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Optimum Soft Mask for Monaural Speech
Separation System

M. Dharmalingam* and M. C. John Wiselin?

ABSTRACT

Monaural speech separation aimsto separate the target speech from speech mixturerecorded by singlemike. The
ideal binary mask (IBM) has been projected asa procedure goal in computational auditory sceneanalysis(CASA)
based monaural speech separation. ThelBM isessentially amatrix of binary numbers, the binary value 1 isallotted
to the mask if the native signal-to-noise ratio (SNR) of a specific time-frequency (T-F) units exceeds the native
criterion (LC) otherwisethevalue O is allotted to the mask. The IBM based speech synthesis could discard some
components of the speech and leads to associate unnatural sound known as musical noise. This analysis work
proposes the optimum soft mask (OSM) as an alternateto IBM to cut back the musical noise, by commutation the
arduous limiting weights (i.e. 1 or 0) with the variable weights between 0 and 1. The IEEE speech corpus and
NOI SEX 92 noises are wont to appraise the performance of projected optimum soft mask in terms of signal-to-
noiseratio (SNR) and also the sensory activity analysis of speech quality (PESQ). The experimental resultsindicate
the superior performance of the projected optimum soft mask as compared to the IBM and ideal multi-threshold
mask (IMM) within the context of monaural speech separation.

Keywords: Monaural Speech Separation; Optimum Soft Mask; Ideal Binary Mask; Computational Auditory Scene
Analysis; [deal Multi-threshold Mask.

1. INTRODUCTION

Naturally human auditory system receives the speech signal along with some surrounding noise. The noise
can be of any form, for example, sound by a passing car, other people speaking and shouting etc. Several
applications require a speech separation system that separates the intended speaker’s speech from the noisy
signal. For example, voice trans-mission over cellular phone will get affected by the surrounding noise
present at the trans-mitting end. Speech separation system can be used at receiving end to improve the
quality of the speech. In an air-ground communication, the pilot speech will be affected by the high level of
cockpit noise. A speech separation system can be used to remove the cockpit noise considerably from the
pilot’s speech to improve the speech intelligibility. In hearing aid design, the persons having hearing loss
will feel difficult to understand the speech in noisy conditions. In such a sSituation, a speech separation
system can be used before amplification to remove the noise from the speech signal. In a teleconferencing
system, the noise in one location will be broadcasted to al other locations. Hence there is a need for a
speech sepa-ration system to block the noise from being broadcasted to al other locations. Because of its
importance in many applications, speech separation is broadly studied in signal process-ing field. There are
several methods used for speech separation. The most popular methods are, blind source separation (BSS)?
and spatial filtering™. But both these methods are in need of more than one sensor for separating the speech
from noise. i.e., it works well in binaural conditions. But in many practical applications multiple sensors
are not possible. For example, telecommunication and audio retrieval uses only one sensor and requires a
monaural solution®3. However, monaural speech separationisa challenging problem, but the human auditory
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system shows remarkable capacity to the monaural separation. The concept of auditory scene analysis
(ASA) has been first proposed by Bregman®, according to him, the human auditory systemis similar to that
of human visual system. When avisual system views an object, the edges, textures and colors of the objects
are evaluated and interpreted as perceptual wholes (e.g., afan or atable). Similarly, the sound reaching our
ears is subjected to an auditory scene analysis. Computational auditory scene analysis (CASA) performs
the ASA in machines as same as human beings. In which, the input sound mixture is divided into different
time-frequency (T-F) segments and segments are grouped based on cues to extract the target signal. The
ideal binary mask (IBM) has been one of the most successful techniques in CASA systems®?t, The CASA
based speech separation system employing IBM shows large benefits in intelligibility even at low SNR
level (-5dB, -10 dB)* and it consistently resolvesthe ASA constraints in terms of audibility and segregation
capacity. However, a problem with IBM in speech separation applications is employing binary weights
(i.e., 0 or 1). This binary weighting may cause some parts of the speech to be discarded during synthesis
process. This introduces an unnatural sound called musical noise.

Some other notable works has been exhausted in the realm of soft mask based source separation. The
method proposed in®® isa two stage frequency-domain procedure for blind separation of convolutive mixed
sources. In the first stage, the frequency bin-wise mixtures along the time axis are classified based on the
Gaussian mixture mode fitting. In the second stage, the permutation ambiguities of classified signals are
aligned by clustering the posterior probability sequences which have been calculated in the first stage.
Then T-F masking is performed to separate source signals. In another study, a source separation method
that uses probabilistic models of sources and expectation-maximization parameter estimation is presented™.
In which the model-based expectation-maximization source separation and localization (MESSL) is used
based on inter-aural phase difference (IPD) and inter-aural level difference (ILD) to cluster the individual
spectrogram points. Then the probabilistic mask is created by MESSL to separate the sound sources from
the reverberant mixture. In® aminimum mean-square error (MM SE) based technique is planned to estimate
the ideal multi-threshold mask (IMM) that has been utilized in the realm of monaural speech improvement.
It contains 2 stages, specifically training stage and enhancement stage. Within the training stage, a man-
made neural network is trained by exploitation the SNR of every T-F unit of training information. Second
stage uses the calculated SNR to estimate IMM and to separate the target speech from clamant signal.

This analysis work proposes a method to scale back the impact of musical noise pro-duced by I1BM, by
planning a soft mask which might be utilized in speech separation applications. Genetic algorithmic rule
(GA) is employed during this work to search out the optimum soft mask weights between 0 and 1. The
objective measures like /N improvement and perceptual evaluation of speech quality (PESQ) are used to
measure the performance of planned optimum soft mask with the prevailing IBM # and IMM?* based
speech separation systems. Rest of the paper is organized in the following manner. Section two provides an
outline of computational auditory scene analysis (CASA). Section three presents the proposed optimum
soft mask based speech separation system. Section four provides the experimental results of IBM, IMM
and also the planned soft mask. Section five describes the conclusion and future work.

2. COMPUTATIONAL AUDITORY SCENE ANALYSIS (CASA)

CASA can be defined as the study of ASA in computational means®. The CASA based speech separation
system does not require strong assumptions of acoustic properties of interferences. The typical structure of
CASA system is shown in Fig. 1.

The input sound mixture having both speech and noise signal has been processed to extract the features.
Some system directly performs grouping based on the features but many systems forms an intermediate
stage, in which discrete symbols are formed by the significant components in time-frequency. Grouping
rules are then used to identify signals of same source. Several CASA systems use an approach of time
frequency mask in the intermediate stage to separate the speech and noise signals from the input mixture.
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Figure 1: Typical data driven CASA system*

2.1. ldeal Binary Mask (IBM)

In time-frequency mask based CASA system, one of the successful approaches is to employ idea binary
mask (IBM)*. Employing IBM shows large benefits in intelligibility even at low SNR level (-5 dB, -10 dB)
14 The value of ideal binary mask is either 1 or 0 and these values are obtained based on the energies of
corresponding T-F units of speech and noise signals. The ideal binary mask is given as follows,

1 if s(t, f)—n(t,f)>LC
0 otherwise (1)

IBM (t, f)={

where s(t , f) denotes the speech energy and n(t , f ) denotes the noise energy. These energies are calculated
interms of decibels at particular time t and frequency f , and compared against aloca criterion (LC). Since
it isshown in' that the optimum valuefor LCis0 dB interms of SNR, thiswork adopts0 dB for LC. AsLC
is0 dB, if speech energy is greater than noisy energy the binary value 1 is assigned to the mask, otherwise
value 0 is assigned ™. The generated IBM is applied to the mixture signal to segregate the speech from
noise signal. However, a problem with IBM in speech separation applications is employing bi-nary weights
(i.e., 0 or 1). This binary weighting may cause some parts of the speech to be discarded during synthesis
process °. For example, during the unvoiced parts of speech, there is more possibility for noise energy to
dominate the speech energy. Due to which speech parts will be discarded and produces an unnatural sound
called musical noise.

2.2. 1deal Multi-threshold Mask (IMM)

Masoud et.al ¢ statesthat segregating small amount of noise energy along with the segregated speech does
not have destructive role, but it reduces the impact of musical noise. The region between -12 dB to 0 dB is
divided into several intervals and weights are employed to segregate the speech. The ideal multi-threshold
masK is given by *,

0 NR(t, f)<-12dB
02 -12dB<SNR(t, f)<-7dB
04 -7dB<SNR(t, f)<—3Db

06 -3dB<SNR(t, f)<-1dB

08 —1dB<SNR(t, f)<0dB

1 NR(t, f)>0dB

IMM (t, f) =
()

where SNR__ denotes the signal-to-noise ratio of a T-F unit. The IMM solves the issue of musical noise to
some extent but still there are several problems associated with IMM. First, the weights assigned to the
particular regions are not optimum values and has the probability of decreasing the performance. Second,
the region between -12 dB to 0 dB is taken into account. Since the amount of noise added depends on the
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SNR level ¢ it may increase the probability of introducing more noise at the output. Third it requires a
training phase, so it takes more time and also in need of more samples to train the system. To reduce the
impact of musical noise along with the problems associated with IMM an optimum soft mask based speech
separation systemis proposed. In which the binary weights(i.e., 1 or 0) are replaced by the variable weights
called soft mask in the region between -5 dB to O dB. Then genetic algorithm (GA) is used to find the
optimum values for the soft mask in the region between -5 dB to 0 dB.

3. PROPOSED OPTIMUM SOFT MASK (OSM)

As mentioned previously, musical noise is the main problem associated with IBM based speech separation.
To solvethisissue, thiswork proposes an optimum soft mask based speech separation system, in which the
optimum values are obtained using GA. The pro-posed system contains two stages. First stage is the
estimation stage, in which the genetic algorithm is used to estimate the mask as shown in Fig. 2. Second
stage is the synthesis stage in which the estimated mask is applied to extract the speech from input mixture

as shown in Fig. 4.
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Figure 2: Estimation stage of optimum soft mask

In mask estimation stage, both speech and noise signals are given as an input to the peripheral analysis
stage. In which the time-frequency analysis of speech and noise signals are performed by using Gammatone
filter bank °, which are similar to frequency selectivity of human ear. To represent the input signalsin two
dimensional T-F representations the normal frequency of the signal in Hz is converted into equivalent
rectangular band-width (ERB) rate scale which gives an approximation to the bandwidth of filtersin human
hearing. The upper and lower bound of ERB is calculated by,

erb=21.410g,,(0.00437 f + 1) 3

ERB rate scale isdivided into several segments within the upper and lower bound, where the number of
segments is same as the number of channels. After dividing into segments the ERB rate scale is converted
to normal frequency scale by,

¢ f = 10@214-9/0,00437 (4)

where c f denotes the center frequency array indexed by channel. Then the center frequencies are distributed
over frequency in proportion to their bandwidths by using,

b(cf)=1.019 = 24.7 * (4.37 * ¢ f /1000 + 1) )
Then impulse response of the filter bank is a product of gamma function and a tone found by using,
g, (t) =At"exp[—2r b( f)]cos(2rn ft + @) (6)

Here nisthe filter order, c f is the center frequency in Hz, ¢ isthe phase, A is the loudness-based gain
adjustments and b(c f ) determines the bandwidth for a given center frequency. Then the impulse response
of each channel is divided into frames, where each frame segment represents the T-F unit. Energy for each
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T-F unit in each channel is calculated in dB. Based on the energies, Ground Truth SNR (GTSNR) can be
found by the ratio of energy corresponding to T-F units of speech and noise signal,

%, (St e (M)?
%, (0 ¢ ()? ()

Heres _and n__representsthe T-F unit energy of speech and noise signals respectively and nisthetime
index. The Studies made on the application of IBM show that the local SNR value of a particular T-F unit
near -5 dB to 0 dB has a greater impact on the speech intelligibility*®. Hence in this work the interval
between -5 dB to 0 dB has been divided into severa intervals. The threshold values are assigned for each
interval with respect to GTSNR as calculated above. Soft mask can be mathematically described asfollows:

GT SNR . =10log

0  GTS\R, <-5dB
xl  -5dB<GT S\R, <-3dB

IMM(t, f)=ix2  -3dB<GT S\R, <-1dB

x3  —1dB<GT SNR, <0 dB (8)
1 GTS\R,>0dB

Where GT S\R_ . denotes the Ground Truth SNR values for particular time-frequency units, and mask
(t, ) denotesthe weight assigned to the particular T-F unit. The optimum valuesfor variables x1, x2, and x3
are found by using genetic algorithm (GA). GA is an optimization algorithm which will give the best value
to substitute in the mask in order to increase the overall performance. The flow diagram of GA is shownin
Fig. 3. Initial parameters such as cost function, cost variables, population size M, mutation rate R, selection
rate S and number of bits N are defined to progress the objective function. Later, an initial population of
random numbers is generated based on the population size M, in which each row of initial population is
called chromosomes. A single chromosome C contains,

C = Number of variables* N bits 9)

The initial population L is given by,
| =M=C (10)
Where Ip contains only binary numbers. Decode chromosomes stage performs the conversion of binary
numbers into continuous numbers. The cost of each chromosome is calculated by employing each
chromosome values in the mask. Speech is extracted based on the generated mask and SNR improvement
is calculated, where SNR improvement denotes the cost value. Chromosomes are ranked from highest to

lowest based on the cost value. Chromosomes which yields low cost are discarded based on the selection
rate S, which is arbitrary.
Ppre =S*M (11)
Where P denotes the highest of the chromosomes preserved for conjugation and thus the lowest M “
P chromosomes are discarded to make space for the new set of chromosomes. Pair of chromosomes are
chosen from P by rank weight methodology to produce a pair of new off-spring. Among that the additive
chance of each chromosomes are calculated by victimization,

P.—n+1

B > pren

A random selection isgenerated and thus the chromosome whose chance larger than therandom selection
ischosen for conjugation. Same weight technigueis perennia to choose another chromosome for conjugation.

(12)

n
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Conjugationisthat the tactic of creating one or further offspring from the parents (selected chromosomes).
A crossover point is chosen randomly in between first and last bits of parents’ chromosomes. New offspring
are created by pairing half the first selected chromosome with the half the second selected chromosome
and therefore the different means around. The new offspring are placed into the population. The randomness
of the chromosomes is additional increased by the tactic of mutations, among that it alters a definite share
of bits among the chromosomes. After mutation methodology, al over again the value associated with
chromosomes is calculated. At last, convergence check is made by checking whether or not an acceptable
resolution is reached or the amount of iteration exceeds the outlined value. If every condition is not glad, it
will repeat the tactic as shown in Fig. 3. If anyone condition isglad, chromosomes at high of the population
resultsthe optimum valuesfor for x1, x2 and x3. Supported these values the optimum soft mask is calculated
asin equation (8).

The input speech mixture isdecomposed into T-F units by using abank of gammatonefiltersin peripheral
analysis stage. Then the estimated optimum soft mask is employed in the synthesis stage to suppress the
noise and enhance the speech signal. Weintraub 2 describes the steps in synthesis stage to separate the
speech from the input mixture as follows, first step is to time reverse the response of the filter and passing

Define cost function for SNR.

Cost variables = x1. X2 and x3
Number of Bits in a Chromosome: nbit=8
Number of Initial Population: N = 20
Mutation Rate: R=0.15

v
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Figure 3: Flowchart of a binary GA optimization of variables in soft mask
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Figure 4: Synthesis stage of the optimum soft mask

it back to the filter. Again the response is time reversed to remove the phase shifts across channels in the
filter bank output. Next step is to divide the phase corrected output from each channels into frames by
windowing with araised cosine. Frame size should be same as used in decomposing the input mixture into
T-F units. Then the constructed optimum soft mask is applied to T-F units of the input mixture. Energiesin
each T-F units of the input mixture are weighted based on the corresponding mask values. After weighting
the T-F units, the weighted responses across all frequency channels are summed to reconstruct the speech
fromthe input speech mixture. The quality of the segregated speech signal is assessed by SNR improvement
and PESQ measures.

4. ANALYSISAND EXPERIMENTAL RESULTS

The performance and capability of projected optimum soft mask (OSM) within the mono speech separation
is evaluated by mistreatment objective measures like SNR improvement and PESQ measurement. The
SNR improvement is calculated by,

xS (n)®
S\|R=1O |Og n “Allonemask J 1
v (Zn (SAIIonemask (n) - Sout (n))2 ( 3)
Where S, (n) denotes the speech obtained from synthesis method by keeping all the mask value as

oneand S , (n) denotes the enhanced speech obtained by applying the optimum soft mask in the synthesis
method Perceptual evaluation of speech quality (PESQ) is the ITU-T P.862 recommendation °° used to
evaluate quality of speech signal. The scores range from 4.5 to -0.5, where 4.5 represents highest quality
and -0.5 represents the low quality of speech. To conduct the experiment 25 clean speech samples are
selected randomly from the |EEE speech corpus *® and two noises such as, babble noise and factory noise
are taken from the noisex-92 database *'. The clean speech samples are shown in Table 1.

The performance of optimum soft mask (OSM) is compared against the ideal binary mask (IBM) and
ideal multi-threshold mask (IMM) based speech separation system. The process is as follows, first, the
clamant speech mixture is created by manually mixing the clean speech and noise signals at totally different
SNRs (-5 dB to +5 dB). Then IBM, IMM and the planned OSM are applied to the clamant mixture. The
weighted responses are finally processed by synthesis module to yield the enhanced speech. Table 2, 3 and
4 shows the the typical SNR improvement and PESQ scores obtained by processing the mixture signals
with IBM, IMM and OSM, at totally different input SNRs, for the 25 clean speech sampleswith babble and
factory noise respectively. As seen from the table, the typical SNR improvement of planned OSM is dlightly
greater than IBM and considerably greater than IMM. The PESQ score of the planned OSM is greater than
IBM but however smaller than IMM. The IMM based speech separation gives higher PESQ scores but low
SNR improvement as compared to IBM. However the IBM provides higher SNR improvement and low
PESQ scores. The planned OSM provides sensible SNR improvement than IBM and IMM and produce
con-siderable improvement in PESQ score.
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Tablel
| EEE Speech cor pus - clean speech signal
9. No. Speech Ref. No 28 Clean speech signal
1 S-01-06 Thejuice of lemons makes fine punch
2. S01-10 A largesizein stockingsis hard to sell
3. S-02-06 A pot of tea helpsto passthe evening
4. S-03-09 It snowed, rained, and hailed the sasmemorning
5. S-04-02 Takethe winding path toreach thelake
6. S-04-08 Theyoung girl gave no clear response
7. S-04-09 The meal was cooked before the bell rang
8. S-05-01 A king ruled the state in the early days
9. S-05-09 Thefriendly gang left thedrug store
10. S-06-03 Adding fast |eads to wrong sums
11 S-07-03 Heran half way tothe hardware store
12. S-09-03 Therearemorethan two factors here
13. S-10-06 Bail the boat, to stop it from sinking
14. $18-04 The sky that morning wasclear and bright blue
15. S-18-06 Sunday isthe best part of the week
16. S-21-07 After thedance, they went straight home
17. S-24-10 Madam, thisisthe best brand of corn
18. S-25-08 To make pureice, you freeze water
19. S-31-02 Theplant grew largeand green in thewindow
20. S-38-07 Go now and come here later
21. $-38-10 That move means the gameisover
22. S43-02 Draw the chart with heavy black lines
23. S47-01 The music played on while they talked
24, S-47-09 Birth and death mark thelimits of life
25. S48-07 We don’t get much money but we have fun
Table2
Per for manceresultsof Ideal Binary Mask (IBM) based speech separation
Input SNR (dB) -5 -2.5 0 25 5
Babble Noise SNR Improvement 5.96556 7.25673 8.66472 10.13486  11.66749
PESQ Score 1.65498 1.89659 2.12066 2.339624  2.565556
Factory Noise SNR improvement 5.45233 6.97722 8.69293 1041973  12.24714
PESQ Score 1.92777 2.13836 2.33584 2.53116 2.727864
Table3
Per for mance results of 1deal Multi-threshold Mask (IMM) based speech separation
Input SNR (dB) -5 -2.5 0 25 5
Babble Noise SNR Improvement 5953652  7.194888 8521268  9.927964  11.44784
PESQ Score 2.032544 2227384 2421092  2.611448  2.808444
Factory Noise SNR improvement 5239368 6.794612  8.467148  10.21994  12.08419
PESQ Score 2.261324 2.42176 2.59776 2776636  2.957288
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Table4
Per for mance results of Optimum Soft M ask (OSM) based speech separation
Input SNR (dB) -5 -2.5 0 25 5
Babble Noise SNR Improvement 6.033648  7.312076  8.692428  10.14156  11.66068
PESQ Score 1.81782 2.026532 2242892 2449748  2.654328
Factory Noise SNR improvement 5.4751 6.987576  8.681976  10.406996  12.24458
PESQ Score 2.062332  2.258864 2.44238 2.623508  2.826252

Alternatively, ideal binary mask (I1BM) and thereforethe planned optimum soft mask (OSM) are compared
supported cochleagram of the signals. Fig. 5 shows the cochleagram of the clean speech signal “The sky
that morning was clear and bright blue” taken from the |IEEE database™ and also the mixture signal in
which the clean speech signal is mixed with babble noise taken from Noisex-92 database ’ at SNR= -5 db.
The mixture signal is then masked with the perfect binary mask and optimum soft mask severally, and it
may be seen that gap due to loss of some speech components within the IBM are (lled significantly with
OSM and improves the standard.
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Figure 5: Comparison of performance of ideal binary mask (IBM) and optimum soft mask (OSM). (a) Representsthe
cochleagram of the clean speech signal. (b) Represents the cochleagram of noise signal. (c) Shows the cochlea-gram of the
enhanced speech signal using IBM. (d) Shows the cochleagram of enhanced speech signal using OSM
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5. CONCLUSION AND FUTURE WORK

Theideal binary mask has been one among the foremost victorioustechniquesin CASA algorithm. However
it introducesmusical noise since some componentsor regions of the improved speech isdiscarded throughout
synthesis. particularly the unvoiced components of the speech are lost if the noise has bigger energy and
ends up in reduction of speech quality and comprehensibility. In this research work, associate optimum soft
mask is planned to scale back the musical noise in speech separation systems. The experimental results are
shown in Table 2-4 and ascertained that, the quality of the speech made by optimum soft mask is healthier
than the normal IBM and IMM. However, IBM, IMM and OSM in its current type need the previous
information of the clean speech and noise signals. This is often one in all the restrictions of this system.
Further investigation of estimating the optimum soft mask without the previous information of speech and
noise signal for mono speech separation is ongoing. Additionally the implementation of proposed optimum
soft mask in digital signal processor for real speech separation is in progress.
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