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ABSTRACT speech and noise DFT coefficients and in the distortion mea-

We treat the problem of finding minimum mean-square errofu.reS optimized for. Traditionally, clean speech DFT coef-
(MMSE) spectral amplitude estimators for discrete Fourie icients haV‘? been assumed Gaussian, e.g. [2.' 3]’. but more
transform (DFT) based single-channel noise suppression dEcently estimators based on a laplacian distribution 45],
gorithms. Existing schemes derive gain functions analytd@mma distribution [4], and a generalized supergaussén di
ically based on distributional assumptions with respect td/oution [6] have been proposed. Noise DFT coefficients
the speech (and noise) DFT coefficients and on mathem re most Often assumed Gaussian, but also here estimators
ically tractable distortion measures. In this paper we prolave been derived for other distributions, €.g. [4, 5]. By
pose a methodology to estimate the MMSE gain functionﬁfhemes minimize different distortion measures including
directly from speech signals, without assuming that speech'€ Mméan-square error (MSE) between spectral magnitudes,
DFT coefficients follow a certain parametrized probability€-9- [2], l0g-spectral magnitudes, e.g. [3], and complex-
density function. Furthermore, the proposed scheme allowé?!ued DFT coefficients, e.g. [4, 5], see also [7].
for estimation of MMSE gain functions for pdf/distortion , Obviously, the different distributional assumptions and
measure combinations for which no analytical solutions aﬁjstomon measures outlined above lead to different gain
known. Simulation experiments where noisy speech is enfunctions with which the noisy DFT coefficients are mod-
hanced using the estimated gain functions show promisinged' In most cases, however, these gain functions are
results. Specifically, the estimated gain functions penfor Parametrized by two quantities, namely the a priori signal-
better than standard schemes, as measured by a range of gi11°ise ratio (SNR) and the a posteriori SNR. While the a
jective speech quality criteria. po;terlon SNR can b_e computed (_1|rectly from the available
noisy data, the a priori SNR is a ratio of two expected values
and must be estimated from the noisy data. The a posteriori
1. INTRODUCTION andestimated a priori SNR are then substituted into the de-
With the increased use of mobile digital communication sys+ived gain functions to find the gain value with which a given
tems, e.g. mobile phones, digital hearing instruments, et®oisy DFT coefficient is modified. It is important to note,
there is a need for such systems to work well in acousticalljhough, that this procedure i®t optimal. The gain func-
noisy environments. One way of improving the noise robusttions are derived under the condition that the a priori SNR
ness of these systems is to reduce the noise level in the noiig/known with certainty. By replacing the a priori SNR with
speech signals using a pre-processing step and then apply #n estimate, the underlying assumptions have been viglated
enhanced signals as input to the communication chain.  and there may (and generally does) exist another gain func-
Many single-channel methods for reducing the noisdion leading to better performance.
level in noisy speech signals are based on the discrete In [4, 5] and [6] this problem was recognized. Here it
Fourier transform (DFT), see e.g. [1, 2, 3], and more regentlwas argued that the distribution of clean speech DFT coeffi-
[4, 5, 6]. Since these methods rely on a stationarity assumgientsat a given a priori SNR level can be approximated as
tion, the noisy signal is divided into short-time signalnfres ~ following a Laplacian or Gamma distribution [4, 5], or even
which are transformed to the frequency domain using th@ generalized super-gaussian distribution [6], and apjatep
DFT. Assuming that the resulting DFT coefficients are statisminimum MSE (MMSE) and MAP estimators, respectively,
tically independent, scalar gain functions are appliecathe were derived under these distributional assumptions.
DFT coefficient separately in order to compute an estimate of In this paper our goal is to find optimal gain functions
the DFT coefficients of the clean (noise-free) speech signaWhile taking into account that the true a priori SNR is un-
Finally, the estimated clean DFT coefficients are transémm known, but only an estimate is available. In contrast to
back to the time domain using the inverse DFT and the resulmost existing schemes, e.g. [1]-[7], our approach is non-
ing enhanced signal frames are overlap-added to produce tharametric, i.e., we do not assume that pdfs related to the
enhanced speech signal. target signal follow any particular parameterized class of
The wide range of existing DFT based enhancementtectpdfs. Rather, we estimate the relevant distributionalrinfo
niques mainly differ in the underlying statistical assuimpg ~ mation prior to run-time from training speech material. In
concerning the probability distribution functions (pdé$the  this way our approach bears similarities to the data-driven
scheme presented in [8] (which, however, assumed the true
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a priori SNR to be known with certainty). Further, the pro-
posed scheme allows for estimation of MMSE gain functions
for speech pdf/distortion measure combinations for whizh n
analytical solutions are known. In this paper we focus for § o2
simplicity on schemes where the a priori SNR is estimate( g Lot
using the maximum likelihood (ML) approach described in@ | ""7=---o

[2]. We show that our gain functions significantly outpenfor e s 10 12 u
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fact, they give better performance scores than schemed base o ) .

on the much more used decision-directed approach for a prFigure 1: Mean square estimation error for different input

Mean

ori SNR estimation [2]. SNRs.
2. DEMONSTRATION OF PROBLEM usingM = 3 observations oK(m.k). We then estimate the
To set the stage we perform the following initial experiment résulting mean-square estimation error for situatianand
Let us consider the zero-mean random signal model b). We fix o5(m k) = 1 and repeat this procedure for sev-
eral noise level®, (i.e. different a priori SNRs) leading to
X(m, k) = S(m,k) + W(m,k), (1) the performance curves shown in Fig. 1. We see that even

in this idealized setup where signals are stationary and dis

where the complex random variable§(m k), S(mk), tributed according to the underlying assumptions, the per-
W(m,k) € C represent th&'th DFT coefficient in framem  formance promised by theory (dashed line) is not achieved
of the noisy, clean and noise signal, respectively. We asgn practice where a priori SNR is estimated from the avail-
sume that the real and imaginary partsSffn k) are in-  able noisy data The reason is that the theoretically derived
dependent and identically distributed (iid) Gaussian camd MMSE-STSA estimator assumes perfect knowledge of the a
variables, each distributed according #6(0,03/2), where  priori SNR, an assumption which is not fulfilled in practice.
02 denotes the variance of the complex spectral component As mentioned, the problem was addressed in [4, 5] and
S(m,k). Thus, realizations o(m) are iid. In a similar way, [6], where gain functions were derived based on speech pdfs
we assume that the real and imaginary part#/ofn, k) are measured at a giveestimated a priori SNR level. While
iid and distributed according to# (0, 6 /2), wheregy is  [4. 5, 6] assume that the underlying speech pdfs are members
the variance oW (m, k). We assume th&(m k) arew(m,k) ~ of a parameterized pdf class, we present in the following a
are independent. We now synthetically generate a complegata-driven approach which avoids such restrictions, tidlit s
valued time-series of the form in Eq. (1), for=1,...,10* takes into account that the apriori SNR is estimated.
and for some fixe&t. X(m, k) represents the DFT coefficients
of a noisy speech signal, but clearly the situation is ideali 3. FINDING OPTIMAL GAIN FUNCTIONS
because the generated time series is completely stationary consider the random signal model of noisy DFT coefficients

In [2] the MMSE short-time spectral amplitude (STSA)
estimator was derived under conditions satisfied by the con- X =S+W,

structed signal above. This estimator is a function of the a
posteriori SNR defined as [1] where we now have dropped both the frame and frequency

bin index because each noisy DFT coefficient is processed
IX(m,K)[2 IX(m,K)[2 independently. LeX = Rel? andS= Ael® denote polar rep-
E{W(m K2} =2 (mK) (2) resentations of the noisy and clean DFT coefficients, respec
’ WA tively. In this paper we focus on minimizing distortion mea-
sures which are functions of the spectral magnitadee.,
the problem of interest can be stated as

min E{d(A,A)}, (5)
A

y(mv k) =

and the a priori SNR defined as

_E{SmK? _ gdmK
E(WmKE] ~ og(mk)’

¢ (mk) ©)

WhergA denotes the estimated spectral magnitude, and
d(A A) is some pre-specified distortion measure. Clearly,

- A _ A\2
seriesX(m, k) (fixedk) in order to estimate the magnitude of for the functiond(A,A) = (A_A) , We have the MMSE-
S(m,k). We assume that the noise variamggm, k) = @ is STSAAZprobIem addressed in [2], while fdfA, A) = (logA—
perfectly known, and consider two different situatioasan logA)“ the problem was considered in [3] (both assuming
ideal (but not practically realizable) situation where vagi- ~ Gaussian speech DFT coefficients). Other, more perceptu-
ance ofS(m, k), 02(m,k), and thusf (m k), is known as well, ~ally relevant, choices af(A, A) such as the ones proposed in
andb) the situation in practice whedgm k) is unknownand [7] are also possible with our approach.

whereE{-} denotes the statistical expectation operator.
We apply the MMSE-STSA estimator to the noisy time

must be estimated from the available noisy déten k). In We assume that the estimatbcan be written as
order to emphasize the problem in b), we estim@ten, k) A 5 R
using the maximum likelihood approach described in [2], =9(.6) R

2|n many state-of-the-art schemes, the the decision-eidempproach [2]
~ 1 m is prefered over the ML approach for a priori SNR estimatidve choose
Emk)=1| — Z |X(| ,K) |2 /av% -1, (4) to use the ML approach in this example for illustration psg® However,

l=m—M-1 the problem addressed also exists with the decision-dieestimator.
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i.e., the gain functiory(-) is parameterizqd by the a poste- 3.2 Estimation of gain functions

riori SNR, y = R?/0;, and somesstimate & of the a priori e collect realizationga,r) of the random variabléA R)
SNR & = E{A’}/0j. This assumption is not very restric- from a large quantity of clean and corresponding, syntheti-
tive; many known gain functions can be parameterized likeally mixed, noisy speech signals. The clean speech materia

this, see e.g. [2, 3, 6]. is taken from the Timit data base [9] and consists of approx-
imately 400 speech signals (roughly 25 minutes of speech)
3.1 Discretized gain functions from 14 female and 24 male speakers. The speech signals

) ) A i _ are appropriately lowpass filtered and downsampled to ob-
The gain functiong(y,¢) is a function of two continuous tajn a sample rate of 8 kHz. The initial and trailing silence
variables, and our goal is to find the function that solves theegions are discarded. Noisy signals are generated bygddin
minimization problem in Eq. (5). To do so we discretize theyhjte Gaussian noise to the clean signals, scaled to obtain
supportC of (y,&) and introduce a piecewise constant ap-global SNRs ranging from -14 to 25 dB in steps of 3dB. The

proximation ofg(y, &). More specifically, we divid€ into  result of this procedure is a total of approximately 550@woi
disjoint cellsG;, C = U;C;, chosen such that the (unknown) signals (for which the underlying clean signal is known).

gain function can be assumed constant over each cell, In order to generatéa,r) pairs, we process the signals
in a standard front-end for a DFT based enhancement algo-
aly 3) ~ g for (y, 3) €c. (6) rithm as follows. The noisy and clean signals are divideal int

frames of 256 samples with an overlap of 50%. The frames
are weighted by a Hann window, the DFT is applied, and
noisy and corresponding clean DFT coefficient magnitudes
are combined to form observatiofa,r). For each noisy
DFT coefficient, we estimate the a priori SNRm, k) us-
ing the maximum likelihood approach, Eq. (M = 3), and
compute the a posteriori SN®m, k) using Eq. (2). We de-
fine the cell<C; by quantizingé (m,k) andy(m,k) uniformly
A e in the logarithmic domain in steps of 0.5 dB in the range

E{d(AA)} = Z E{di(gi)} [—40; 40 dB. With these definitions &, each and every ob-

! served paia,r) is associated with a cel; (i.e., the set;
fpre constructed), and the optimal gain vafiecorrespond-
ing to that cell may be calculated using e.g. Eq. (7) or (8).

We estimate the gain values using a data-driven approach, " Fig- 2a we compare the gain functions estimated for

where we collect a large number of realizatigag’) of the d{A,A) = |A—A? using the proposed procedure with the
random variable paifA, R) using synthetically mixed noisy 9ain functions derived in [2] assuming Gaussian speech DFT
speech signals (see Sec. 3.2 for further details). For emth s COefficients; the authors are not aware of analyticallyweti
observeda,r) we compute &y 3) pair which in turn falls MMSE gain functions for this distortion measure for other
within a ceiICi. Define the se%’i containing the observed distributions. We see that the proposed gain functions gen-
(a,r) pairs associated in this way with c€l. To findg we erally deliver significantly more suppression than the ones

must minimize the distortio&{d; } related to celG;: derived in [2]. For high a priori and a posteriori SNRs, the
gain functions approach unity, as expected. The noisy ap-

Clearly, the approximation in Eq. (6) can be made arbitrar
ily accurate by defining suitable small cells and assum-
ing thatg(-) is a well-behaved smooth function. With this
approximation, it can be shown that the total expected est
mation errofE{d(A,A)} can be written as a sum of separate
distortion term<€{d;} related to each ce;,

In order to minimize this expression, we can minimize eac
E{di(gi)} separately with respect to the gain valges

1 pearance of the estimated gain function§oe 15 dB is due
E{di(g)} ~ Tl d(a,gir), to the fact that the expression fgirin Eq. (7) is easily dom-
' (@ne g inated by outlierd We believe that increasing the amount of
_ o speech data on which the estimation is based will result in
where| 4| is the number ofa,r) pairs in cellC;. smoother curves. The estimated gain function&et 0 dB

The optimal gain value, sagf, for cell G is found by 5 set to zero for high a posteriori SNRs because these com-
solvingdE{d;}/dgi = 0 forg;. For example, for the MMSE-  pinations of low a priori SNR and high a posteriori SNR was
STSA problemd(A,A) = (A— A)?, we find never observed in the offline estimation procedure.

Fig. 2b compares our estimated gain functions with the
ones derived in [3] for the log-spectral distortion measure
d(A,A) = |logA— logAj2. Again, it appears that no ana-
lytically derived MMSE gain functions exist for this distor
tion measure for e.g. super-gaussian speech distributhens
before, the estimated gain functions give more suppression
than the analytically derived functions. Also, using thg-lo
spectral distortion criterion leads to higher suppresbiatin

N 1 for the gain functions derived in [2, 3] and for the ones esti-
9 = exp<@ Z Iog(a/r)) : () mated here (compare Figs. 2a and 2b).
@r)e i It may appear that estimating the gain functions based
on a training set consisting of speech signals degraded by

< 2anead

g = (are >, 7)
Z(a,r)e ﬁ’ir

and for the log-spectral distortion measurd(A A) =

(logA—logA)? we have

In a similar way, it is easy to derive expressions grfor
more complicated distortion measures e.g. the ones consid- 3nevertheless, this gain function was used in all simulatigperiments
eredin [7]. reported in the following.
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Figure 2: Proposed (‘Prop’) and analytically derived ([B, 3 Figure 3: Average objective performance scores as function
(EM’) gain functions. a) the MMSE-STSA casdé(A,A) =  of input SNR for the criteriord = |A — A2 and signals de-
|A— A2, b) the log-spectral casg(A,A) = |A— AJ2. graded by additive white Gaussian noise.

white Gaussian noise leads to gain functions tailored fer thscheme aims at minimizing; for example, for the MMSE-
white noise condition. We can argue, however, that this iSTSA distortion measurg{|A — A2}, we compute
not the case, if we make the standard assumption that DFT
coefficients are statistically independent (across tinufiee D= Z la(l,m) —a(l,m)|?,
quency), e.g. [2, 3]. In this case, the noisy DFT coefficients m
in the training set are simply realizations of independantr
dom variables, each of which is a sum of a speech DFT conhere a(-) and &-) denote clean and estimated spectral
efficient (drawn from some underlying pdf) and a noise realamplitudes, respectively, and the summation is performed
ization drawn from a zero-mean (complex) Gaussian distriacross all frequency and frame indeces. We also evaluate the
bution. We note that, under the given assumption, this woulduality in terms of segmental SNR (Seg-SNR), the Itakura
also be the case had the training set been generated usitigtance measure (log-likelihood ratio, LLR) [10] and the
coloured Gaussian noise. Thus, by observing the training sesymmetrized Itakura-Saito measure [11].
we cannot determine whether it was produced using coloured  Fig. 3 considers the MMSE-STSA case, idiA,A) =
or white noise, and, consequently, the optimal gain fumstio IjA—A|2, for signals degraded by additive white Gaussian
are the same in the two cases. While the gain functions argyise "~ The figure shows objective quality scores averaged
independent of the noise colour, they will, however, be taizcross the test signals, as a function of input SNR for
lored forGaussian noise processes. the proposed gain function (‘Prop.), and for the estima-
tor derived in [2] using for a priori SNR estimation the
4. SIMULATION RESULTS maximum-likelihood approach with = 3 (‘EM-ML’) and

We study the performance of the proposed method in simyl'€ decision-directed approach with smoothing constaat
lation experiments based on approximately 100 speech si§-98 (‘EM-DD’), respectively. For EM-ML and EM-DD¢

nals taken from the Timit data base [9]; the speakers and sigvas limited to values larger than -15 dB. We see that the pro-
nals are different from the ones used for estimating the gaiposed gain function is superior to the EM-ML estimator for
functions. We construct noisy speech signals syntheyibgll ~ all input SNRs; this is expected since the EM-ML estimator
adding (quasi-)stationary noise sources to the clean lsignarelies on a Gaussian speech assumption, while the proposed
The noise source are scaled in order to obtain a prescribed igain function is based on real speech DFT coefficients. Re-
put SNR. The input SNR as well as the objective speech quamarkably, the proposed gain function performs better than
ity criteria introduced below are measured on signals wherthe classical EM-DD estimator, eventhough it uses a ML
the initial and trailing silence regions have been disodrde (M = 3) based a priori SNR estimate.

The noisy speech signals are enhanced using the DFT Fig. 4 considersi(A,A) = |logA— logA|?, i.e., the log-
based noise suppressor described in the previous secti@dpectral amplitude case, for signals degraded by additive
We assume that an ideal voice activity detector is availablevhite Gaussian noise. We compare here the proposed gain
and estimate the noise psd (which is assumed time-invariarfunction with the analytically derived estimators in [3§ing
from a noise-only region of roughly 350 ms preceding speechs before two different methods for a priori SNR estimation.
activity. To evaluate the quality of the enhanced signaks, wWe see that generally, the proposed gain functions lead to
use a number of objective speech quality measures. First, vaiperior performance.
estimate the criterion which the particular noise suppoess Finally, in order to demonstrate that the gain functions
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Figure 4: Average objective performance scores as functioRigure 5: Average objective performance scores as function
of input SNR for the criteriom (A, A) = |logA—logA|? and  of input SNR for the criteriom (A, A) = |A— A|? and signals
signals degraded by additive white Gaussian noise. degraded by additive F16 cockpit noise.

estimated based on signals degraded by white noise also pef4] R. Martin, “Speech enhancement using mmse short
form well when applied in coloured noise environments, we time spectral estimation with gamma distributed speech
use the estimated gain functions to enhance the test speech priors,” in Proc. IEEE Int. Conf. Acoust., Speech, Sg-
signals degraded by additive f16 cockpit noise taken from  nal Processing, Florida, USA, 2002, pp. 253-256.

[12]. Fig. 5 shows enhancement performancedigk A) = [5] R. Martin and C. Breithaupt, “Speech enhancement in
|A— A2, As before, the proposed gain functions perform the dft domain using laplacian speech priors,” | .
better than the standard estimators. Workshop, Acoustic Echo and Noise Control, Kyoto,
Japan, September 2003, pp. 87-90.
5. CONCLUSION [6] T. Lotter and P. Vary, “Noise reduction by joint maxi-

We h ted h f timati in funct mum a posteriori spectral amplitude and phase estima-
e have presented a scheme for estimating gain functions i, \yith super-gaussian speech modelling,” Firoc.

which minimize MSE based distortion criteria for single- XI| European Signal Processing Conference, Vienna
channel DFT based speech enhancement. Unlike most exist- ; o ' '

. Austria, September 2004, pp. 1457-1460.

ing schemes, our method does not assume that speech DFT . .

coefficients follow a certain parameterized class of pdis: F 7] P- C. Loizou, “Speech Enhancement Based on Percep-
thermore, the proposed scheme allows estimation of gain  tually Motivated Bayesian Estimators of the Magnitude
functions for speech pdf/distortion measure combinations ~ SPectrum,1EEE Trans. Speech, Audio Processing, vol.

for which no analytically derived estimators exist. Ourrgai 13, no. 5, pp. 857-869, September 2005.
functions perform better than existing standard schenwes, a[8] J. E. Porter and S. F. Boll, “Optimal estimators for
measured by a range of objective speech quality criteria. spectral restoration of noisy speech,” Bnoc. |IEEE

Int. Conf. Acoust., Speech, Signal Processing, 1984, pp.
18A.2.1-18A.2.4.
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