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A bst r act . Appli cat ion domains such as in-car human-machine interact ion require noise-robust
front -ends in order to cope with the noisy situat ions encountered in pract ice. Moreover, when
speech is captured through a cellphone, the phone channel characterist ics are often unknown. I t
is thus desirable to est imate and remove both phone channel characterist ics and ambient noise,
in an online manner. The main cont ribut ions of this paper are twofold. First , a novel channel
normalizat ion method is proposed, that is used before noise reduct ion, at t he magnitude spect ro-
gram level. I t removes the convolut ive channel, and reduces the stat ionary part of the ambient
noise. Second, an alternat ive to classical spect ral subt ract ion is proposed, called \ Unsupervised
Spect ral Subt ract ion" (USS), which does not require any parameter tuning. Channel normaliza-
t ion followed by USS (t wo steps) permit t o reach an ASR performance very similar to that of
the ETSI Advanced Front -End (Wiener � ltering, with many steps and parameters). The compu-
tat ional cost of the proposed approach is very low, which makes it � t for r eal-t ime appli cat ions.
Furthermore, channel normalizat ion followed by the ETSI Advanced Front -End leads to a major
improvement in noisy condit ions, and best overall result s.
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Figure 1: Model of the problem: recognizespeech from the observed signal x(t) = h(t) � (s(t) + n(t)) ,
where n(t) is the addit ive acoust ic noise and h(t) is the transmission channel (e.g. cellphone).

1 I nt rodu ct ion

Robustnessto various noise condit ions is a key feature for speech processing algorithms to be turned
into versat ile, real-world applicat ions. Most often, two exclusivedirect ionsarefollowed: either enhance
the speech signal i tself by ideally � ltering out t he noise [1, 2, 3], or change the way acoust ic features
are extracted from the signal [4, 5]. This paper presents an intermediary approach that enhances
the feature extract ion processat a level as close as possible to the original signal : at t he magnitude
spectrogram level, i.e. in t ime-frequency plane (TF). It relies on a channel normalizat ion step followed
by unsupervised EM � tt ing [6] of a 2-component model on observed data. It can be seen as a
parameter-freegeneralizat ion of classical spectral subtract ion methods.

The problem addressed by this paper is Automat ic Speech Recognit ion (ASR) in acoust ic noise
(e.g. car noise) followed by an unkown transmission channel (e.g. cellphone). The goal is to be
able to use, in noisy test condit ions, HMM models t rained on clean data (mult i-condit ion t raining is
not considered in this paper). A possible linear model of the problem is depicted in Fig. 1: to the
original speech signal s (t), acoust ic noise n (t) is added, and the sum is t ransmitt ed over a convolut ive
channel h (t), thus leading to the following linear model for the received signal x (t):

x (t) = h (t) � (s (t) + n (t)) ( 1)

where � denotes the convolut ion operator. One contribut ion of this paper addresses est imat ion and
removal of h(t). As a � rst step, we have implicit ly neglected additive channel noise in Eq. 1. This
is just i� ed by the present focus on noise-robust ASR: it means that h (t) � (s(t) + n(t)) is supposed
larger than channel noise, at all t imes. The idea is to validate the proposed channel normalizat ion
method � rst . A more complex model is left for further work.

Classical noise reduct ion methods such as Wiener � ltering, as in the ETSI Advanced Front-End [7],
and spectral subtract ion methods [8, 9, 10, 11] implicit ly assumea 
 at t ransmission channel: h (t) = 1.
One common way to remove the channel is linear post-processing of the MFCC features, after noise
reduct ion, such as Cepstral Mean Subtract ion (CMS) and Blind Equalizat ion [7]. We argue that
non-linearit ies in the noise reduct ion stage may prevent CMS and Blind Equalizat ion from completely
removing the channel distorsion.

Therefore, this paper considerschannel normalizat ion at t he signal level, before noise reduct ion and
feature extract ion (Fig. 2). The main contribut ion of this paper is to t ransform the Low-Energy En-
velope Tracking (LEET) addit ive noise est imat ion method [12, 10] into a channel est imat ion method.
The proposed channel est imat ion relies on the observat ion that spectral valleys of the t ime-frequency
plane are dominated by noise. Using spectral valleys, h (t) � n (t) is est imated, and thus h (t), with
a white noise assumpt ion. It is then su� cient t o divide the received spectrum by the est imated
frequency-domain channel response. In pract ice, for non-white noises, the channel is st ill normalized,
and the stat ionary part of the addit ive noise is reduced (divided by a large factor).

Assuming that t he transmission channel has been normalized out , the next t ask is removal of the
addit ive noise n (t). Classical spectral subtract ion [8] does it in two steps, in the frequency domain.
First , the noise power is est imated in all points of the TF plane, second, it is subtracted from the
observed noisy speech power. This relies on a reasonable independence assumpt ion between speech
and noise. In our understanding, the main issue of spectral subtract ion is the init ial noise power
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Figure 2: Proposed channel normalizat ion (leftmost block): before noise reduct ion and feature extrac-
t ion. Note that we st ill use post-processing (blind equalizat ion or CMS,CVN).

est imate (� rst step). Ideally, a perfect noise power est imate in all points of the TF plane would
require a perfect speech power est imate, which is precisely what we are trying to obtain (second step).
Very often, tunable parameters are employed [9] to compensate imperfect ions such as musical noise.
The disadvantage of tunable parameters is that various types of data may lead to di� erent opt imal
parameter values [9], thus requiring human supervision.

As an alternat ive to this 2-step approach, the present paper proposes to jointly model both dist ri-
but ions of speech and noise magnitudes in the TF plane. The underlying mot ivat ion is to rely on the
est imated posterior probabili ty of observing speech at a given point of the TF plane. In spirit , the
proposed approach is related to TRAP-TANDEM [13] and further developments [14], although the
probabili st ic modeling is made here at a much lower level: the magnitude spectrogram.

Enhancing the spectrogram itself, based on probabili st ic assumpt ions [15], led to applicat ions
to noise-robust ASR [16, 17], and has received much att ent ion recent ly [2, 3]. In order to build a
probabili st ic model, at least t wo dist ribut ions are needed: one for background addit ive noise, and one
for speech. A reasonablemodel for background noiseon silent partsof theTF plane isa whiteGaussian
assumpt ion for real and imaginary parts, which translates into assuming aRayleigh probabili ty density
funct ion (pdf) in the magnitude domain [18]. However, modeling of the speech part is much more
complicated, as such an assumpt ion does not hold anymore. Supergaussian models such as the Laplace
pdf may be needed [2] for a bett er � t on real data. Derivat ion of the magnitude pdf of speech is st ill
an open quest ion [19].

On the contrary, this paper proposes to restrict t he problem to modeling of large magnitudes of
speech only. Intuit ively, low speech magnitudes cannot be dist inguished from background noise, being
int rinsically regions of low Signal-to-NoiseRat io (SNR). We therefore complete the well -just i� ed back-
ground noise Rayleigh model with an ad-hoc pdf for act ivity, that models \ large" magnitudes only.
\ Large" is de�n ed w.r.t . the Rayleigh model i tself, and the complete modeling process is fully unsu-
pervised. We apply this approach to enhancethe noise-robustnessof single channel ASR by removing
noise from the magnitude spectrogram using a modi� ed spectral subtract ion. The magnitude spectro-
gram is � ltered at a small cost , so that only speech that can be dist inguished from background noise
is retained. No parameter tuning is involved, thus just ifying the \ Unsupervised Spectral Subtract ion"
designat ion (USS). It was int roduced in [11]. One intent of this paper is to determine whether a type
of probabili st ic model similar to the one used for microphone array-based speech detect ion, in [20],
can be applied to the context of noise-robust ASR.

Overall, the purpose of this paper is not to propose novel noise-robust ASR features, but rather a
simple, generic approach that can be a pre-processing step for any acoust ic feature extract ion process
(MFCCs, PLP, etc.). Training on clean data is then su� cient t o cope with unseen noise environments.
Such an approach is very much in the spirit of [17] and [10]. The two steps of the proposed approach
{ channel normalizat ion and USS{ rely on a consistent model: in both cases, the background noise of
the preemphasized signal is supposed to be a slowly-varying white Gaussian noise. Although simplist ic,
it is just i� ed by observat ions on real data (Fig. 5), and may be deemed the natural � rst step, before
t rying more complex noise models.

In experimental studies on the Aurora 2 corpus [21], we � rst compare the proposed approach
with a classical spectral subtract ion method [9] selected from the comprehensive study in [10]. The
main di� erence is that t he proposed approach { channel normalizat ion followed by USS { does not
require any parameter tuning. A clear improvement is obtained in all condit ions. Second, we compare
the proposed approach with the more complex, many-step ETSI Advanced Front-End [7], which
is essent ially a two-pass Wiener � lter. The results show that channel normalizat ion followed by
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USS permits to reach the same performance as that of the ETSI Advanced Front-End. This is
quite interest ing, given that t he proposed signal t ransformat ion is fully described by two equat ions
(Eqs. 6 and 18), while the ETSI Advanced Front-End includes many steps and parameters. An init ial
experiment with channel normalizat ion followed by the ETSI Advanced Front-End shows that further
improvement can be obtained in very noisy condit ions (0 and 5 dB) for a limited lossat 15 and 20 dB.
This suggests further work towards the direct ion of joint channel/ noise est imat ion. The computat ional
cost of both channel normalizat ion and USS is very small, so that t he proposed approach is � t for
real-t ime applicat ions.

The rest of this paper is organized as follows: Sect ion 2 de�n es notat ions, Sect ion 3 summarizes
exist ing spectral subtract ion methods and ident i� es three issues with respect t o the present t ask.
Sect ion 4 addresses the channel normalizat ion issue. Sect ion 5 addresses the two remaining issues: a
probabili st ic method for joint speech/ noisemagnitude est imat ion isproposed, followed by a parameter-
free spectral subtract ion procedure. Sect ion 6 presents ASR results on noisy telephone speech [21].
Sect ion 7 concludes the paper. A complete MATLAB implementat ion of the proposed approach is
available at : http://glat.info/ma/2006-CHN-USS/

2 N ot at ions

Both t ime t and frequency f are discret ized into samples and Nbins frequency bins (narrowbands), re-
spect ively. x (t) or yt is thepre-emphasized signal, F x

f ;t 2 C is theDiscreteFourier Transform (DFT) of
a windowed signal [x t � N sam p l es+ 1 : : : x t ]T (using Hamming window), [�]T denotes the transposit ion oper-

ator. m (f ; t) = mf ;t
def= jF x

f ;t j is the magnitude in TF plane, and w (f ; t) = wf ;t
def= jF x

f ;t j
2 the power.

x, m and w designate the realizat ions of random variables X , M and W . The pdf of X is denoted

qX (x). The mathemat ical expectat ion of a random variable X is writt en Ef X gdef=
R1

� 1 x � qX (x) � dx.

3 Classical Spect ral Subt ract ion

This sect ion brie
 y summarizes the principle of spectral subtract ion, and points at open issues in the
context of noise-robust ASR that was described in Sect ion 1.

3.1 Pr inciple

For speech enhancement , Boll [8] proposed an addit ive noise removal procedure called \ spectral sub-
t ract ion" . The proposed model is x (t) = s (t) + n (t), where x, s and n designate the received noisy
signal, the clean speech signal and the noise signal, respect ively. We represent t he corresponding
t ime-domain random variables X (t), S (t) and N (t), and assume independence between the clean
speech signal S (t) and the noise N (t). The frequency domain power random variable wX (f ; t) t hen
follows:

Ef wX (f ; t)g = Ef wS (f ; t)g + Ef wN (f ; t)g; (2)

which leads to the following procedure for noise removal:

ŵs (f ; t) = max (0; wx (f ; t) � ŵn (f ; t)) ; (3)

where ŵs (f ; t) and ŵn (f ; t) designate est imated powers of clean speech signal and noise, respect ively.
Under stat ionarity and ergodicity assumpt ions, these est imates can be obtained through DFT over a
stat ionary interval, 20 to 30ms in the case of speech. Sect ion 3.2 summarizes a method for automat ic
est imat ion of ŵn (f ; t).

Berout i [9] considered the issue of musical noise: Eq. 3 int roduces many addit ional zeroes in the
TF plane, which in turns make the spectral peaks more narrow. Thus, when reconstruct ing the
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signal ŝ (t) from the est imated speech spectrum ŵs (f ; t), this produces an audible \ musical noise" ,
which is detrimental to human listening quali ty, and potent ially to ASR. Thus, the following modi� ed
procedure was proposed:

� Compute an intermediate est imate wd (f ; t) = wx (f ; t) � � � ŵn (f ; t), where � � 1 is called the
\ subtract ion factor" . The purpose of � is to reduce the ampli tude of the remnant noise peaks.

� Est imate the clean speech power as ŵs (f ; t) = max (wd (f ; t) ; � � ŵn (f ; t)) , where � is called
the \ spectral 
 oor parameter" (0 < � << 1). � is used to reduce the ampli tude of the remnant
noise peaks, relat ively to the surrounding spectral valleys.

The two steps can be writt en in a compact manner:

ŵs (f ; t) = max (wx (f ; t) � � � ŵn (f ; t) ; � � ŵn (f ; t)) : (4)

3.2 N oise Level Est imat ion (LEE T )

In order to apply Eq. 4, it is necessary to � rst est imate the noise level ŵn (f ; t) at each point ( f ; t)
of the TF plane. This can be done on parts of the TF plane where the speaker is assumed silent , for
example obtained with a Voice Act ivity Detector (VA D). Without VA D, automat ic methods can be
employed to dist inguish between speech harmonics and noise [10]. An extensive study was presented
in [10], which essent ially compared four di� erent addit ive noise est imat ion methods:

� Energy clustering [17]: the dist ribut ion of log energies is assumed to present t wo modes, one
for noise, the other for speech (with larger values). The two modes can be � tt ed with either
EM � tt ing [6] of two Gaussians, or 2-means clustering.

� Hirsch histograms[22]: a histogram of logenergies, computed over several hundredsmilli seconds,
exhibits a peak in the low energy port ion. This peak is indicat ive of the noise level.

� Weighted average [22]: a � rst -order recursion is used to update the noise est imate, whenever
speech is deemed absent .

� Low-Energy Envelope Tracking (LEET) [10], which was derived from [12]. It relies on spectral
valleys to est imate a quant ity proport ional to the noise level.

From this extensive study [10], we selected LEET, as it provided the best results. LEET assumes that
low energies { spectral valleys { are dominated by noise. Thus, within each frequency band f , the
noise energy is est imated from the average energy of 20 % of the t ime frames: those with the lowest
energy values (Fig. 4).

The LEET noise level est imat ion assumes that t he lowest power values in a port ion of the TF plane
are essent ially dominated by noise. This is a reasonable assumpt ion when noise is more stat ionary
than speech and the global SNR is greater than zero. In part icular, it means that t he spectral valleys
in between speech harmonics most ly contain noise. In pract ice, LEET is implemented as follows:

� Within a frequency band and a t ime window, compute the average w
 (f ) of the 20% lowest
power values, denoted by 
 = 0:20. In pract ice, 
 does not require tuning.

� The (locally stat ionary) noise power is est imated as:

ŵL EE T
n (f ) def= C � w
 (f ) ; (5)

where C > 1 is a correct ion factor. We used a 5-point ( � 150Hz window) running mean � lter
in the log power domain log

�
ŵL EE T

n (f )
�
, acrossthe frequency bins f , in order to eliminate the

out liers.
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Figure 3: Evaluat ion of the LEET noise est imat ion. \ Noise level" means the average white gaussian
noise energy divided by the average clean speech energy.

In [10], C is SNR-dependent , and is determined by a calibrat ion procedure on training data. In prelim-
inary experiments on OGI Numbers 95 [23], we found that a � xed value C = (1:5 
 ) � 2 provides bett er
recognit ion results than the calibrat ion procedure. Fig. 3 shows an evaluat ion on clean speech [23]
with white noise added at di� erent levels. The slight t il t at t he lowest noise levels is due to a very
small background noise already present in the \ clean" speech signal. Overall, we can see that t he
noise level est imate is very close to the true noise level.

3.3 A pp li cat ion t o N oise-Robust A SR

Following [10], we used Eqs. 4 and 5 to modify the spectrum prior to MFCC extract ion of a standard
HMM / GMM recognizer. In order to opt imize the process for noise-robust ASR, we had to tune the
� and � parameters. On the task considered in Sect ion 6.5, we observed best speech recognit ion
results with a constant � = 2:3, and � = 0:2. The spectral 
 oor value � = 0:2 is much larger than
advised in [9]. However, [9] was targett ing a speech enhancement t ask, while the focus here is on
MFCC-based ASR. Certain types of speech distorsions may be acceptable for machines, but not for
humans, and vice-versa. A high value of the spectral 
 oor is also successfully used in the spectral
subtract ion variant int roduced below (Sect ion 5.3).

Overall, with respect t o the noise-robust ASR task and the model depicted in Fig. 1, threeissues
can be ident i� ed.

I ssue 1: The model in Sect ion 3.1, x (t) = s (t) + n (t), implicitely assumes a 
 at t ransmission
channel, i.e. h (t) = 1. Thus, the ASR performance may considerably degrade when the channel
is not 
 at ( e.g. cellphone). It is veri� ed experimentally with LEET on the Aurora 2 task [21], in
Sect ion 6.5. In order to fully exploit t he potent ial of spectral subtract ion in such environments, the
channel response must � rst be est imated and normalized out . Sect ion 4 proposes two methods.

Assuming that t he channel h (t) has been normalized out , two general issues remain.
I ssue 2: Any error in the noise level est imate ŵn (f ; t) direct ly impacts on the ASR performance.

Based on theaddit ivenoisemodel x (t) = s (t) + n (t), a perfect noise est imat ion method would require
perfect knowledge of the clean signal s (t), which is precisely what we are trying to est imate. This
\ circular" issue can be addressed by joint modelli ng of noise and speech, as proposed in Sect ion 5.2.

I ssue 3: For each di� erent t ask, � and � need to be tuned. According to [9], � and � should even
vary depending on the local SNR in the TF plane. In our understanding, � and � not only help to
reduce musical noise, but also to correct errors in the noise est imat ion process (especially � ). Thus,
this issue could be closely related to \ Issue 2". Consequent ly, addressing \ Issue 2" could in turn allow
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for a simpler, parameter-freespectral subtract ion, as proposed in Sect ion 5.3.

4 Chann el Est imat ion and N ormali zat ion

Noise reduct ion methods for ASR include, among others, Wiener � ltering, as for example in the
ETSI Advanced Front-End [7], and spectral subtract ion [8, 9, 10, 24]. They implicit ly assume no
channel distorsion (h (t) = 1), as in the signal model x (t) = s (t) + n (t). In reali ty, the channel may
be distorted, and there may be a mismatch between the channels used in t raining and test condit ions
(e.g. di� erent t ypes of cellphones). This mismatch causes a degradat ion in WER, as the test signals
appear distorted to the models t rained on data with di� erent channel(s).

In the case of noise-robust ASR, we postulate that channel normalizat ion after noise reduct ion,
such as CMS, may not be able to fully remove the channel distorsion, because of non-linearit ies in the
noise reduct ion process. Following [25, 26], we thus propose to remove the channel before any other
processing, i.e. at t he power spectrum level, as depicted in Fig. 2. The idea is to est imate the power
domain channel response ŵh (f ) from the observed signal x, then to remove it t hrough a division in
the power domain:

wNORM
x (f ; t) =

wx (f ; t)
ŵh (f )

(6)

The next t wo subsect ions propose two di� erent est imates ŵh (f ), corresponding to two di� erent
sets of assumpt ions. The main contribut ion of this paper lies in the second one (CHN).

4.1 Geomet r ic M ean N ormali zat ion (GM N )

We propose here to use exist ing dereverberat ion methods [25, 26] to do channel normalizat ion. These
exist ing methods consist in removing the mean in the log power domain.

Let us examine which assumpt ion lies behind such a normalizat ion. First , the t ime-domain signal
model of Eq. 1 can be translated to the log power domain:

logwx (f ; t) = logwh (f ) + log(ws+ n (f ; t)) ( 7)

We now assume that :

hlog(ws+ n (f ; t)) i t � L (8)

where h�i t denotes the mean across DFT t ime frames, and L is a constant : it does not depend on
frequency f . This assumpt ion is part ly just i� ed by the pre-emphasis done in the t ime domain, which

 att ens the spectrum. Then, logwh (f ) � hlogwx (f ; t)i t � L , which just i� es to divide the observed
power values wx (f ; t) by their geometric mean, within each frequency band f :

ŵGM N
h (f ) def= exp hlogwx (f ; t)i t (9)

One could object t hat on \ short " speech signals, as typically encountered in hands-free dialing of a
telephone, the assumpt ion L (f ) = const is not just i� ed. Indeed, L (f ) would most likely re
 ect t he
speaker-speci� c harmonics, and thus depend on f .

4.2 Proposed CH annel N ormali zat ion (CHN )

Asan alternat iveto GMN, weproposeto usea di� erent assumpt ion, in order to turn any addit ivenoise
est imat ion method into a channel est imat ion process. Assuming independence between speech s (t)
and noise n (t), the t ime-domain signal model of Eq. 1 becomes a product in the frequency domain:

wx (f ) = wh (f ) � (ws (f ) + wn (f ))

= wh (f ) � ws (f ) + wh (f ) � wn (f ) (10)
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Figure 4: Est imat ion from the lowest energies within each band (LEET and CHN).

Applying an addit ive noise est imat ion method in such a case would lead to est imate the second
term on the right-hand side, i.e. the distorted noise wh (f ) � wn (f ). Making a simpli � ed white noise
assumpt ion wn (f ) = const, it follows that wh (f ) � wn (f ) is direct ly proport ional to the channel gain
wh (f ). The \a ddit ive noise est imate" can thus be used as the denominator ŵh (f ) in Eq. 6.

Following the independence and white noise assumpt ions ment ioned above, we propose to turn
the LEET noise est imat ion method (Sect ion 3.2) into a channel est imat ion method. The channel
gain ŵh (f ) is est imated within each frequency band f , using the geometric mean of the lowest power
values (Fig. 4). Formally, for each frequency band f :

ŵCHN
h (f )

def
= exp

h
h logwx (f ; t) i wx ( f ;t )< K 
 ( f )

i
(11)

where K 
 (f ) is the (100� 
 )t h percent ile of observed power values wx (f ; t) within a t ime window.
Typically 
 = 0:20, as in the LEET method [10]. We did not consider tuning of 
 : the value used
here is exact ly the same as in [10].

A 5-point running mean across frequencies (� 150Hz window) is then applied in the log power
domain logŵh (f ) t o remove out liers. Note that t he use of geometric mean (Eq. 11) makes the
normalizat ion procedure (Eq. 6) independent of the chosen representat ion (magnitude m (f ; t) or
power w (f ; t)) . While the addit ive noise est imat ion is standard, to the best of our knowledge, the
proposed approach for channel normalizat ion is novel.

In pract ice, the white noise assumpt ion is not veri� ed. In such cases, not only the est imated
channel gain is normalized out , but also the stat ionary part of the addit ive noise is largely reduced
(divided by a large factor). This is con� rmed by the ASR results in Sect ion 6.5. The choice for a
simplist ic white noise assumpt ion is deliberate: the goal is to assess experimentally whether or not
channel normalizat ion before non-linear noise reduct ion can be bene� cial or not . Experiments reported
in Sect ion 6.4 con� rm the idea.

On the implementat ion side, note that clean telephone speech contains some t ime frames with a
null signal, due to buil t -in speech/ silence detectors. In such a case s (t) + n (t) = 0, so the channel
est imate is not updated, and the null signal is left as is.

5 U nsup ervised Spect ral Subt ract ion

This sect ion addresses the second and third issues ment ionned in Sect ion 3.3: noise level est imat ion
and parameter-freespectral subtract ion. The focus is not speech enhancement for human listening,
but rather noise-robust ASR.

In Sect ions 5.1 and 5.2, the commonly used Rayleigh silence model is just i� ed on real data, and
completed with an ad-hoc speech act ivity model. The main di� erence with exist ing, related models
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Figure 5: Observat ions on real meet ing room data [27] (pre-emphasized waveform x(t)) . (a),(c):
histograms, (b),(d): phase plots.

such as in [15, 2, 3], is that we do not addressthe complete probabili st ic modeling of speech act ivity,
but limit ourselves to large magnitudes only.

Based on this model, Sect ion 5.3 proposes a parameter-free alternat ives to the classical spectral
subtract ion procedure described in Sect ion 3.

5.1 Observat ions on Real Waveforms

Simple observat ions on silence periods of a pre-emphasized waveform x(t) and its covariance matrix,
as part ially ill ust rated by Figs. 5a and 5b, show that modeling X (t) as a i.i.d, zero-centered Gaussian
process is very reasonable. From this assumpt ion, the real and imaginary part of the DFT are
independent Gaussian dist ributed variables, as shown in Appendix A. (An exact derivat ion is given,
without asymptot ical considerat ions such as the central li mit t heorem). Thus, on silent parts of the
TF plane, the magnitude M f ;t has a Rayleigh pdf [18]. This type of assumpt ion is used in [2, 19].
It is consistent with the white noise assumpt ion that is used in the proposed channel normalizat ion
method (Sect ion 4.2). In pract ice, as described below, we processthe signal in 1-second blocks, thus
permitt ing the white Gaussian noise level to be slowly t ime-varying.

On the other hand, speech waveforms are clearly not Gaussian dist ributed, and not i.i.d., as shown
by Figs. 5c and 5d. As ment ioned in Sect ion 1, �nd ing a fully-just i� ed pdf for speech magnitude is
st ill an open quest ion [19]. Thus, the next sect ion proposes to only model large magnitudes of speech.

5.2 Proposed 2-Component M ixt ure M odel (RSE)

The proposed pdf for the magnitude random variable M is q(m) def= PI � qI (m) + PA � qA (m), where
PI and PA are the priors for \ silence" and \ speech act ivity" , respect ively. Note that t he model is
independent of f and t.

qI is the Rayleigh pdf:

qI (m) def=
m
� 2

I
e

� m 2

2� 2
I ; (12)

and qA is a pdf that models magnitudes m > � A , where � A is a threshold de�n ed w.r.t . qI . As a
start ing point , in this paper we use � A = � I , which is the mode of the Rayleigh pdf. The reasoning is
that values below the mode of the Rayleigh qI can safely be assumed to be background noise.

Moreover, we constrain qA to ful� ll two pract ical constraints. First , the derivat ive q0
A (m) of the

chosen \ speech act ivity" pdf should not be zero when m is just above � A , otherwise the threshold � A

will l oose its meaning, as it may be set t o an arbit rarily low value. Second, the decay of qA (m) when
m tends towards in�n ity should always be lower than the decay of the Rayleigh. This ensures that
f A will capture data with large magnitudes, and not f I . A pdf that ful� ll s the two criterions above is
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a \ shifted Erlang" pdf with h= 2 (t he Erlang pdf belongs to the Gamma family [18]):

qA (m) def= 1m > � I � � 2
A � (m � � I ) � e� � A (m � � I ) ; (13)

where 1m > � I is equal to 1 if m > � I , and zero otherwise. Note the implicit stat ionarity assumpt ion:
the 4 parameters � = f PI ; � I ; PA ; � A g areassumed to be independent of t. Furthermore, independence
of f is also assumed; it is part ially just i� ed by the pre-emphasis, which whitens the spectrum. The
RSE model is similar to the probabili st ic model used for microphone array-based speech detect ion,
in [20].

EM t raining of � : The proposed mixture model can be trained using the EM algorithm [6].
Both \ E" and \ M" steps involve simple mathemat ical expressions. In the \ E" step, posteriors can be
est imated as follows:

P (sil jmf ;t ; � ) =
PI � qI (mf ;t )

PI � qI (mf ;t ) + PA � qA (mf ;t )
(14)

P (act jmf ;t ; � ) = 1 � P (sil jmf ;t ; � ) (15)

In the \ M" step, exact maximizat ion of the likelihood is di� cult : since parameters � I and � A are
t ied in a non-linear fashion (Eq. 13), we have not found a way to separate them analyt ically. From
this constatat ion, we propose two opt ions:

1. Numerical opt imizat ion of the exact likelihood of the observed data through simplex search in
the (� I ; � A ) space (e.g. fminsearch in MATLAB). In this case, the M step requires several
sub-iterat ions before reaching a local maximum. We refer to this opt ion as \ M L" .

2. Analyt ical approximat ion through a moment-method, in a single step. First � I is updated using
all data, then � A is updated using all data with values above the new � I value. This opt ion is
referred to as \ moment " . It is de�n ed by the following update equat ions:

�̂ I =

2

6
6
4

X

f ;t

m2
f ;t � P (sil jmf ;t ; � )

2
X

f ;t

P (sil jmf ;t ; � )

3

7
7
5

1
2

(16)

�̂ A =

X

m f ; t > �̂ I

(mf ;t � �̂ I )
� 1 � P (act jmf ;t ; � )

X

m f ; t > �̂ I

P (act jmf ;t ; � )
(17)

D at a represent at ion: As opposed to histogram-based implementat ions, in this paper the cost
is reduced, using a direct representat ion with a reduced set of samples (no weights). In all results
reported in this paper, only 100representat ivesamplesareused: observed magnitude values aresorted
in an increasing manner, from which 100 samples are picked at regular intervals. This data reduct ion
method is equivalent t o est imate percent ile values at equal steps.

Figs. 6a, 6b and 6c show an exampleof � t on one � le taken from the OGI Numbers95database [23].
(OGI Numbers 95 is used because its t ransmission channel is 
 at .) In the following, we'll refer to the
Rayleigh and Shifted Erlang model as \ RSE" .

A pp roximat ion: it is possible to approximate the � I parameter for an even lower computat ional
cost t han RSE � tt ing, as described in Appendix B. The cost is a slight but systemat ic degradat ion of
the ASR performance.
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(a)
Original spectrogram

mf ;t

magnitude

all
silence
activity
data

(b)
Fit ( linear domain)

log magnitude

all
silence
activity
data

(c)
Fit ( log domain)

(d)
Spectrogram after subtract ion

mUSS
f ;t

Figure 6: Example of � t of the 2-component model on noisy data taken from the OGI Numbers 95
database (Factory 0dB condit ion). All plots show magnitude data in the frequency domain. On
spectrogram plots (a) and (d), the largest magnitudes are white, the smallest magnitudes are black.
(OGI Numbers 95 [23] is used for this example because the transmission channel is 
 at .)

5.3 U SS wit h t he RSE M odel (RSE-U SS)

A 2-step approach is used:

1. Joint speech/ noise modeling with EM � tt ing of the RSE parameters � , as described in Sec-
t ion 5.2, using either \ ML" or \ moment" . Prior ASR studies [11] on OGI Numbers 95 show
that \ moment" yields bett er results than \ ML" . Thus, all RSE-USSresults reported below were
obtained using \ moment" .

2. Spectral subtract ion using parameter � I as a 
 oor:

mUSS
f ;t

def= max
�

1;
mf ;t

� I

�
: (18)

Note that t he 
 ooring to a non-zero value (max (1; : : :)) is necessary in the MFCC context . Indeed,
leaving zero magnitudevaluesafter spectral subtract ion would lead to undesirabledynamics in cepstral
coe� cients. An example of result of Eq. 18 is shown in Fig. 6d. Although Eq. 18 is not , st rict ly
speaking, the spectral subtract ion scheme described by Eq. 4, it has the same two characterist ic:
noise removal and 
 ooring. We prefered the normalizat ion scheme of Eq. 18 in order to avoid tunable
parameters (Issue 3 in Sect ion 3.3). The overall computat ional cost of RSE-USS (Eq. 18) is small,
because posteriors (Eqs. 14 and 15) don't need to be computed. RSE-USS only requires � I , which
can also be obtained for a small cost , as explained in Sect ion 5.2. This just i� es the \ unsupervised"
quali � cat ion.

This approach can be compared to previous works. We can note common points \ in spirit "
with [17] (and to a lesser extent [16]): adaptat ion to non-stat ionary noises is possible in both [17]
and our approach through block-wise processing, as ill ust rated by experiments on OGI Numbers 95
reported in [11]. Moreover, on the modeling side, parameters of the \ noise" dist ribut ion (i.e. silence)
are more important t han those of the \ speech" dist ribut ion (i.e. act ivity) in both approaches, as they
are used to 
 oor the magnitude values (max operator).

However, here the modeling is made direct ly at t he magnitude spectrogram level, with a single
model for all frequencies, while in [17] modeling was made after mel � lterbank computat ion, and
a model was de�n ed for each crit ical band separately. Furthermore, the approach proposed here is
one-pass, fully unsupervised, without any \ feedback" loop, without any tunable threshold, without
histogram. In [17], mult iple stagesare involved, including histograms, band-speci� c parameters, short -
term and long-term adaptat ion, a \ feedback" loop, tunable parameters that have to be trained and
(opt ionally) an art i� cial white noise is injected.

Finally, it is important t o realize that in log the domain, the Rayleigh dist ribut ion has a � xed
shape. Indeed, a change of the � I parameter only corresponds to a translat ion in the log-domain,
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as proven by the next sect ion. From this perspect ive, the Rayleigh is a lot more constrained than a
log-normal dist ribut ion, for example. Although this could look like a disadvantage, it avoids capturing
too much speech informat ion with the noise dist ribut ion. Thus, with the RSE model, potent ially more
speech informat ion is conserved in noisy situat ions.

6 A pp li cat ion t o N oise-Robu st A SR

This sect ion compares various noise reduct ion techniques, used as a front-end for an HMM / GMM
speech recognizer, on the Aurora 2 task [21]. First , the baseline ETSI Mel-Cepstrum Front-End is
presented [28]. Second, the ETSI Advanced Front-End for noise-robust ASR is described [7]. Third, it
is proposed to replace the noise reduct ion part of the ETSI Front-End with a simpler, parameter-free
alternat ive: channel normalizat ion (Sect ion 4.2) followed by USS(Sect ion 5). Results show that t he
robustnessto noise is great ly improved.

6.1 ET SI M el-Cepst rum Front -End (M FCC )

The ETSI Mel-Cepstrum Front-End [28] is used as a baseline. The output feature vector has 14 com-
ponents only: log energy and MFCC coe� cients C0 to C12 (no derivat ives). Normalizat ion techniques
such as Blind Equalizat ion or CMS/ CVN are not used. In order to have a fair comparison with the
noise-robust front-endsdescribed in the following, VoiceAct ivity Detect ion (VA D) was simulated using
\ end-point ing". Using the known beginning and end of each speech utt erance, all silences before and
after werereplaced with a � xed 200msdurat ion. Resultsareprovided courtesy of Prof. G•unther Hirsch
and Mr. David Pearce. In the following, we denote this front-end MFCC.

6.2 ET SI A dvanced Front -End (A FE)

The ETSI Advanced Front-End for noise-robust ASR [7] includes a sequence of 3 successive parts:
(1) noise reduct ion with double Wiener � ltering, (2) MFCC extract ion and (3) Voice Act ivity Detec-
t ion (VA D).

The � rst part , noise reduct ion (depicted in Fig. 7), is expected to remove most of the noise from
the t ime-domain waveform, and output a \ denoised" t ime-domain waveform. It includes a two-pass
Wiener � ltering, which itself requires SNR est imat ion in the frequency domain. In the � rst pass, a
specialized detector is applied to separate the speech t ime frames from the noise t ime frames. From
speech/ noise decisions and the observed spectrum, the SNR is est imated at each point of the TF
plane, and a Wiener � lter is designed in the mel � lter-bank domain. The Wiener � lter is then applied
to the input waveform and a denoised t ime-domain signal is reconstructed. On this denoised signal,
the ent ire process is repeated a second t ime, in order to produce an even cleaner signal. Finally, a
Teager operator is applied, that emphasizes the high-SNR parts of the waveform. Overall, this � rst
part includes many numerical parameters and \ if/ then" rules.

In the second part , the \ denoised" t ime-domain waveform is fed into a MFCC extractor. It is
essent ially standard, with some addit ional opt imizat ions such as 0.9 pre-emphasis, combinat ion of log
energy and C0, and blind equalizat ion.

Thethird part isopt ional. It isa sophist icated VA D that combines threedi� erent t ypesof measures
(mel-warped Wiener � lter coe� cients, spectral sub-bands and spectral variance). The output is a
speech/ silencebinary decision for each t ime frame. It can be used to ignore non-speech frames, which
aims at improving the ASR performance [7].

In the following, we denote this front-end AFE.

6.3 Proposed Front -Ends

The experimental invest igat ion aimsat simpli fying the � rst part of the AFE, noise reduct ion, replacing
the many rules and parameters with simpler approaches. The other two parts of the AFE (MFCC
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Figure 7: Noise reduct ion stage of the ETSI front-end.
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Figure 8: Proposed frequency-domain noise reduct ion.

ext ract ion and VA D) are kept exact ly the same.
For noise reduct ion, we thus propose a 2-step approach, ent irely in the frequency domain (depicted

in Fig. 8):

� Channel Normalizat ion: GMN or CHN, described in Sect ions 4.1 and 4.2.

� Spectral Subtract ion: LEET or USS, described in Sect ions 3 and 5.3, respect ively.

In all cases, channel normalizat ion and spectral subtract ion are applied in a blockwise fashion (e.g.
1-second blocks) in order to accomodate t ime-varying background noises. In each frequency band,
magnitude observat ions are accumulated and reduced as described in Sect ion 5.2, for a very small
cost . This is similar to a 0.5 forgett ing factor, which was already noted to be useful in [17].

Finally, we also test CHN followed by the AFE. Prior normalizat ion (GMN or CHN) must be done
by � ltering the t ime-domain signal. The t ime-domain � lter h (t) is est imated through inverse DFT ofp

ŵh (f ) (Eqs. 9 or 11), half-window delay and Blackman windowing. Note that in the case of the
AFE, the Blind Equalizat ion is used as post-processing [7] (as opposed to the CMS/ CVN used for
LEET and USS.)

6.4 Exper iment s on A urora 2

The Aurora 2 task wasdesigned to evaluate the front-end of ASR systems in noisy condit ions [21]. The
task is speaker-independent connected digit recognit ion. The database comprises isolated digits and
sequences of up to 7 digits from the TIDigits database [29] spoken by male and female US-American
adults. The original 20kHz data was downsampled to 8 kHz, in order to obtain a telephone bandpass
between 0 and 4 kHz. The result ing data const itutes the clean speech data (clean condit ion). Noises
were then added art i� cially at di� erent SNR levels (20 dB to -5 dB). The noises were recorded at
di� erent places: suburban train (A1), crowd of people (babble) (A2), car (A3), exhibit ion hall (A4),
restaurant ( B1), st reet ( B2), airport ( B3), and train stat ion (B4). Some noises are fairly stat ionary,
for instance car noise and exhibit ion noise. Others contain non-stat ionary segments, as in st reet noise,
babble noise and airport noise.

Finally, as described in [21], two types of t ransmission channels are considered: 
 at (t est sets A
and B) and non-
 at (t est set C). \ Non-
 at" means that t he frequency-domain response wh (f ) of
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the transmission channel has a non-zero slope. It corresponds to some types of GSM cellphones.
In the \ non-
 at" case, the proposed channel normalizat ion presented in Sect ion 4.2 is expected to
compensate for the \ 
 at " channel implicitely assumed by spectral subtract ion methods. Ideally, the
result of a recognizer should be independent of the transmission channel.

The Aurora 2 task de�n es two di� erent t raining modes: t raining on clean condit ion only, and
training on both clean and noisy condit ions. In this paper, only experiments with t raining on clean
condit ion are reported, because the purpose of our approach is precisely to remove noise as much
as possible in order to make acoust ic modeling as noise-robust as possible, while retaining similar
performance in clean condit ions. The details about t he training set , test set and HTK recognizer can
be found in [21].

Based on init ial tests [11] done on the OGI Numbers 95 task [23] we selected a 1-second block
size and applied the various approaches to the Aurora 2 corpus [21]. The frame shift is 10 ms and
the frame length is 25 ms. For all proposed front-ends (except t he baseline) 13 MFCC coe� cients
are extracted (C0 to C12), along with deltas and delta-deltas, and fed into the Aurora 2 HMM / GMM
recognizer [21]. In order to have a fair comparison, for all front-ends (except for the MFCC baseline),
the same AFE MFCC/ delta/ delta-delta extractor and AFE VA D are used [7]. They are brie
 y
described in Sect ion 6.2. As already ment ioned, post-processing is done through Blind Equalizat ion
in the case of the AFE [7]. On the other hand, post-processing is done with CMS, CVN in the case
of spectral subtract ion (LEET and USS).

6.5 Result s and D iscussion

Overall average WER results for each test set A,B,C are presented in Table 1. Averages per noise
type are shown in Fig. 9a. Averages per SNR level are depicted in Figs. 9b, 10a and 10b.

In all cases, results on Test Set C (mismatched channel) con� rm that normalizing the channel
before the non-linear noise reduct ion stage is bene� cial, as compared to methods that att empt t o
normalize the channel only after the noise reduct ion stage (LEET and USS with CMS/ CVN, AFE
with Blind Equalizat ion). As a by-product , improvement also appears for the other cases (Test Sets A
and B), except for the AFE on Test Set A. This is mainly due to the Exhibit ion noise (A4 in Fig. 9a).
In all cases, the proposed channel normalizat ion (CHN) is superior to the exist ing normalizat ion
method (GMN).

The improvement from USS to CHN-USS is quite remarkable, leading to results comparable to
those of the AFE: 13.4 % overall average WER for CHN-USS, 13.2 % for the AFE. This is interest ing,
given that Eqs. 6 and 18 fully describe the modi� cat ions of the spectrum. On the contrary, the AFE
includes many more rules and parameters [7]. USSalso provides results superior to those of LEET, as
visible in Table1. A possible explanat ion is that LEET wasoriginally designed for speech enhancement
for human listening: noise-robust ASR with a HMM / GMM system may have di� erent needs.

The CHN-AFE result has the best overall WER (12.5 %). Compared to AFE (Fig. 10), CHN-
AFE yields an improvement in noisy condit ions below 10 dB of up to 5 % absolute WER, for a slight
degradat ion above 10 dB (up to 1 % absolute WER), and similar results in clean condit ions (0.2 %
absolute degradat ion, the relat ive variat ions are not signi� cant) . In terms of test sets, there is a
degradat ion on test set A, for an improvement on test sets B and C. In order to assess the cause of
the degradat ion on test set A, we looked at average results for each noise type (Fig. 9a). It appears
that t he \ Exhibit ion Hall " condit ion is the main source of problems. From the long-term spectral
shapes shown in [21], this noise seems to occupy the largest bandwidth, having a roughly equally-
dist ributed spectrum across frequencies. So it would seem to � t well the white noise assumed by
CHN (Sect ion 4.2), which is a contradict ion with the degradat ion observed. One possible explanat ion
is that \ Exhibit ion Hall " also often includes non-white noises, such as people speaking, whist ling and
some strong voices. This suggests re�n ing the noise model, possibly by doing channel normalizat ion
and noise removal joint ly. Integrat ing CHN inside the 2-stage AFE processis a possibili ty.

To conclude, two main observat ions can be made. First , the proposed \ channel normalizat ion"
method alone great ly reduces not only the sensit ivity to channel variabili ty, but also the stat ionary
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Method Post-processing Without VA D With VA D
A B C Ave. A B C Ave.

MFCC End-point ing { { { { 42.6 47.6 37.4 42.5

LEET CMS,CVN 29.0 27.1 29.4 28.5 27.5 26.0 27.5 27.0
CHN-LEET CMS,CVN 26.5 24.2 27.3 26.0 24.9 22.8 25.3 24.3

USS CMS,CVN 16.9 15.7 20.7 17.8 16.7 15.2 20.5 17.5
GMN-USS CMS,CVN 14.6 13.1 14.3 14.0 14.4 12.5 14.3 13.7
CHN-USS CMS,CVN 14.1 12.7 13.5 13.4 14.5 12.9 13.9 13.7
AFE Blind eq. 12.3 12.9 14.6 13.2 12.5 12.9 14.4 13.3
GMN-AFE Blind eq. 14.0 12.2 13.0 13.1 14.3 12.3 13.2 13.3
CHN-AFE Blind eq. 13.7 11.5 12.2 12.5 14.1 11.5 12.1 12.6

Table 1: Average WER results on Aurora 2. For each test set ( A,B,C), the averageWER is computed
over 0,5,10,15,20 dB condit ions. Training is done on clean signals. \ Blind eq." and \ CMS,CVN"
indicate the type of post-processing that was used (rightmost block in Fig. 2). \ MFCC" means ETSI
Mel-Cepstrum Front-End [28] (MFCC results courtesy of Prof. G•unther Hirsch and Mr. David Pearce).
\ AFE" means ETSI Advanced Front-End [7].

SNR -5 0 5 10 15 20 clean

MFCC 91.6 85.2 65.6 38.6 17.2 6.1 0.9
USS 77.5 49.3 23.1 9.9 4.2 2.2 0.9
CHN-USS 70.0 38.2 16.2 7.1 3.5 2.1 1.1

AFE 69.9 38.1 15.8 7.0 3.4 1.9 0.8
CHN-AFE 66.2 33.2 14.5 7.3 4.4 2.9 0.9

Table 2: WER results on Aurora 2, per SNR level, averaged on the 12 noise types A1 to A4, B1 to
B4, C1, C2. Training is done on clean signals. Post-processing: as in Table 1.

A1 A2 A3 A4 B1 B2 B3 B4 C1 C2
0

10

20

30

40

50

W
E

R

PER NOISE TYPE
MFCC
USS
CHN-USS
AFE
CHN-AFE

-5 0 5 10 15 20 clean
0

20

40

60

80

W
E

R

PER SNR LEVEL
MFCC
USS
CHN-USS
AFE
CHN-AFE

(a) (b)

Figure 9: WER results on Aurora 2 (a) for each noise type, averaged on 0, 5, 10, 15, 20 dB SNR lev-
els. A1:Subway, A2:Babble, A3:Car, A4:Exhibit ion, B1:Restaurant , B2:Street , B3:Airport , B4:Train-
stat ion, C1:Subway, C2:Street . (b) for each noise level, averaged acrossnoise types. Training is done
on clean signals.
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Figure 10: Absolute and relat ive WER variat ion (t he lower, the bett er) compared to the ETSI Mel-
Cepstrum Front-End (denoted MFCC), on Aurora 2, for all three test sets A, B and C (average).
Training is done on clean signals.

part of the addit ive noise. This is expected due to the non-white nature of real noises, as explained in
Sect ion 4.2. Second, the AFE was great ly simpli � ed, by replacing the many-step two-passWiener � l-
tering with direct , simple spectral subtract ion approaches. Each step of the proposed approach (CHN
and USS), relies on a single equat ion (Eqs. 6 and 18, respect ively), and no tuning parameter. CHN-
USS yields an ASR performance very similar to that of the AFE, and CHN-AFE yields the best
average results. Further improvement may be obtained on clean condit ions through explicit ing the
additive channel noise { we neglected it as a � rst step, focussing on very noisy condit ions.

7 Conclusion

Three limitat ions of classical spectral subtract ion were addressed by this paper, in the context of
noise-robust ASR. First , a channel normalizat ion method was proposed, in order to extend spectral
subtract ion to non-
 at t ransmission channels such as cellphones. In pract ice, the proposed channel
normalizat ion method not only removes the convolut ive noise due to the channel, but also part of the
addit ive acoust ic noise. Results on the Aurora 2 task show that t he proposed channel normalizat ion
e� ect ively accomodates mismatch channels, and leads to bett er ASR performance for all front-ends
(ETSI Advanced Front-End, aswell as spectral subtract ion). In part icular, the improvement isclear, as
compared to methods that att empt t o normalize the channel only after the non-linear noise-reduct ion
stage. A second limitat ion addressed by this paper is that t he underlying noise est imate is a crucial
factor for the ASR performanceof spectral subtract ion methods. This issue was then postulated to be
t ight ly linked with the third limitat ion, i.e. the need of task-dependent , condit ion-dependent t uning
factors. As an alternat ive, a st raight forward procedure called \ Unsupervised Spectral Subtract ion"
was proposed, that joint ly models speech and noise at t he magnitude spectrogram level. It is com-
pletely unsupervised, as it does not have any tuning factor. Combined with channel normalizat ion,
it provides very similar ASR performance to that of the ETSI Advanced Front-End, on the Aurora 2
corpus. This is quite interest ing, given that t he proposed signal t ransformat ion is fully described
by two equat ions (Eqs. 6 and 18), while the ETSI Advanced Front-End includes many steps and
parameters. The absence of tuning factors, and the very low computat ional cost makes it direct ly
� t for real-t ime applicat ions on low-power nodes such as cellphones and PDAs. Future work may
include several direct ions. The result with channel normalizat ion followed by the ETSI Advanced
Front-End suggests possibili t ies for further improvement in noisy condit ions, for example through
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joint noise/ channel modelli ng. This would permit t o use more complex noise models than the slowly-
varying white Gaussian noise assumpt ion consistent ly used here. Moreover, improvement in clean
condit ions may be expected by explicit ing the additive channel noise term in the signal model.
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A Proof of t he Rayleigh d ist r ibu t ion of magnit ud es

In this sect ion we derive the Rayleigh magnitude-domain silencemodel of jF X
f j (Eq. 12), from a white

Gaussian assumpt ion for the pre-emphasized signal X t .
First , let us recall a result originally shown by Rice in 1944 (for a demonstrat ion

see[18, pp. 296-297]). Riceshowed that given two zero-mean Gaussian, uncorrelated random variables

A and B with same standard deviat ion � , and Rdef= jA + j B j, the R variable has a Rayleigh pdf:

qR (r ) =
r
�

e� r 2

2 � 2 for r > 0: (19)

Let us now de�n e X 1:N , as a vector of N uncorrelated1 zero-mean Gaussian random variables

X 1:N
def= [X 1 : : : X N ]T . The Discrete Fourier Transform (DFT) of X is F X

1:N b i n s
=

�
F X

1 � � � F X
N b i n s

� T

where for a given f = 1: : : Nbins:

F X
f

def=
NX

n = 1

X n e� 2� ( f � 1) n � 1
N : (20)

Let A f = Re
�

F X
f

�
and B f = I m

�
F X

f

�
. In other terms:

(
A f =

P N
n = 1 X n cos

�
� 2� (f � 1) n � 1

N

�
;

B f =
P N

n = 1 X n sin
�
� 2� (f � 1) n � 1

N

� (21)

For f = 1 we have A1 =
P N

n = 1 X n and B1 = 0.
For f > 1: the random variable A f (resp. B f ) is a weighted sum of zero-mean, single Gaussian

random variables, therefore [30, p. 99] it is also a zero-mean, single Gaussian random variable with
variance: (

� 2
A f

= � 2 P N
n = 1 cos2

�
2� (f � 1) n � 1

N

�
;

� 2
B f

= � 2 P N
n = 1 sin2 �

2� (f � 1) n � 1
N

�
:

(22)

Given that cos2 t = 1
2 (1 + cos2t) and sin2 t = 1

2 (1 � cos2t) we can write:

8
<

:

� 2
A f

= � 2

2

�
N +

P N
n = 1 cos

�
4� (f � 1) n � 1

N

� �
;

� 2
B f

= � 2

2

�
N �

P N
n = 1 cos

�
4� (f � 1) n � 1

N

� �
:

(23)

1Uncorr elat ion and independence are equivalent for Gaussian random variables.
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Figure 11: Comparison between the � parameter est imated by � tt ing a RSE model (Sect ion 5.2) and
the geometric mean of all observed magnitude values (Sect ion B). The graph is shown in the log
domain (grey points), and the dark line represents equali ty. In the linear domain, the correlat ion is
0.97 and the slope is 1.26.

Let us now write the complex domain sum:

NX

n = 1

ej 4� ( f � 1) n � 1
N =

N � 1X

n = 0

� n =
1 � � N

1 � �
= 0; (24)

because � N = 1, where � = ej 4� f � 1
N . (Since 1 < f � N , � 6= 1 and all terms in Eq. 24 are de�n ed.)

From Eq. 23, and the real part of Eq. 24, we conclude that :

� A f = � B f = �

r
N
2

: (25)

Similarly, the cross-correlat ion � A f B f

def= Ef A f B f g can be shown to be zero, using the imaginary
part of Eq. 24 and the uncorrelat ion hypothesis on the X n variables.

To conclude, we have shown that t he random variables A f and B f are zero-mean, uncorrelated
single Gaussian random variables of same variance, therefore the result of Rice applies:

For f > 1,
�
�
�F X

f

�
�
� has a Rayleigh pdf of parameter �

q
N
2 .

B Simpli � ed Geomet r ic M ean N oise Est imat ion of t he RSE

The est imated parameter �̂ I of the RSE model (Sect ion 5.2) is shown here to be closely related to
the geometric mean of a Rayleigh dist ribut ion. We assume a Rayleigh-dist ributed magnitude M
variable (Eq. 12) with parameter � . The pdf of the log magnitude L = logM is then:

g (l ) def=
e2l

� 2 e� e2 l

2 � 2 (26)

We are now trying to est imate the � rst moment of g: hl i g
def=

R+ 1
� 1 l � g (l ) � dl . An analyt ical expression

is di� cult t o obtain, thus a numerical alternat ive is proposed below.
For any two parameter values � and � � , and the associated pdfs g(l ) and g� (l ), we can write:

8l 2 R g(l ) = g�
�

l � log
�
� �

�
(27)
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therefore, the � rst moments of g and g� are related as follows:

hl i g = hl i g� + log
�
� � (28)

Sett ing � � = 1, we obtain the � rst moment of g:

hl i g = " + log� (29)

where " is a constant equal to the geometric mean of Rayleigh-dist ributed data with parameter � � = 1.
Monte Carlo simulat ion leads to the numerical evaluat ion " � 0:06. It is therefore reasonable

to approximate � with the geometric mean ehl i g of the Rayleigh dist ribut ion. Given the pract ical
observat ion that speech only appears as a small tail to the right of the dist ribut ion of log-magnitudes
L , it is then reasonable to approximate � with the geometric mean of all observed magnitude values.
In order to verify this in pract ice, we compared with the � value produced by � tt ing the RSE model,
as depicted in Fig. 11.

We note that t he computat ional cost of this approximat ion is even smaller than that of RSE. In
pract ice, with this approximat ion followed by USS, we systemat ically obtained ASR results close to,
but slight ly subopt imal to those of RSE-USS.
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