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Abstract
The ideal binary mask, often used in robust speech recognition
applications, requires an estimate of the local SNR in each time-
frequency (T-F) unit. A data-driven approach is proposed for
estimating the instantaneous SNR of each T-F unit. By assum-
ing that the a priori SNR and a posteriori SNR are uniformly
distributed within a small region, the instantaneous SNR is es-
timated by minimizing the localized Bayes risk. The binary
mask estimator derived by the proposed approach is evaluated in
terms of hit and false alarm rates. Compared to the binary mask
estimator that uses the decision-directed approach to compute
the SNR, the proposed data-driven approach yielded substantial
improvements (up to 40%) in classification performance, when
assessed in terms of a sensitivity metric which is based on the
difference between the hit and false alarm rates.
Index Terms: ideal binary mask, SNR estimation, Bayes risk

1. Introduction
The ideal binary mask is a technique explored in computational
auditory scene analysis (CASA) and has also been applied to
automatic speech recognition in noisy environments [1]. Recent
studies have reported large gains in speech intelligibility using
the ideal binary mask technique [2, 3]. The ideal binary mask is
designed to retain the time-frequency (T-F) regions of the target
signal that are stronger (i.e., SNR>0 dB) than the interfering
noise (masker), and removes the regions that are weaker than
the interfering noise (i.e., SNR≤ 0 dB). Therefore, the binary
mask assumes the value of 1 if the local SNR of the T-F unit is
greater than a fixed threshold (e.g., 0 dB), and assumes the value
of 0 otherwise. Fig. 1 shows as an example the synthesized
signal obtained by applying the binary mask to a noise-masked
sentence.

One way to estimate the binary mask is to compute the lo-
cal SNR of the T-F unit and compare it against a threshold. A
comparison of binary mask estimation techniques was provided
in [4], where the local SNR of T-F unit was computed using
the decision-directed approach [5] and various statistical esti-
mators of the magnitude spectrum. Results in [4] indicated that
the decision-directed approach performs poorly in terms of es-
timating the binary mask. In this paper, we aim to improve the
performance of binary mask estimation by using data-driven op-
timization techniques to derive the instantaneous SNR. In [6, 7],
data-driven methods were applied to estimate the magnitude
spectrum of the clean signal by minimizing a certain spectral
distortion measure. It was assumed that the gain function (ap-
plied to the noisy speech spectrum) was a function of two pa-
rameters, the a priori and a posteriori SNRs, and derived the
gain function by minimizing various spectral distortion mea-
sures.

Rather than focusing to estimate the clean signal magnitude
spectrum (as done in [6, 7]) from the noisy observations, we fo-

Figure 1: (a) Wide-band spectrogram of an IEEE sentence in
quiet. (b) Spectrogram of corrupted sentence by speech-shaped
noise at 0 dB SNR. (c) (Oracle) ideal binary mask, with black
pixels indicating target-dominated T-F units and white pixels
indicating masker-dominated T-F units. (d) Synthesized sig-
nal obtained by multiplying the binary mask shown in panel
(c) with the corrupted signal shown in panel (b).

cus in the present paper on the estimation of the instantaneous
SNR using a data-driven approach. Within a small region of the
a priori SNR and a posteriori SNR values, we define a local-
ized Bayes risk by choosing an appropriate cost function. This
Bayes risk is minimized based on a data-driven approach that
uses sentences corrupted by white noise as training data. The
performance of the SNR estimator, in terms of classification ac-
curacy, is compared against that obtained using the conventional
decision-directed approach.

2. Binary mask estimation

2.1. Decision-directed method

The decision-directed method is a popular method used in the
statistical-based speech enhancement algorithms for estimat-
ing the a priori SNR [5], which is defined as the ratio of
speech spectral variance to noise spectral variance, i.e., (ξk =
λx,k/λd,k). The decision-directed estimator of the a priori

Copyright © 2009 ISCA 6-10 September, Brighton UK844



SNR is given by:

ξ̂k(m) = α
Â2

k(m− 1)

λd,k(m− 1)
+ (1− α)max [γk(m)− 1, 0] (1)

where Âk(m− 1) is the estimate of the magnitude spectrum at
time (m − 1) and frequency bin k, α is a smoothing constant
(α= 0.98) and γk is the a posteriori SNR defined as the ratio
of noisy speech spectral amplitude (Rk) to the estimated noise

variance (γk = Rk/λ̂d,k). The estimate of the speech spectral

amplitude Âk is obtained by applying a gain function G(·) to
Rk as follows:

Âk(m) = G
(
ξ̂k(m), γk(m)

)
·Rk(m). (2)

where the gain function G(·) is usually a non-linear function of

a priori SNR ξ̂k(m) and a posteriori SNR γk(m).

2.2. Localized Bayes risk minimization

Previously, data-driven methods were used to derive the gain
function in Eq. 2 needed for estimating the clean speech spec-
tral amplitude [6, 7]. While Fingscheidt et al. [7] have used a
large corpus of clean speech and noise data to train frequency-
dependent gain functions for a specific noise environment,
Erkelens et al. [6] have proposed frequency-independent and
environment-independent gain functions trained with white
noise corrupted data at a wide range of SNR levels. In both
approaches, the gain functions were expressed as a function of
the a priori and a posteriori SNRs and derived by minimizing
a spectral distortion measure. The data-driven gain functions
were stored in look-up tables indexed by the a posteriori and a
priori SNRs, and retrieved to estimate the spectral amplitude of
clean speech.

We propose to estimate the instantaneous SNR (ζk) based
on information provided by the a priori SNR and a posteriori
SNR values. We denote the estimator of the instantaneous SNR
as ζ̂k, and we let ε = ζk − ζ̂k denote the error of the instanta-
neous SNR estimator. For a given cost function C(ε), the Bayes
riskR is defined as [8]:

R = E[C(ε)] (3)

=

∫ ∫ ∫
C(ζk − ζ̂k)p(ξ̂k, γk, ζk)dξ̂kdγkdζk (4)

=

∫ ∫ ∫
C(ζk − ζ̂k)p(ζk|ξ̂k, γk)dζkp(ξ̂k, γk)dξ̂kdγk

(5)

where all the SNRs (ζk, ζ̂k, ξ̂k, γk) are represented in dB. We

segment ξ̂k and γk into a small region, and we assume that the

joint density p(ξ̂k, γk) is uniform within this small region. If ξ̂k

and γk fall into cell (i, j), we can write the localized Bayes risk
as:

Ri,j =

∫
C(ζ(i,j)

k − ζ̂
(i,j)
k )p(ζ

(i,j)
k |ξ̂(i,j)

k , γ
(i,j)
k )dζ

(i,j)
k (6)

where ζk(i, j) denotes the SNR of region (i, j). The SNR es-
timator can be obtained by minimizing the localized Bayes risk
(Ri,j). The following cost function was chosen in our study:

C(ζ(i,j)
k − ζ̂

(i,j)
k ) =

∣∣∣ζ(i,j)
k − ζ̂

(i,j)
k

∣∣∣
1
β

(7)

where β is a compression coefficient of the error. If β = 1/2,
the cost function is quadratic and the localized Bayes risk is the

( , ) (1,1)i j � ( , ) (60,1)i j �

max
ˆ 20dB� �min

ˆ 39dB� � �

min 29dB� � �

max 30dB� �

( , ) (1,60)i j � ( , ) (60,60)i j �

Figure 2: The segmentation of the a priori SNR and a posteriori
SNR values into cells.

mean squared error. In this case, the mean of the posterior pdf
is the MMSE estimator and is given by:

ζ̂
(i,j)
k,MMSE =

∫
ζ
(i,j)
k p(ζ

(i,j)
k |ξ̂(i,j)

k , γ
(i,j)
k )dζ

(i,j)
k . (8)

In the case of β = 1, the cost function penalizes errors propor-
tionally. As β increases, the cost function approaches a “hit-or-
miss” cost function leading to a maximum a posteriori (MAP)
estimator:

ζ̂
(i,j)
k,MAP = arg max

ζ
(i,j)
k

p(ζ
(i,j)
k |ξ̂(i,j)

k , γ
(i,j)
k ). (9)

Without making any assumptions about the posterior pdf

p(ζ
(i,j)
k |ξ̂(i,j)

k , γ
(i,j)
k ), we compute the localized Bayes risk us-

ing a data-driven approach as follows. First, we partition the ξ̂k

and γk values, ranging from -39 dB to 20 dB and -29 dB to 30

dB respectively, in steps of 1 dB. Thus, each (ξ̂k,γk) pair falls
into one of 3600 cells (60× 60) (see example in Fig. 2). As we
are interested in deriving a frequency-independent SNR estima-

tor, (ξ̂k, γk) pairs from different frequency bins can fall into the
same cell. In the training stage, white noise is added to the clean
signals at various SNR levels. The MMSE estimator [5] is used

to obtain the magnitude spectrum, and from that, the SNR ξ̂k

is estimated using the decision-directed approach (Eq. 1). For

each frame and each frequency bin, we have a (ξ̂
(i,j)
k , γ

(i,j)
k )

pair which falls into the cell (i, j). Concurrently, the true in-

stantaneous SNRs (ζ
(i,j)
k ) are collected for the corresponding

cell (i, j) from the whole training data set. Fig. 3 shows exam-
ple posterior SNR distributions for different cells derived from
the training data. We approximate the localized Bayes risk as
follows:

R̃i,j =
1

Mi,j

Mi,j∑
m=1

∣∣∣ζ(i,j)(m)− ζ̂(i,j)
∣∣∣
1
β

(10)

where Mi,j is the number of data points falling into cell (i, j)
during the training. In the data-driven approach, the expectation
of the cost function with respect to the posterior pdf (Eq. 6) is
approximated by the average of the cost function over the train-
ing data falling into cell (i, j). Note that the subscript ‘k’ was
omitted in the above equation since a frequency-independent
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Figure 3: Example posterior SNR distributions

p(ζ(i,j)|ξ̂(i,j), γ(i,j)) for different cells (i, j) derived from
training data.

SNR estimator is pursued. Finally, a grid search is employed to

find an SNR estimator ζ̂(i,j) that minimizes R̃i,j . The resulting

SNR values ζ̂(i,j) are stored in a 60× 60 matrix.

After the training stage, the following procedure is taken
to estimate the binary mask. First, the a priori and a poste-
riori SNRs are estimated using the decision-directed approach
(see Eq. 1) for each frequency bin. Then, the corresponding
cell (i, j) indexed by the a priori and a posteriori SNR pairs

is looked up to retrieve the corresponding SNR ζ̂(i,j). Finally,
the time-frequency binary mask is estimated by comparing the
estimated instantaneous SNR against a threshold. In our study,
the SNR threshold was set to 0 dB. Note that during the train-
ing stage, some cells (i, j) might not be occupied frequently
and Mi,j may not be large enough to produce a reliable estima-
tor. Hence, in those instances where the Mi,j is too small (e.g.,
< 2500), the decision-directed approach is used.

3. Experimental results
3.1. Materials and procedure

Sentences were taken from the IEEE database [9]. The IEEE
sentences are phonetically balanced with relatively low word-
context predictability. The sentences were produced by one
male speaker in a sound-proof booth using Tucker Davis Tech-
nologies (TDT) recording equipment. The recordings are avail-
able from [10]. The speech material was originally recorded at
a sampling rate of 25 kHz and downsampled to 12 kHz.

In the training stage, white noise was added to 390 sen-
tences (∼17 min) at overall SNRs ranging from -15 dB to +25
dB, in steps of 5 dB. For the test, three types of noise were
used: babble, factory noise, speech-shaped noise. The bab-
ble was taken from the Auditec CD (St. Louis, MO) which
was recorded by 20 talkers with equal number of male and fe-
male speakers. The factory noise was taken from the NOISEX
database [11] and the speech-shaped noise was stationary hav-
ing the same long-term spectrum as the speech signal collected
in the IEEE corpus. For testing, 60 sentences (not used in the
training stage) were used. Noise was added to the IEEE sen-

tences at 0 dB SNR.
The sentences were segmented (Hanning window) into

overlapping frames of 384 samples (32 ms) with 50% overlap.
The noise estimation algorithm proposed in [12] was used for
estimating the noise variance in Eq. 1.

3.2. Evaluation

To quantify the accuracy of the proposed binary mask estima-
tion algorithm, we computed the hit (HIT) and false alarm rates
(FA). HIT and FA rates were computed by comparing the esti-
mated binary mask against the (oracle) ideal binary mask. The
performance is tabulated in Table 1 as a function of β, the com-
pression coefficient of the error in the cost function (Eq. 7).
For comparative purposes, Table 1 also includes the results ob-
tained using the decision-directed approach, which is denoted as
“DD”. When the error is compressed with higher order of com-
pression coefficient β, both the HIT and FA rates increase. Per-
ceptually, the two types of errors that can be introduced, namely
miss (=1-HIT) and false alarm, are not equivalent [3]. This is
so, because the false alarm errors will possibly introduce more
noise distortion, as T-F units that would otherwise be zeroed out
(presumably belonging to the masker) would now be retained.
The miss errors will likely introduce speech distortion, as theses
errors are responsible for zeroing out T-F units that are domi-
nated by the target signal and should therefore be retained. To
account for the combined effect of both errors (miss and false
alarm), we propose the use of the difference metric, HIT-FA, for
predicting the intelligibility of speech synthesized using the es-
timated binary masks. A modestly high correlation (r = 0.80)
between this metric and speech intelligibility was found in our
previous work [13]. The difference metric (HIT-FA) is tabulated
in Table 1 and also plotted in Fig. 4.

Other noise estimation methods (e.g., MCRA [14]) could
potentially be used for estimating the noise variance in Eq. 1.
A similar pattern in performance was observed as shown in Fig.
4 when the MCRA method [14] was used. Lower performance
(in terms of HIT-FA) was observed, however, when the MCRA
method [14] was used.

4. Conclusions
We proposed a binary mask estimation technique which com-
pares the estimate of the instantaneous SNR of each T-F unit
against a predefined threshold. The instantaneous SNR was de-
rived by minimizing the localized Bayes risk using a data-driven
approach. The proposed binary mask estimator was evaluated
in terms of hit and false alarm rates, which were computed by
comparing the estimated binary mask against the (oracle) ideal
binary mask. The experimental results showed that the pro-
posed method yields substantial improvements in the difference
metric, HIT-FA, relative to the conventional decision-directed
method used for estimating the SNR.
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Figure 4: Performance, in terms of the difference between the
hit and false alarm rates (HIT-FA), of the proposed method as a
function of β. For comparison, the performance of the decision-
directed method, indicated as “DD”, is also shown.
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