SEGMENTAL SNR OBTAINED BY USING THE GARCH MODELING AND THE DECISION-DIRECTED METHODS.

Input SNR GARCH modeling method Decision-Directed method
[dB] Mean Best Worst Median | Mean Best Worst Median
0 7.29 8.67 5.68 7.34 6.73 8.09 5.39 6.65
5 10.78 1225  8.97 10.81 9.62 1147 8.07 9.59
10 1469 16.12 12.76 14.77 12.80 14.85 10.95 12.85
15 18.89 20.29 17.03 18.95 1632 1832 14.41 16.23
20 23.03 2433 2148 23.03 | 20.03 21.65 1843 19.97
TABLE 11

LOG-SPECTRAL DISTORTION OBTAINED BY USING THE GARCH MODELING AND THE DECISION-DIRECTED METHODS.

Input SNR GARCH modeling method Decision-Directed method
[dB] Mean Best Worst Median | Mean Best Worst Median
0 447 270 6.15 4.47 474 327 627 4.90
5 315 192 446 3.10 407 281 575 4.25
10 226 136 335 222 350 232 5.09 3.56
15 1.61 097 250 1.56 282 175 420 2.79
20 1.14 067 182 1.09 213 127 329 2.06
TABLE III

PESQ SCORES OBTAINED BY USING THE GARCH MODELING AND THE DECISION-DIRECTED METHODS.

Input SNR GARCH modeling method Decision-Directed method
[dB] Mean Best Worst Median | Mean Best Worst Median
0 255 290 236 2.52 221 239 209 2.19
5 298 346 280 2.95 261 280 249 2.58
10 339 381 3.05 3.35 298 315 276 3.01
15 369 405 320 3.69 331 347 298 3.33
20 389 422 348 3.92 364 391 328 3.67
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Fig. 1. Speech spectrograms and waveforms. (a) Original clean speech signal: “Draw every outer line first, then fill in the
interior.”’; (b) noisy signal (SNR = 5 dB, SegSNR = 3.75 dB, LSD = 12.17 dB, PESQ = 1.80); (c) speech enhanced using
the decision-directed method (SegSNR = 11.04 dB, LSD = 3.28 dB, PESQ = 2.69); (d) speech enhanced using the GARCH
modeling method (SegSNR = 11.78 dB, LSD = 2.56 dB, PESQ = 2.88).



