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Abstract— Monaural speech separation is a well-recognized 

challenge. Recent studies utilize supervised classification 

methods to estimate the ideal binary mask (IBM) to address 

the problem. In a supervised learning framework, the issue 

of generalization to conditions different from those in 

training is very important. This paper presents methods that 

require only a small training corpus and can generalize to 

unseen conditions. The system utilizes support vector 

machines to learn classification cues and then employs a 

rethresholding technique to estimate the IBM. A distribution 

fitting method is used to generalize to unseen signal-to-noise 

ratio conditions and voice activity detection based 

adaptation is used to generalize to unseen noise conditions. 

Systematic evaluation and comparison show that the 

proposed approach produces high quality IBM estimates 

under unseen conditions. 

Key words: Generalization, rethresholding, speech 

separation, support vector machine (SVM).. 

I. INTRODUCTION 

Speech communication usually takes place in complex 

acoustic environments. The human auditory system is adept 

in separating target sound from back ground interference. 

Despite decades of effort, monaural speech separation 

remains one of the most difficult problems in speech 

processing. Various approaches have been proposed for 

monaural speech separation. Speech enhancement 

approaches utilize the statistical properties of the signal to 

enhance speech that has been degraded by additive non 

speech noise. The key problem in speech processing is 

speech separation from a monaural recording, to separate a 

speech signal from its background interference. Monaural 

speech separation is a challenging task. CASA based 

systems utilize acoustic features to produce a time-

frequency (T-F) mask inspired by human auditory 

perception. CASA aims to separate sound mixture into 

different auditory streams based on perceptual principles. 
An ideal binary mask has been as a main computational goal 

of CASA. 

The suppression of noise is an important issue in a 

wide range of speech processing applications. In the field of 

automatic speech recognition, for example, background 

noise is a major problem which typically causes severe 
degradation of the recognition performance. In hearing 

instruments, noise suppression is desired to enhance speech 

intelligibility and speech quality in adverse environments. 

A. Existing system: 

Seltzer et al  treated the identification of noise components 

in a spectrogram as a Bayesian classification problem for 

robust automatic speech recognition. Weiss and Ellis  

utilized relevant vector machines to classify T-F units. Jin 

and Wang  trained multilayer perceptions (MLP) to classify 

T-F units using pitch-based features. Their system obtains 

good separation results in reverberant conditions. Kim et al 

used Gaussian mixture models (GMM) to learn the 

distribution of amplitude modulation spectrum (AMS) 

features for target-dominant and interference-dominant units 

and then classified T-F units by Bayesian classification. 

Their classifier led to speech intelligibility improvements for 

normal-hearing listeners. Kim and Loizou further proposed 

an incremental training procedure to improve speech 

intelligibility, which starts from a small initial model and 

updates the model parameters as more data become 

available. By using separate models time taken for execution 

is more. 

B. Proposed System: 

The proposed approach consists of an SVM training stage 

followed by a rethresholding step. SVM is a state-of-the-art 

learning machine which is widely used for classification 

problems. SVM maximizes the margin of separation 

between different classes of training data, and as a result it 

shows good generalization. We utilize SVMs to produce 

initial classification boundaries and then derive new 

thresholds to classify T-F units in unseen acoustic 

environments. The new thresholds are adaptively computed 

based on the characteristics of test mixtures, and they are 

expected to generalize to new SNR or noise conditions. For 

unseen SNRs, by analyzing statistical properties, we 

determine the new thresholds by fitting the distribution of 

SVM outputs. For unseen noises, a voice activity detector is 

incorporated to construct a development set and then derive 

the thresholds. 

II. FUNDAMENTALS OF THE PROJECT 

A. Support Vector Machines: 

In machine learning, support vector machines (SVMs, also 

support vector networks) are supervised learning models 

with associated learning algorithms that analyze data and 

recognize patterns used for classification and regression 

analysis. The original SVM algorithm was invented by 

Vladimir N Vapkin and the current standard incarnation 

(soft margin) was proposed by Vapkin and Corinna cortes in 

1995. 

The basic SVM takes a set of input data and 

predicts for each given input, which of two possible classes 

forms the output, making it a non-probabilistic binary linear 

classifier. Given a set of training examples, each marked as 

belonging to one of two categories, a SVM training 

algorithm builds a model that assigns new examples as 

points in space, mapped so that the examples of the separate 

categories are divided by a clear gap that is as wide as 

possible. New examples are then mapped into that same 
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space and predicted to belong to a category based on which 

side of the gap they fall on. In addition to performing linear 

classification, SVMs can efficiently perform a non-linear 

classification using what is called the kernel trick, implicitly 

mapping their inputs into high-dimensional feature spaces.  

B. LIBSVM: 

LIBSVM is one of the popular open source machine 

learning libraries developed at the National Taiwan 

University and written in C++ though with a C. LIBSVM 

implements the SMO algorithm for kernel zed support 

vector machines (SVMs), supporting classification and 

regression. The SVM learning code from the library is often 

reused in other open source machine learning toolkits, 

including GATE, KNIME, pattern and scikit-learn. Many 

bindings to it exist for programming languages such as Java, 

MATLAB and C.LIBSVM is free software released under 

the 3-clause BSD license.  

 LIBSVM is an integrated software for support 

vector classification, (C-SVC, nu-SVC), regression (epsilon-

SVR, nu-SVR) and distribution estimation. It supports 

multi-class classification. The main goal is to help users 

from other fields to easily use SVM as a tool. LIBSVM 

provides a simple interface where users can easily link it 

with their own programs. 

C. Ideal Binary Masking: 

Time-frequency masking is a widely used technique for 

speech and signal processing used in automatic speech 

recognition, computational auditory scene analysis, noise 

reduction and source separation. The technique is based 

on time frequency (T-F) representation of signals and makes 

it possible to utilize the temporal and spectral properties of 

speech and the assumption of sparseness of speech. An 

important quality of T-F masking is the availability of a 

reference mask, which defines the maximum obtainable 

speech intelligibility for a given mixture. This ideal binary 

mask (IBM) has recently been demonstrated to have large 

potential for improving speech intelligibility in difficult 

listening condition. To calculate the IBM, the unmixed 

signals must be available, which is a requirement rarely met 

in any real life application. However, the significant 

increase in speech intelligibility. 

 The idea of ideal binary masks (IBM) has produced    

large benefits in intelligibility in noisy speech, both for 

normal hearing and hearing impaired subjects. The ideal 

binary mask requires the knowledge of the target and 

masker components of the mixture and is constructed by 

comparing the target and masker signal powers in time-

frequency decomposition. A key observation is that the ideal 

binary masks are invariant to co variations of mixture SNR 

and LC are both increased by 1db, the IBM remains 

unchanged. The relative criterion (RC) was introduced in as 

a control mask density and is defined in units of db as, 

       RC= LC-SNR                                         (1) 

IBM is a binary T-F matrix where 1 indicates that 

the signal-to-noise ratio (SNR) within the corresponding T-F 

unit is greater than a local SNR criterion (LC) and 0 

otherwise. In this work, we are concerned with monaural 

speech separation from non speech interference and we use 

5 dB as LC in all experiments. A series of perceptual studies 

have shown that IBM separation produces large speech 

intelligibility improvements in noise for both normal-

hearing and hearing-impaired listeners. 

III. BLOCK DIAGRAM OF THE PROJECT 

 
Fig. 1: Diagram of the proposed system 

 Fig1 shows the block diagram of the proposed 

system which consists of a training phase and a test 

phase. In the training phase, the speech and the noise are 

used to create the IBM, which provides the desired output 

for training. The features in each T-F unit are extracted 

from the mixture and then used to train and SVM model 

in each frequency channel. In the test phase, we first use 

the trained SVM to initially classify T-F units and then 

utilize a rethresholding technique to generalize the system 

under different test conditions. Auditory segmentation is 

used to improve the estimated mask and separated speech 

is finally resynthesized by using the estimated IBM. 

A. Feature Extraction: 

An input mixture s(t) is first fed into a 64-channel gamma 

tone filter bank whose center frequencies are distributed 

from 50 Hz to 8000 Hz. This filter bank is derived from 

psychophysical studies of auditory periphery and is a 

standard model of cochlear filtering. In each channel, the 

output is windowed into 20ms time frames with 10ms frame 

shift. This processing decomposes the input signal into a 

two-dimensional T-F representation called a cochlea gram. 

We use to denote a T-F unit in the cochlea gram, which 

corresponds to frequency channel and time frame. Given the 

cochlea gram of the mixture, we extract acoustic features 

from each T-F unit. In a combination of pitch based features 

and amplitude modulation spectrum (AMS) features is used 

efficiently classify T-F units under the noise matched 

condition. For SNR generalization, since we only consider 

the matched noises, it is reasonable to adopt the same 

combined features into our system. 

B. SVM And Rethresholding : 

With the extracted features, we use SVM to classify T-F 

units to target-dominant or interference-dominant classes. 

We use probabilistic SVMs to model the posterior 

probability that a T-F unit label is assigned 1 given the 

feature vector, denoted as P(Y=1/X) .A separate SVM is 

trained for each frequency channel because the 

characteristics of the speech signal in different channels can 

be very different. In the training phase, we use the radial 

basis function kernel, and the parameters are chosen by 5-

fold cross validation.  To obtain probabilistic representation 

we use a sigmoid function to map an SVM decision value to 

a number between 0 and 1, which is then interpreted as the 

posterior probability of the target. With this compact 

representation, one can derive new thresholds within [0, 1] 

instead of [∞,-∞]. The SVM library LIBSVM is used in our 
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experiments. In the test phase, the decision value for each 

TF unit is calculated from the discriminate function to 

P(Y=1/X)=0.5 

 Generally speaking, standard probabilistic SVMs 

use P=0.5 as the threshold to perform classification. In this 

study we train with a fixed input SNR or using a small 

number of noise types and wish to generalize to a variety of 

unseen conditions. In this case, we do not expect the trained 

SVMs to produce good classification results in unseen 

conditions. 

 One reason for the use of rethresholding is that 

there exists a mismatch between the training set and the test 

set. Under unmatched conditions, the optimal hyper plane 

for the training set likely deviates from the optimal hyper 

plane for the test set. In this study, we propose to use 

rethresholding to adjust trained unseen SNR or noise 

conditions. 

C.  Auditory Segmentation: 

The rethresholded mask gives a good estimate of the IBM, 

but it still misses some target-dominant units and contains 

some interference dominant units. To further improve the 

rethresholded mask we utilize auditory segmentation which 

takes into consideration contextual information beyond 

individual T-F units. The goal of auditory segmentation is to 

form contiguous T-F segments and each segment is 

supposed to primarily originate from the same sound source.  

Specifically for voiced intervals, we compute cross-channel 

correlation of filter response in low frequency channels 

(below 2000Hz) and cross-channel correlation of envelope 

response in high frequency channels (above 2000Hz). 

 To perform segmentation, only those units with 

sufficiently high (≥0.95) cross-channel or envelope cross-

correlation are selected. Selected neighboring units are 

iteratively merged into segments across frequency channels 

and time frames. For unvoiced intervals, segments are 

formed by matching pairs of onset and offset fronts and a 

multistage analysis is applied to integrate segments at 

several scales. With the rethresholded mask, we label all 

units in a segment as the target if the energy included in the 

interference-dominant units. Then, we treat all the segments 

shorter than 50ms as the interference and obtain the final 

estimated IBM. Then use SVM to produce initial 

classification for each T-F unit. Then, we use rethresholding 

to adapt SVM output under different conditions. Finally, 

auditory segmentation is used to improve the estimated IBM 

 

Fig. 2:spectrum of spoken words 

The input signal spectrum (spoken words) to be de 

noised is as shown in fig2. The noise present is indicated at 

the bottom of the figure in black color. 

 

                      Fig. 3:FFT spectrum of the input signal 

The short-time Fourier transform (STFT) or 

alternatively short-term Fourier transform is a Fourier 

related transform used to determine the sinusoidal frequency 

and phase content of local sections of a signal as it changes 

over time. Simply, in the continuous-time case, the function 

to be transformed is multiplied by a window function which 

is nonzero for only a short period of time.  The Fourier 

transform (a one dimensional function) of the resulting 

signal is taken as the window is slid along the time axis, 

resulting in a two-dimensional representation of the signal. 

Mathematically, this is written as, 

    * ( )+(   )   (   )  ∫  ( ) (   )

∞

 ∞

        

 where w(t) is the window function commonly a 

Gaussian window centered around zero and x(t) is the signal 

to be transformed. X (t,w)is essentially the Fourier 

transform of x(t)w(t-T),a complex function representing the 

phase and magnitude of the signal over time  frequency. 

Often phase unwrapping is employed along either on the 

time axis t and frequency axis w to suppress any 

discontinuity of the phase result of the STFT. The time 

index t is normally considered to be “slow” time and usually 

not expressed in as high resolution as time t.  

 
Fig. 4:Noise wave 

The extra noisy wave added to the input signal is shown in 

fig4. A spectrogram or sonogram is a visual representation 

of the spectrum of frequencies in a sound or other signal as 

they vary with time or some other variable. Spectrograms 

are sometimes called spectral waterfalls, voiceprints or 

voice grams. Spectrograms can be used to identify spoken 
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words phonetically and to analyze the various calls of 

animals. They are used extensively in the development of 

the fields of music, sonar, radar and speech processing etc. 

Spectrograms are usually created in one of two ways: 

approximated as a filter bank that results from a series of 

band pass filter (this was the only way before the advent of 

modern digital signal processing) or calculated from the 

time signal using the FFT. These two methods actually form 

two different time-frequency distributions, but are 

equivalent under some 

 

Fig. 5: Estimated IBM using SVM 

conditions. The band pass filter method usually uses analog 

processing to divide the input signal into frequency bands: 

the magnitude of each filter’s output controls a transducer 

that records the spectrogram as an image on paper. 

 Creating a spectrogram using the FFT is a digital 

process. Digitally sampled data, in the time domain is 

broken up into chunks which usually overlap and Fourier 

transformed to calculate the magnitude of the frequency 

spectrum for each chunk. Each chunk then corresponds to a 

vertical line in the image; a measurement of magnitude 

versus frequency for a specific moment in time. 

 

Fig. 6: De noised output signal 

Final output signal without noise is shown in fig6. It 

contains less MSE(mean square error) rate 

 

Fig. 7: Noise generalization comparisons in terms of SNR                

gain 

IV. CONCLUSION 

Monaural speech separation is a fundamental problem in 

speech processing. Supervised learning algorithms have 

been shown to be effective for speech separation, but a 

major issue for supervised learning is the capacity of 

generalization to unseen conditions, as the training set and 

test set can have dissimilar properties. If this issue is not 

addressed, one cannot expect the trained model to perform 

well in unmatched conditions. This study builds on SVM 

classification. An SVM outputs binary labels according to 

decision values which in essence give a distance measure to 

the decision hyper plane corresponding to the confidence of 

classification.   

To conclude, we aim to design a speech separation 

system that requires minimal training but is generalizable to 

unseen conditions. The proposed system trains SVMs to 

provide initial classification and then uses the rethresholding 

technique to estimate the IBM. To determine the thresholds 

under unseen SNR conditions, we use a distribution fitting 

method. For unseen noise conditions, we use a VAD 

algorithm to produce noise-only frames and determine the 

thresholds from a small development set. Auditory 

segmentation is incorporated to further improve the 

rethresholded mask. The experiments and comparisons show 

that the proposed approach achieves good generalization in 

unmatched conditions. In this system we obtain good SNR 

and low mean square error. For future implementation we 

need to implement this system for de noising the speech 

signals more than one signal simultaneously, so that it 

would be advantageous 
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