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Abstract Monaural speech separation based on computational auditory scene
analysis (CASA) is a challenging problem in the field of signal processing. The
Ideal Binary Mask (IBM) proposed by DeLiang Wang and colleague is considered
as the benchmark in CASA. However, it introduces objectionable distortions called
musical noise and moreover, the perceived speech quality is very poor at low SNR
conditions. The main reason for the degradation of speech quality is binary
masking, in which some part of speech is discarded during synthesis. In order to
address this musical noise problem in IBM and improve the speech quality, this
work proposes a new soft mask as the goal of CASA. The performance of the
proposed soft mask is evaluated using perceptual evaluation of speech quality
(PESQ). The IEEE speech corpus and NOISEX92 noises are used to conduct the
experiment. The experimental results indicate the superior performance of the
proposed soft mask as compared to the traditional IBM in the context of monaural
speech separation.
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1 Introduction

In day to day life, the human auditory system receives number of sounds, in which
some sounds may be useful and others are not. The speech separation problem in
digital signal processing is to separate out the target speech signal from the other
unwanted interferences. Human auditory system handle this complex source sep-
aration problem easily, whereas it is very difficult for the machine to perform the
same as human beings. However, the acoustic interferences (music, telephone
ringing, passing a car and other people speaking/shouting etc.) in a natural envi-
ronment is often unavoidable. Reducing the impact of acoustic interference on the
speech signal may be useful in a number of applications, such as voice commu-
nication, speaker identification, digital content management, teleconferencing sys-
tem and digital hearing aids. Several approaches have been proposed in the last two
decades for monaural speech separation, such as speech enhancement, blind source
separation (BSS), model-based and feature-based CASA.

Speech enhancement approaches [1] utilize the statistical properties of the signal
to separate the speech under stationary noisy conditions. Blind source separation is
an another signal processing technique for speech separation. BSS can be done
using independent component analysis (ICA) [2], spacial filtering, and nonnegative
matrix factorization (NMF) [3]. BSS technique fails to separate the target speech
signal effectively in the case where trained basis functions of two speech source
overlaps [4]. Computational auditory scene analysis (CASA) is the most successful
technique among these approaches to monaural speech separation. It aims to
achieve human performance in auditory scene analysis [ASA] [5] by using one or
two microphone recording of the acoustic scene generally called acoustic mixture
[6]. CASA based speech separation techniques can be divided into model-based and
feature-based techniques [7]. The model-based CASA techniques use trained
models of the speaker to separate the speech signal [8]. Feature-based technique
transform the observed signal into a relevant feature space and then it is segmented
into cells, which are grouped into two main streams based on cues [7]. Generally in
CASA based speech separation system, the noisy speech signal will be decomposed
into various T-F units to decide whether a particular T-F unit should be designated
as target or interference. After T-F decomposition, a separation algorithm will used
to estimate the binary T-F mask based on the signal and noise energy. This binary
mask is used in the synthesis process to convert the T-F representation into target
speech and background noise. DeLiang Wang suggested that the IBM can be
considered as a computational goal of CASA [9]. It is basically a matrix of binary
numbers which is set to one when the target speech energy exceeds the interference
energy in the T-F unit and zero otherwise. Even though, IBM is the optimal binary
mask [3], it introduces objectionable distortions, called musical noise. It is mainly
due to the repeated narrow-frequency-band switching [6] and moreover the per-
ceived quality of binary-masked speech is poor. In order to address this musical
noise problems in IBM, this work propose a genetic algorithm based optimal soft
mask (GA-OSM) as the goal of CASA. The rest of the paper is organized in the
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following manner. The next section provides an overview of IBM and its short-
comings. Section 3 presents the proposed GA-optimum soft mask as the compu-
tational goal of CASA. Systematic evaluations and experimental results are
provided in Sect. 4. Finally, Sect. 5 summarizes the research work and gives the
direction for future extension.

2 The Ideal Binary Mask and Its Shortcomings

DeLiang Wang proposed ideal binary mask as a computational goal in CASA
algorithms [9]. The IBM is a two-dimensional matrix of binary numbers and it is
determined as in [9] by comparing the power of target signal to the power of masker
(interfering) signal for each T-F unit obtained using Gammatone filter bank [10].

IBM t; fð Þ ¼ 1, if s t; fð Þ � n t; fð Þ[ LC
0 otherwise

�
ð1Þ

where sðt; f Þ is the power of the speech signal, nðt; f Þ is the power of the noise
signal, at time t and frequency f respectively and LC is the local SNR criterion [9].
Only the T-F units with local SNR exceeding LC are assigned the binary value 1 in
the binary mask and others are assigned zero [10]. In CASA, an LC value of 0 dB is
commonly used, since it shows higher speech intelligibility even at low SNR levels
(−5 dB, −10 dB) [11]. In IBM based speech separation, T-F units with binary value
1 are retained, and with value 0 are discarded. The region with binary value 0 is
generally interpreted as the deep artificial gap and it is being discarded during
synthesis and produce musical noise at the output.

3 Proposed Genetic Algorithm Based Optimum Soft Mask

Research results show the musical noise arising from binary mask can be reduced
by using soft mask [12]. However, the choice of soft mask should be made carefully
such that it does degrade the quality of the speech signal [6]. Cao et al. [13] has
proposed a kind of soft mask by filling the artificial gaps with un-modulated
broadband noise. The un-modulated broadband noise shallows the areas of artificial
gaps in the time-frequency domain of the IBM processed speech mixture and
improves the speech quality. In this work, rather than adding additional broadband
noise, the T-F units with local SNR less than LC are filled with certain amount of
unvoiced speech to enhance the speech quality. Here, a simple question comes, how
much amount of unvoiced speech can be added to get better speech quality?. This
motivates to use the Genetic algorithm to find the optimum amount of unvoiced
speech to be added to improve the speech quality. The schematic of the proposed
GA-optimum soft mask based speech separation system is shown in Fig. 1.
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The input speech signal is first decomposed into various T-F units by a bank of
128 Gammatone filters, with their center frequencies equally distributed on the
equivalent rectangular bandwidth (ERB) rate scale from 50 to 4000 Hz. The
impulse response of the gammatone filter is given as [14]

gfcðtÞ ¼ AtN�1exp½�2pbðfcÞ�cosð2pfct þ /ÞuðtÞ ð2Þ

where A is the equal loudness based gain, N = 4 is the order of the filter, b is the
equivalent rectangular bandwidth, fc is the center frequency of the filter, / is the
phase, and uðtÞ is the step function. In each band, the filtered output is divided into a
time frame of 20 ms with 10 ms overlapping between consecutive frames. As a
result of this process, the input speech is decomposed into a two-dimensional
time-frequency representation sðt; f Þ. Similarly, the noise signal also decomposed
into a two-dimensional time-frequency representation nðt; f Þ. The proposed soft
mask is defined as

GA� OSM t; fð Þ ¼ 1; if s t; fð Þ � n t; fð Þ[ LC
x otherwise

�
ð3Þ

where GA� OSMðt; f Þ is the optimum soft mask. The GA is used here to find the
optimum value of x which improves the speech quality. The GA frame work as
similar as in [15] to find the optimum value of x is explained as follows:

Fig. 1 Proposed GA-optimum soft mask based speech separation system
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Step-1 : Initialization: Generate a random initial population NPOP of size ½N � 1�
for the best value of x in Eq. (3). Where N ¼ 20, i.e. NPOP = [20 � 1]
matrix of chromosomes.

Step-2 : Fitness Evaluation: Fitness of all the solutions x1; x2; x3; . . .. . .xN in the
population NPOP is evaluated. The steps for evaluating the fitness of a
solution are given below:

Step-2a: Determine the signal power at time t and frequency f and
denote it as sðt; f Þ:

Step-2b: Determine the noise power at time t and frequency f and
denote it as nðt; f Þ:

Step-2c: Compute the optimum soft mask GA� OSMðt; f Þ as

GA� OSM t; fð Þ ¼ 1; if s t; fð Þ � n t; fð Þ[ LC
xi otherwise

�
ð4Þ

where xi 2 x1; x2; x3; . . .. . .xN
Step-2d: Synthesize the speech signal using the computed soft mask as

defined in step 2c.
Step-2e: The PESQ (fitness value) is calculated.
Step-2f: The steps 2c–2e are repeated for all solutions in the

population.

Step-3: Updating Population: The populations are updated via mating and
mutation procedure of Genetic algorithm.

Step-4: Convergence: Repeat steps 2–3 until an acceptable solution is reached or
number of iteration is exceeded. At this point the algorithm should be
stopped.

The final solution of this GA algorithm gives the best value of x in Eq. (3) and
hence the optimum soft mask. This estimated optimum soft mask is used in the
online speech separation stage to resynthesize the speech signal.

4 Performance Evaluations and Experimental Results

4.1 Experimental Database and Evaluation Criteria

The clean speech signals are taken from the IEEE corpus [16] and noise signals are
taken from the Noisex92 database [17]. To generate noisy signals, clean speech
signals are mixed with the babble and factory noises at different SNRs. The per-
formance of the proposed optimum soft mask and IBM is assessed by using PESQ
value, since PESQ measure is the one recommended by ITU-T for speech quality
assessment [1, 18].
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4.2 Performance Evaluation of GA-OSM Versus IBM

The clean speech signal and the babble noise are used to estimate the values of x in
Eq. (3) and hence the optimum soft mask. Later, the clean speech and noise signals
are manually mixed at SNRs in the range of −5 to 10 dB. The IBM computed using
Eq. (2) and GA—optimum soft mask using Eq. (3) are applied to the mixture
signals after T-F decomposition by the Gammatone analysis filter bank. Finally, the
IBM and the GA-OSM weighted responses are processed by the Gammatone
synthesis filterbank to yield an enhanced speech signal.

Figures 2, 3 and 4 show the PESQ value obtained by processing mixture signals
using the proposed GA-OSM and IBM for the babble and factory noise respec-
tively. As it can be seen from the figure, the GA-OSM processed signal has the best
speech quality, compared to the IBM processed noisy signals. The average PESQ
improvement for the speech signal “The sky that morning was clear and bright
blue” [16] with babble noise is 0.4253 and with factory noise is 0.3871. The PESQ
improvement for the speech signal “A large size in stocking is hard to sell” with
babble noise is 0.4551 and with factory noise is 0.3673. Similarly, for the speech
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Fig. 2 Average PESQ values obtained by IBM and GA-OSM for the sentence “The sky that
morning was clear and bright blue” [16] at different input SNRs and noise types
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Fig. 3 Average PESQ values obtained by IBM and GA-OSM for the sentence “A large size in
stocking is hard to sell” [16] at different input SNRs and noise types
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signal “Sunday is the best part of the week” [16] the PESQ improvement with
babble noise is 0.3649 and with factory noise is 0.3476. Moreover, the proposed
GA-OSM mask estimation method use the clean speech signal “The sky that
morning was clear and bright blue” [16] with babble noise to estimate the optimum
soft mask using GA. This estimated soft mask is later used to separate and evaluate
the performance of the system with other type of noise knows as factory noise. The
results in Figs. 2, 3 and 4 illustrate the generalization ability of the proposed
GA-OSM mask estimation approach to unseen speech and noises.

5 Summary and Future Work

Monaural speech separation is one of the challenging problem in the field of signal
processing. Various approaches had been proposed including speech enhancement,
Wiener filtering, noise tracking, BSS, CASA and so on. CASA based speech
separation is the best among these techniques and sets the IBM as the computational
goal. However, it introduces objectionable distortions called musical noise and
degrades the quality of speech signal. In order to address this musical noise problem
in IBM, this work proposed a genetic algorithm based optimal soft mask
(GA-OSM) as the goal of CASA. The PESQ measure is used to examine the quality
of the speech signal in the framework of monaural speech separation system. The
experimental results in Fig. 2, 3 and 4 show the superior performance of the optimal
soft mask (GA-OSM) as compared to the traditional IBM based speech separation
system. However, the proposed GA-OSM estimation algorithm in its current form
requires the prior knowledge of the clean speech and noise signals. This is one of
the limitations of the current proposed algorithm. Further investigation of esti-
mating the soft mask without the prior knowledge of speech and noise signal for
monaural speech separation is in progress.
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Fig. 4 Average PESQ values obtained by IBM and GA-OSM for the sentence “Sunday is the best
part of the week” [16] at different input SNRs and noise types
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