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Abstract
In this paper, we present a novel estimator for the SPP at
each time-frequency point in the short-time Fourier transform
(STFT) domain. Existing speech presence probability (SPP)
estimators cannot perform quite reliably in nonstationary noise
environment when applied to a speech enhancement task. To
overcome this limitation, we propose a novel SPP estimation
method. Firstly, the spectral outliers are eliminated by selec-
tively smoothing the maximum likelihood estimate of a priori
signal-noise ratio (SNR) in the cepstral domain. Furthermore,
an adaptive tracking method for a priori SPP is derived by ex-
ploiting the strong correlation of speech presence in neighbor-
ing frequency bins of consecutive frames. The proposed ap-
proach outperforms the state-of-the-art approaches, resulting in
less noise leakage and low speech distortions in both stationary
and nonstationary noise environments.

Index Terms: speech presence probability, speech enhance-
ment, cepstro-temporal smoothing, time-frequency correlation

1. Introduction
The singlechannel speech enhancement algorithm based on
statistical model (e.g., log minimum mean square error (log-
MMSE) estimator) can achieve a better performance by exploit-
ing the speech presence probability (SPP) [1][2][3][4]. Addi-
tionally, in multichannel speech enhancement, SPP is used to
reduce effectively spatially white and coherent additive noise
[5].

The estimation of SPP at each time-frequency point in
short-time Fourier transform (STFT) domain is a challenging
task in adverse environments. The estimator as proposed in [1]
brings only little speech distortion, but does not yield SPP es-
timates close to zero at time-frequency bins where speech is
absent, e.g., between the harmonics of voiced speech or even in
speech pauses. The estimator as proposed in [2] adopts hard- or
soft- decision to improve the SPP estimation, but the SPP esti-
mate in speech absence is still high, and some speech distortion
is introduced. Estimators like [3][4] overcome these problems
to some extent, but still exhibit severe noise leakage in nonsta-
tionary noise (e.g., babble noise). Moreover, the estimator in
[4] based on fixed priors usually introduces a large amount of
outliers in the estimate of the SPP that are related to musical
noise.

In this paper, we improve a posteriori SPP estimation us-
ing a novel a priori signal-noise ratio (SNR) estimation based
on selective cepstro-temporal smoothing and a novel a priori
SPP estimation based on time-frequency correlation. It has
been shown in recent research [6] that a temporal smoothing
of the cepstral representation of certain spectral quantities per-

forms better than a smoothing in the frequency domain. Suit-
able smoothing factor enables the elimination of spectral out-
liers in original estimated a priori SNR caused by noise burst in
nonstationary noise environment. Furthermore, three weighted
parameters are computed by a soft-decision approach using the
frequency distribution of estimated a priori SNR. The bias of
a priori SPP estimation can be corrected via smoothing over
frame using the correlation of speech presence in consecutive
frames. Finally, the experimental results verify the effective-
ness of the proposed method compared with the state-of-the-art
methods.

The rest of this paper is organized as follows: Section 2
introduces generalized SPP estimator and reviews the state-of-
the-art a priori SNR estimators and a priori SPP estimators.
Section 3 presents the improved a posteriori SPP estimation.
Section 4 describes the comparison experiments and discusses
the results. Section 5 concludes this paper.

2. Generalized SPP Estimator and Review
In the STFT domain, we assume an additive mixture of clean
speech Xk(l) and the noise Dk(l). Here k is the frequency
bin index, l is the time frame index. Given two hypotheses,
Hk

0 (l) and Hk
1 (l), which indicate speech absence and presence

respectively [1],

Hk
0 (l) : Yk(l) = Dk(l),

Hk
1 (l) : Yk(l) = Xk(l) +Dk(l).

(1)

We assume that the STFT coefficients, for both speech and
noise, are complex Gaussian variables, and apply Bayes rule for
the conditional SPP, one obtains a posteriori SPP [3]

ρk (l)
Δ
= P (Hk

1 (l) |Yk (l)) =
Λk (l)

1 + Λk (l)
, (2)

where, Λk (l) is the generalized likelihood ratio (GLR) defined
by

Λk (l) =
qk (l)

1− qk (l)

(
1

1 + ξk (l)

)
exp

(
ξk (l) γk (l)

1 + ξk (l)

)
, (3)

where, ξk (l) and γk (l) represent the a priori and a posteriori
SNRs [1], qk (l)is the a priori SPP, i.e., qk (l) = P (Hk

1 (l)).
The a posteriori SNR can be easy calculated by

γk (l) =
|Yk(l)|2
λd,k(l)

, (4)

where λd,k(l) is the estimation of noise power, obtained during
periods of silence.

Therefore, the SPP estimate depends mostly on the estima-
tion of the a priori SNR ξk (l) and the a priori SPP qk (l).
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• The estimation of the a priori SNR. In existing ap-
proaches, the a priori SNR is mostly estimated using the
decision-directed approach as proposed in [1]. However,
since the decision-directed SNR estimator is sensitive to
rising spectral amplitudes, besides of speech onsets, it
also respond to noise bursts that are not tracked by noise
estimation algorithm. Therefore, noise bursts will cause
rising a priori SNR estimates, and thus produce outliers
in the clean-speech estimate that are perceived as musi-
cal noise [6].

• The estimation of the a priori SPP. In [1], qk (l) is
empirically set to 0.8 based on listening test. In run-
ning speech, however, we would expect qk (l) to vary
with time and frequency, depending on the words spo-
ken. In [2], a binary speech-presence decision is ob-
tained based on a comparison of the a posteriori SNR
against a threshold, and qk (l) is obtained by smoothing
this binary decision over past frames. In [3], qk (l) is ob-
tained by integrating two SPP estimates based on local
and global spectral smoothing. However, these methods
never exploit the strong correlation of speech presence in
frequency and time simultaneously.

3. A Novel Estimation for a posteriori SPP
3.1. A priori SNR estimation

In order to avoid the annoying outliers in the estimate of a priori
SNR, smooth processing is absolutely necessary. The approach
taken to smooth the cepstral representation of certain spectral
quantities is similar to the method proposed in [6].

From the maximum likelihood (ML) SNR estimate,

ξml
k (l) = γk(l)− 1, (5)

we compute the speech power,

λml
x,k(l) = λd,k(l)max

{
ξml
k (l), ξml

min

}
, (6)

where ξml
min > 0 is a small lower bound. The speech power is

transformed into the cepstral domain,

λml,ceps
x,p (l) = IDFT

{
log

(
λml
x,k(l)

)
|k=0,··· ,M−1

}
, (7)

recursively smoothed over time,

λceps
x,p (l) = αp(l)λ

ceps
x,p (l − 1) + (1− αp(l))λ

ml,ceps
x,p (l), (8)

and transformed back into the frequency domain,

λ̄x,k(l) = exp
(
κ+DFT

{
λceps
x,p (l) |p=0,··· ,M−1

})
. (9)

In (7)(8)(9), p is the cepstrum index, M is the length of dis-
crete Fourier transform (DFT) and inverse DFT (IDFT), αp(l)
is the smoothing factor, κ is the correction constant for unbiased
smoothing [6].

With the flooring, ξmin, the final a priori SNR estimate is
computed as

ξ̄k(l) = max

{
λ̄x,k(l)

λd,k(l)
, ξmin

}
. (10)

The smoothing factor αp(l) in (8) should be chosen to be
close to zero for speech related cepstral coefficients and close
to one for the remaining coefficient, as follows:

αp(l) =

{
αpitch if p ∈ Qpitch(l)

βαp(l − 1) + (1− β)αcon
p else,

(11)

where Qpitch(l) is a set of adjacent cepstral bins that are most
likely to represent the fundamental frequency, F0(l), and αpitch

is the low smoothing constant for these bins, β is a forgetting
factor, and the stationary values αcon

p is preset so that appropri-
ate smoothing is adopted in each cepstral bin.

The cepstral index ppitch(l) that most likely represents
F0(l) is found via a maximum search in a given range between
plow and phigh[7],

ppitch(l) = argmax
p

{
λml,ceps
x,p (l) |plow ≤ p ≤ phigh

}
. (12)

In order to make sure that (12) yields meaningful results,
we utilize three criteria to detect voiced speech sounds. Firstly,
the found cepstral peak should be higher than a threshold, λthr

x .
Secondly, the sum of cepstral coefficients in a small range, Δp

around ppitch(l), should be obviously higher than the surround-
ing counterpart, as voiced speech sounds have a relative high
energy. Finally, the cepstral coefficients at p = 1 should be
positive, as the voiced speech has more energy at low frequen-
cies. Thus, Qpitch(l) can be gained as

if

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

λml,ceps
x,ppitch

(l) ≥ λthr
x

Δp∑
m=−Δp

λml,ceps
x,ppitch+m(l) ≥ 1

2

2Δp∑
m=−2Δp

λml,ceps
x,ppitch+m(l)

λml,ceps
x,1 (l) > 0

Qpitch(l) = Q′pitch(l) voiced speech
else

Qpitch(l) = ∅
end

(13)
where Q′pitch(l) = {ppitch(l)−Δp, · · · , ppitch(l) + Δp} is
the range of cepstral bins representing F0(l), and Δp is a small
margin.

This temporal smoothing method of the cepstral represen-
tation of certain spectral quantities enables the elimination of
spectral outliers in original estimated a priori SNR caused by
noise bursts in nonstationary noise environment.

3.2. A priori SPP estimation

In order to take full advantage of the strong correlation of
speech presence in frequency and time simultaneously, we com-
bine soft-decision approach with the correlation of SPP in con-
secutive frames.

With the smoothed a priori SNR estimates, obtained by
(10), we obtain the local, global and frame averages respec-
tively,

ζlocal,k(l) = mean
−jlocal≤m≤jlocal

{
ξ̄k+m(l)

}
,

ζglobal,k(l) = mean
−jglobal≤m≤jglobal

{
ξ̄k+m(l)

}
, (14)

ζframe(l) = mean
0≤k≤M−1

{
ξ̄k(l)

}
,

where jlocal and jglobal is the length parameter of averaging
operation. Otherwise, we define three parameters, Plocal,k(l),
Pglobal,k(l) and Pframe(l) representing the relation of the above
averages and the likelihood as follows [3]:

Pϑ,k(l) =

⎧⎪⎨
⎪⎩

0
1

if ζϑ,k(l) ≤ ζSPP
min

if ζϑ,k(l) ≥ ζSPP
max

log(ζϑ,k(l)/ζSPP
min )

log(ζSPP
max/ζSPP

min )
else,

(15)
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where ζSPP
max and ζSPP

min are empirical constants, and the subscript
ϑ designates either ”local”, ”global” or ”frame”. We estimate
the original a priori SPP using the following form:

q̂k(l) = Pwlocal
local,k(l)P

wglobal

global,k(l)P
wframe
frame (l), (16)

where 0 < wlocal < wglobal < wframe < 1 are the weighted
values of three parameters, which should be chosen to be close
to zero for dominant parameter and close to one for supporting
parameter.

We can finally determine the a priori SPP by smoothing the
values with the a posteriori SPP in last frame,

q̄k(l) = αqρk(l − 1) + (1− αq)q̂k(l), (17)

where 0 < αq < 1 is a smoothing constant.
Substituting ξ̄k(l) and q̄k(l) into (2) and (3), and after some

algebraic manipulations, we express the a posteriori SPP esti-
mator as:

ρk (l) =
q̄k (l)

q̄k (l) + (1− q̄k (l))(1 + ξ̄k (l))e
− ξ̄k(l)γk(l)

1+ξ̄k(l)

. (18)

4. Implementation and Evaluation
To evaluate the performance of the proposed approach, the ap-
proaches presented in [2][3][4] are selected for comparison. For
the evaluation we implement the a posteriori SPP estimator in
the log-MMSE algorithm as proposed in [3]. The spectral gain
function is

Gk (l) =
(
GLSA

k (l)
)ρk(l)

(Gmin)
1−ρk(l), (19)

where GLSA
k (l) is the original log-MMSE gain function, and

Gmin is a small value. Parameters values used in implementa-
tion of the proposed approach are summarized in Tab.1.

Table 1: Parameter values for the proposed approach.

Spectral analysis and synthesis
fs = 16 KHz M = 512 Gmin = −20 dB
32 ms hamming window and 50% overlap

A priori SNR estimation
ξml
min = −25 dB ξmin = −27 dB κ = 0.2886
αpitch = 0.2 β = 0.9 λthr

x = 0.25
plow = 53 phigh = 228 Δp = 2

αcon
p =

⎧⎨
⎩

0.2 if q ∈ {0, · · · , 2}
0.65 if q ∈ {3, · · · , 23}
0.97 if q ∈ {24, · · · , 256}

A priori SPP estimation
jlocal = 0 jglobal = 12
ζSPP
max = −5 dB ζSPP

min = −10 dB αq = 0.5
wlocal = 0.6 wglobal = 0.9 wframe = 1

We process 30 utterances selected from TIMIT database
[8](15 male, 15 female). The utterances are corrupted by three
different noise types taken from Noisex92 [9], (white Gaussian
noise, F16 cockpit noise, and babble noise), at five different in-
put segmental SNRs (SegSNR) between -10 to 10 dB.

For evaluation, speech distortion (SD) and noise leakage
(NL) measures as introduced in [4] are adopted to evaluate the
SPP estimators. The SD measure indicates the percentage of the
speech energy that the SPP estimator misses and is related to the
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Figure 1: Comparison results of various SPP estimators in
terms of SegSNRI (top), SD (middle), and NL (bottom) aver-
aged over 30 TIMIT sentences for white Gaussian noise (left),
F16 cockpit noise (middle), and babble noise (right).

miss-hit rate. The NL measure indicates the percentage of noise
energy that is not attenuated by the SPP estimator and is related
to the false-alarm rate. Additionally, the improvement of the
segmental SNR (segSNRI) is adopted as the objective measure
to denote the quality of enhanced speech [10].

Fig.1 shows the comparison results of SPP estimators in
[2][3][4] and the proposed. The proposed approach yields the
lowest NL, while yields similar or lower SD than estimators
in [3][4]. The estimator in [2] exhibits lower SD and higher
NL, because it cannot achieve values close to zero in speech
absence. Simultaneously, especially under high input SegSNR
condition, the proposed estimator improves segSNRI measures
significantly in all noise, which confirms that the proposed
method resulted in better speech quality.

In Fig.2, the resulting SPP estimates are shown for speech
disturbed by additive mixed noise of white and babble noise
at 0 dB input SegSNR. The estimator in [2] does not achieve
SPP estimates close to zero in speech absence. The estimator in
[3] exhibits a large miss-hit ratio and a large false-alarm ratio.
These undesired behaviors are overcome by the estimator in [4]
and the proposed estimator. The drawback of [4] is that a large
amount of annoying outliers exist in the SPP estimate, which
related to musical noise, especially in the speech-silent frames.
The proposed estimator notably preserves plosives, vowels and
envelop of fricatives. Simultaneously, the amount of outliers,
due to narrowband bursts in nonstationary noise, is reduced sig-
nificantly. Subjective tests also reveal that the proposed method
improves intelligibility and comfort quality to some extent.
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(f) Proposed SPP estimator

Time (s)
1 2 3 4

0

2

4

6

8

−60

−50

−40

−30

−20

−10

0

−60

−50

−40

−30

−20

−10

0

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

1

0.2

0.4

0.6

0.8

1

0

0.2

0.4

0.6

0.8

1

Figure 2: Spectrograms of clean speech (a) and noisy signal (b), and the resulting SPP estimates (c)-(f) by approaches in [2][3][4] and
the proposed, for speech from a male speaker disturbed by additive mixed noise of white and babble at 0 dB input SegSNR.

5. Conclusions
In this paper, we improve a posteriori SPP estimation at each
time-frequency point in the STFT domain, based on two es-
sential algorithms: the a priori SNR estimation based on se-
lective cepstro-temporal smoothing and the a priori SPP esti-
mation based on the time-frequency correlation. Comparing to
the existing SPP estimators, the proposed estimator yields lower
miss-hit ratio and lower false-alarm ratio in nonstationary noise
as well as stationary noise. Furthermore, the amount of spectral
outliers due to narrowband noise bursts in nonstationary noise
is reduced significantly. Experiment results indicate that the
proposed approach can achieve lower or similar speech distor-
tion and lower noise leakage comparing to existing estimators.
Simultaneously, a consistent improvement of segmental SNR
is achieved, when the proposed estimator is integrated into a
speech enhancement system.
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