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ABSTRACT
Originally, ideal binary mask (idbm) techniques have been used as a
tool for studying aspects of the auditory system. More recently, idbm
techniques have been adapted to the practical problem of retrieving
a target speech signal from a noisy observation. In this practical setting, the binary mask techniques show similarities with existing DFT
based speech enhancement techniques. In this context, we derive
single-channel, binary mask estimators which minimize the spectral
magnitude mean-square error. We show in simulation experiments
with natural speech and noise signals that the proposed estimators
perform signiſcantly better than existing binary mask estimators.
However, even the best of the proposed estimators is clearly outperformed by non-binary estimators, both in terms of speech quality
and intelligibility.
Index Terms— Speech enhancement, binary masks, minimum
mean-square error, intelligibility.
1. INTRODUCTION
Originally, ideal binary mask (idbm) techniques were proposed
as a signal processing tool for simulating and studying the timefrequency analysis and grouping process of the auditory system, e.g.
[1, 2]. In the simplest setting, it is assumed that a target signal s(n)
is contaminated by an additive noise source w(n), resulting in a
noisy signal x(n) = s(n) + w(n). The idbm techniques decompose
the signals in a suitable time-frequency (TF) representation, e.g.
through short-time discrete Fourier transforms (DFTs), resulting in
TF units x(k, m), s(k, m), and w(k, m), where k and m are frequency and time indices, respectively. To retain TF units with high
signal-to-noise ratio (SNR), and suppress TF units with low SNR, a
binary gain (BG) function g(k, m) is multiplied onto the noisy TF
units x(k, m). The BG function is found by comparing the local
SNR |s(k, m)|2 /|w(k, m)|2 to a threshold ρ(k, m), i.e.,

gmax if |s(k, m)|2 /|w(k, m)|2 > ρ(k, m)
g(k, m) =
(1)
gmin otherwise,
where gmax > gmin ≥ 0. The gain modiſed TF units are transformed back to time domain e.g. using inverse DFTs and overlapadd techniques. Interestingly, idbm techniques can render noisy signals with an SNR as low as -60 dB essentially perfectly intelligible
[3]. Note, however, that to achieve this, the local SNR realizations
|s(k, m)|2 /|w(k, m)|2 must be known with certainty.
Perhaps motivated by these impressive intelligibility improvements, the idbm frame work has more recently been adapted to the
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practical problem of retrieving a speech signal from a noisy observation, when local SNRs are not known, e.g. [4, 5]. This methodology
bears strong similarities to the class of DFT based speech enhancement methods, e.g. [6], the main difference being that the speech
enhancement methods apply a continuous gain (CG) function rather
than a binary one to the noisy TF units.
Observing that existing BG functions tend to be heuristically
motivated, we present in this paper BG functions which are optimal
in minimum mean-square error (mmse) sense. The goal of the paper
is twofold. First, we wish to derive theoretically optimal BG functions and compare their performance to existing BG estimators. Secondly, we wish to study the performance difference between these
optimal BG estimators, and their continuous-valued counterparts.
2. SIGNAL MODEL AND NOTATION
We use capital letters to denote random variables and the corresponding lower case letter for their realizations. We consider an additive
signal model of the form
X(k, m) = S(k, m) + W (k, m),
where X(k, m), S(k, m), and W (k, m) are zero-mean random
variables representing DFT coefſcients at frequency index k and
frame index m for the noisy observation, the target and the noise,
respectively. We use the standard assumptions that S(k, m) and
W (k, m) are statistically independent, and that DFT coefſcients
are approximately independent across time and frequency [7]; thus,
without loss of generality, we may drop time and frequency indices,
and simply write
X = S + W.
Let R = |X|, A = |S|, and N = |W | represent the noisy, clean
and noise spectral magnitude, respectively. Furthermore, let ξ =
2
2
σS2 /σW
and ζ = r 2 /σW
denote the a priori and a posteriori SNR
[6], respectively, with spectral variances given by σS2 = E(A2 ) and
2
= E(N 2 ).
σW
We assume that speech spectral magnitudes A ≥ 0 are distributed according to a probability density function (pdf) of the form
fA (a; γ, ν) =

γβ ν γν−1
exp (−βaγ ) , γ > 0, ν > 0,
a
Γ(ν)

(2)

where Γ(·) is the gamma function. Speciſcally, we focus on
fA (a; γ = 1, ν = 0.6) which is a good model of the speech
DFT magnitude distribution [8, 9] in our context. The corresponding phase variable is assumed to be uniformly distributed in [0; 2π[,
and independent of A. For given parameters γ, ν, and magnitude
2
variance
 σA , the parameter β > 0 is fully determined; for γ = 1,
2
[9]. Furthermore, we assume that W obeys a
β = ν(ν + 1)/σA
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(complex) Gaussian distribution, leading to a Rayleigh distribution
for N [8].
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where the realization based SNR from Eq. (1), which is difſcult to
estimate reliably in practice, has been replaced with the a posteriori
2
(k, m), which is easier to estimate.
SNR ζ(k, m) = r 2 (k, m)/σN
Using Eq. (3), the mean-square error J1 = E(A − Â)2 is
 ρ̃ 
J1 =
(a − r)2 fA|r (a)fR (r)dadr+
 ∞0 A
(a − r)2 fA|r (a)fR (r)dadr,
A



2
ρσN
is the noisy magnitude corresponding to the
where ρ̃ =
threshold ρ. To ſnd the threshold that minimizes J1 , we use Leibniz’
rule [10, 0.410] to compute
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Fig. 1. Continuous and binary MMSE gain functions ( = 0) for
target pdf fA (a; γ = 1, ν = 0.6), for a priori SNRs (A) ξ = −10
dB, (B) ξ = 0 dB, and (C) ξ = 10 dB. The noise DFT magnitudes
are assumed to follow a Rayleigh distribution.
Consider therefore the mean-square error J2 = E(A − Â)2 ,
 
(a − g(r)r)2 fA|r (a|r)fR (r)dadr
J2 =
R A



=
E(A2 |r) + g 2 (r)r 2 − 2E(A|r)g(r)r fR (r)dr,

R
T (r)

where T (r) is a function of the noisy magnitude realization r. As
the gain function is constrained to be binary, g(r) ∈ { , 1}, < 1,
there exist two possible values of T (r) for a given r, namely

).

= 0, we ſnd that the optimal threshold satisſes
1
E(A|r = ρ̃)
= (1 + ).
ρ̃
2

í10

1.5

0
í30

In the idbm frame work, a low gain is applied in low SNR regions
and a high gain is applied in high SNR regions, Eq. (1). To be in line
with this, we consider the Type 1 BG function g(k, m) of the form

1 for ζ(k, m) > ρ(k, m)
(3)
g(k, m) =
otherwise,

í20

2

3.1. MMSE Binary Gain Function (Type 1)

∂J1
= 2ρ̃E(A|r = ρ̃)(1 − ) − ρ̃2 (1 −
∂ ρ̃

1
0.5

In this section we derive spectral magnitude MMSE binary gain
functions. We treat two types of binary gain functions: Type 1 which
is constrained to be non-decreasing in the aposteriori SNR ζ, and
Type 2, where this constraint has been relaxed.

ρ̃

CGí MMSE
BG1íMMSE
BG2íMMSE

1.5

T1 (r)  E(A2 |r) + r 2 − 2E(A|r)r, for g(r) = 1, and
(4)

Recall that the conditional mean E(A|r) is identical to the MMSE
estimator (e.g. [6]), i.e., E(A|r) = gM M SE (r)·r, where gM M SE (·)
is the MMSE CG function. It then follows that the left-hand side of
Eq. (4) is gM M SE (r = ρ̃), and the optimal threshold ρ̃∗ is simply
the value of r for which the MMSE CG function is equal to 12 (1+ ).
Fig. 1 shows examples of MMSE CG functions (CG-MMSE) and the
corresponding BG functions of Type 1 (BG1-MMSE) for different
choices of a priori SNR ξ.
The optimal threshold ρ̃∗ follows analytically from Eq. (4) as a
function of a priori SNR ξ, and gmax and gmin . This is in contrast to
the idbm schemes, which tend to choose the threshold more heuristically, e.g. [5]. Fig. 2a summarizes the BG1-MMSE estimator.

2

T (r)  E(A |r) +

2 2

r − 2 E(A|r)r for g(r) = .

(5)
(6)

Thus, for T1 (r) < T (r), the optimal gain value is g(r) =
1, and otherwise, g(r) = . From Eqs. (5) and (6) it follows that
T1 (r) < T (r) when gM M SE (r) > 12 (1 + ). We conclude that the
MMSE BG function of Type 2 (BG2-MMSE) can be described as

1 for r ∈ {r : gM M SE (r) > 12 (1 + )}
g(r) =
otherwise.
Note that BG2-MMSE is simply a quantized version of the MMSE
CG function gM M SE (r). Fig. 1 shows examples of BG2-MMSE
functions for fA (a; γ = 1, ν = 0.6), and Fig. 2b summarizes the
BG2-MMSE estimator.
4. SIMULATION RESULTS

3.2. MMSE Binary Gain Function (Type 2)
The Type 1 binary gain function in Eq. (3) is a non-decreasing function of the a posteriori SNR ζ, see Fig. 1. In this section we derive
an MMSE binary gain function, g(k, m) = { , 1}, which is not constrained to be non-decreasing. We show in the simulation examples
in Sec. 4, that this leads to a performance advantage.
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We compare the derived binary estimators and existing methods
in simulation experiments using speech and noise signals from the
Noizeus data base [11]. The signals are sampled at a rate of 8
kHz. The car noise signal (which is roughly stationary) and the
street noise signal (which is more non-stationary) were added to the
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Fig. 2. Complete gain functions BG1-MMSE (A), and BG2-MMSE
(B) for target source fA (a; γ = 1, ν = 0.6). Black: g = 1, White:
g = 0.

4.1. Objective Evaluations
To quantify the quality of the enhanced signals, we apply the PESQ
speech quality measure [12]. To gain an indication of the intelligibility of the enhanced signals, we use the recently developed ShortTime Objective Intelligibility (STOI) measure [13]. STOI outputs an
average correlation coefſcient −1 ≤ dST OI ≤ 1 which is monotonically related to the average intelligibility of the sentence in question,
and has been successfully validated for noisy speech processed by
binary and continuous gain functions, as well as unprocessed noisy
speech, see [13] and [14], respectively.
We compare the derived BG estimators to existing BG methods,
and to a state-of-the-art MMSE CG estimator to judge the impact of
restricting the gain function to be binary. The processing methods
in this study are outlined in Table 1. The BG methods in Table 1
Abbreviation
CG-MMSE
BG-DD
BG-HU
BG1-MMSE
BG2-MMSE
Noisy

Description
Continuous gain MMSE estimator. Computes
conditional mean E(A|r) assuming magnitude
pdf fA (a; γ = 1, ν = 0.6), see Eq. (2) and [9].
Binary gain scheme proposed in [5] that thresholds the a priori SNR ξ to select gain of 1 or 0.
(Criterion C1 in [5])
The best of the binary gain schemes proposed
in [5] (criterion C4 in [5]).
The Type 1 binary gain estimator from Sec. 3.1
The Type 2 binary gain estimator from Sec. 3.2
Unprocessed noisy speech.
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Fig. 3. Performance in terms of PESQ for the processing methods
outlined in Table 1.
car noise

street noise

STOI

speech signals to form noisy signals at SNRs 15, 10, 5, and 0 dB.
The signals are processed in frames of 256 samples, with an overlap
of 50 %. The signal frames are weighted with a square-root Hann
window, and a DFT is applied. Gain functions are computed and
applied to the noisy DFT coefſcients, before an IDFT is performed.
The resulting enhanced time domain frames are overlap-added with
a square-root Hann window to form the enhanced signal.
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Fig. 4. Performance in terms of STOI for the processing methods
outlined in Table 1.
noise tracker described in [15].
Figs. 3 and 4 plot the performance of the processing methods
as a function of input SNR as measured by PESQ and STOI. For
both distortion measures, the derived MMSE BG estimators perform
better than the existing methods BG-DD and BG-HU; Fig. 3 shows
PESQ improvements in the order of 0.1. However, using a continuous gain function signiſcantly outperforms any of the binary gain
functions. The difference between CG-MMSE and the best of the
BG functions, BG2-MMSE, is as much as 0.4 PESQ points for the
stationary car noise, and slightly smaller for street noise. From Fig.
4, note that STOI predicts the intelligibility of the signals enhanced
with CG-MMSE to be similar to or slighly better than the unprocessed noisy speech; similar results have been reported in e.g. [14].
Also note the rather big STOI difference between the BG-MMSE
variants and BG-DD and BG-HU.
4.2. Intelligibility Test

Table 1. Processing methods used in the simulation study.
rely on an estimate of the a priori SNR ξ. To this end, the decisiondirected approach with a smoothing factor of α = 0.98 was used [6].
Note that estimating ξ in this way implies using a continuous gain
function; using a binary gain function here degrades performance
signiſcantly. The spectral noise variance was estimated using the
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The idbm framework has often been used to study the impact on intelligibility of various processing conditions. To study this aspect
in the presented non-ideal context, an intelligibility test was conducted with a subset of the algorithms from the previous section:
CG-MMSE, BG-HU and BG2-MMSE.
We use the closed Dutch speech-in-noise intelligibility test proposed in [16]. The test sentences consist of ſve words with a correct
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Fig. 5. Intelligibility test scores for speech shaped noise as a function
of global input SNR for noisy signal and processed variants.

grammatical structure. The signals are sampled at a rate of 8 kHz,
and degraded by speech-shaped noise at ſve ſxed SNRs, -8, -6, -4,
-2 and 0 dB. The noisy signals were processed with the three aforementioned algorithms.
Thirteen native Dutch speaking people participated in the test.
Each processing condition was presented 5 times, and each sentence
was used only once. The presentation order of the different algorithms and SNRs was randomized. The signals were presented diotically through head-phones (Sennheiser HD 600).
Fig. 5 shows the average intelligibility scores including the standard errors. Fig. 5 suggests a 50 % speech reception threshold (SRT)
between -6 and -8 dB, which is in line with [3] where an SRT of 7.7
dB was found (albeit for a different test paradigm, different speech
material, and different sample rate). A t-test [17] was used to judge
the difference between methods for speciſc SNRs. The main conclusions (statistical signiſcance level α = 0.05) are: the noisy signals
and signals processed with BG2-MMSE and CG-MMSE have statistically signiſcantly higher intelligibility scores than signals processed with BG-HU, for all SNRs. Secondly, CG-MMSE is statistically signiſcantly better than BG2-MMSE for SNRs -8 through -2
dB. Finally, CG-MMSE signals have statistically signiſcantly higher
intelligibility than the noisy signals for SNRs -6 and -4 dB. This last
point is slightly surprising as it is generally reported that existing
single-channel noise reduction algorithms are not able to improve
the intelligibility [18]; this point is currently under further study.
5. CONCLUSIONS
We have derived binary mask MMSE estimators for speech spectral magnitudes. Compared to existing binary gain functions, the
proposed estimators lead to better speech quality as measured by
PESQ, and signiſcantly better intelligibility as measured by objective measures and intelligibility listening tests. However, existing
non-binary estimators signiſcantly outperform the binary estimators, both in terms of speech quality and intelligibility. We conclude
that while binary mask estimators may offer advantages in terms of
storage and computational complexity, there is a potential signiſcant
performance loss associated with these methods.
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