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Abstract— To separate singing voice from music 

accompaniment the original file is segmented and each 

segment is analyzed for its voice content. Different features 

such as Mel-frequency Cepstral Coefficients (MFCCs), Zero 

Crossing Rate (ZCR), Log Frequency Power Coefficients 

(LFPC), Linear Prediction Coefficients (LPC), Pitch, timbre 

etc., are used to detect voice in segments. Again statistical 

classifiers as Support Vector Machine (SVM), Gaussian 

Mixture Model (GMM), Hidden Markov Model (HMM) etc. 

can be used to classify segments as voiced segment to 

separate singing voice. This paper represents some of the 

techniques for singing voice separation. According to their 

performance, specific technique can be selected for 

application.  
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I. INTRODUCTION 

Separated singing voice from music is useful in many 

applications like: Singer Identification, Music Information 

Retrieval Systems (MIR), Lyrics to audio alignment, Music 

Structure Detection (Intro, Verse, Chorus, Bridge, 

Instrumental and Ending), Identify singer characteristics, 

karaoke systems, Identify language etc. Music is indeed an 

art dealing with sound and silence, where sound is singing 

voice along with musical accompaniment or only 

instrumental music. 

In [1] Yipeng Li and DeLiang Wang proposed a 

system to separate singing voice. The system used 

predominant pitch detection method, and then the separation 

stage used the detected pitch to group segments of the singing 

voice. In [2] Chao-Ling Hsu et al. investigated a tandem 

algorithm inspired by computational auditory scene analysis 

(CASA), which estimated the singing pitch and separated the 

singing voice jointly and iteratively. In [3] Yipeng Li et al. 

proposed a sinusoidal modeling-based separation system that 

can effectively resolved problem of overlapping harmonics. 

Their strategy was based on the observations that harmonics 

of the same source have correlated amplitude envelopes and 

that the change in phase of a harmonic is related to the 

instrument’s pitch. In another technique [4] Mathieu Ramona 

et al. proposed a statistical learning approach for the 

automatic detection of vocal regions in a polyphonic musical 

signal. They employed a support vector model, based on a 

large feature set to discriminate accompanied singing voice 

from pure instrumental regions. Also proposed a temporal 

smoothing of the posterior probabilities with a Hidden 

Markov Model (HMM) that helps adapting the segmentation 

sequence to the precision of the manual annotation. Ziyou 

Xiong et al. [5] presented a comparison of six methods for 

classification of sports audio. For the feature extraction they 

chosen: MPEG-7 audio features and Mel-scale Frequency 

Cepstrum Coefficients (MFCC), and for the classification 

Maximum Likelihood Hidden Markov Models (ML-HMM) 

and Entropic Prior HMM (EP-HMM). With six different 

possible methods, each of which corresponds to a 

combination. Their results show that all the combinations 

achieve better classification accuracy combine system 

outperforms the normal system with the improvement of 

about 8%. 

The paper is organised as follows. An overview of 

singing voice separation is given in section II, in that acoustic 

features and statistical classifiers are described. Section III 

provides comparative results of combinations of acoustic 

features and classifier. 

II. SINGING VOICE SEPARATION 

A. Acoustic Features 

1) Mel-frequency Cepstral Coefficients (MFCCs): 

Human auditory system perceives sound logarithmically. The 

Mel-frequency Cepstral Coefficients approximates the 

system response more closely to human audio system. This is 

the reason why MFCC is chosen for singing voice separation. 

In MFCC the frequency bands are positioned logarithmically. 

The MFCC is computed based on short term analysis and 

from each frame a MFCC vector is computed [6] [7]. 

In order to extract the coefficients, the segmented 

sample is taken as the input and windowing is applied to 

minimize the discontinuities of a signal. Then DFT will be 

used to generate the Mel filter bank. According to Mel 

frequency warping, the width of the triangular filters varies 

and so the log total energy in a critical band around the centre 

frequency is included. After warping the numbers of 

coefficients are obtained. Finally, the Inverse Discrete 

Fourier Transformer is used for the cepstral coefficients 

calculation. It transforms the log of the time domain 

coefficients to the frequency domain where N is the length of 

the DFT. MFCC can be computed by using (2.1). 

Mel(f) = 2595 ∗ log10(1 +
f

700
)              (2.1) 

The Fig. 1 shows the steps involved in MFCC feature 

extraction 

 
Fig. 1: Steps involved in MFCC Feature Extraction 

2) Zero Crossing Rate (ZCR): 

Zero-crossing rate is an also used for singing voice 

separation. ZCR of an audio signal is a measure of the number 

of times the signal crosses the zero amplitude line by 
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transition from a positive to negative or vice versa. The 

implementation of ZCR also includes dividing the audio 

signal into temporal segments by using the window function 

as described above and zero crossing rate for each segment is 

computed using the relation as given below [8] [9]. 

z = ∑
|sgn(xi)−sgn(xi−1)|

2N

w
i=1           (2.2) 

Wheresgn (xi) (signum function) indicates the sign 

of the ith samplexi and can have three possible values: +1, 0, 

-1 depending on whether the sample is positive, zero or 

negative. The value for each window is collected to generate 

the ZCR feature vector havingW =
n

w
elements where w is 

window width and N is vector size [10] . 

Z = ⋃ zj                 
w
j=1           (2.3) 

3) Pitch: 

Pitch (Fundamental frequency F0) is related to the frequency 

of the vibration of the air hitting on eardrum, fundamental 

frequency is the first (lowest) harmonic of sound. Musical 

tones have additional harmonics which are multiple of 

fundamental frequency. Therefore, for singing voice 

separation, where the goal is to separate singing voice from 

music accompaniments, these properties are considered. As 

in most cases music is, periodic and strongly correlated to the 

singing voice so use of autocorrelation is suggested [2] [11] 

[12]. 

In response to a periodic signal, the Autocorrelation 

Function (ACF) shows peaks at multiples of the period. The 

‘‘autocorrelation method’’ chooses the highest non-zero-lag 

peak by exhaustive search within a range of lag. If the lower 

limit is too close to zero, the algorithm chooses the zero-lag 

peak. Conversely, if the higher limit is large enough, it 

chooses a higher-order peak. The autocorrelation method 

compares the signal to its shifted self. 

The Autocorrelation Function (ACF) is defined by 

following equation. The ACF of a discrete signal xt is 

definedas: 

rt(Τ) = ∑ xixj + τt+W−1
j=t        (2.4) 

Where rt(Τ) is the autocorrelation function of lag 

Τcalculatedstarting at time index t, where W is the initial 

window size, i.e. the number of terms in the summation. 

B. Classifier 

Classifiers role is to assign the input data represented by their 

features to a number of different categories. Classifier is an 

algorithm with features as input and concludes what it means 

based on information that is encoded into the classifier 

algorithm and its parameters. The output is a class labelled 

segments. 

Knowledge of a classification task can be 

incorporated into a classifier by selecting an appropriate 

classifier type. Classifiers like Gaussian Mixture Model 

(GMM) [2] [13], Hidden Morkov Model (HMM) [5], Support 

Vector Machine (SVM) [4] etc. are mostly used to model the 

feature vectored frames in two classes as voiced and 

unvoiced. 

1) Gaussian mixture model (GMM): 

In Gaussian mixture model (GMM) the Gaussian mixture 

density is a weighted sum of M component densities, as 

follows: 

p(x⃗ |λ) = ∑ pibi(x⃗ )
M
i=1                  (2.5) 

Where x⃗  is a D-dimensional random vector,bi(x⃗ ), i 

= 1, …, M, are the component densities, and pi,i= 1, …, M, 

are the mixture weights. Each component density is a 

Gaussian function 

𝑏𝑖(𝑥 ) =
1

(2𝜋)
𝐷

2⁄ |∑𝑖|
1

2⁄
𝑒𝑥𝑝 {−

1

2
(𝑥 − 𝜇 𝑖)′∑𝑖

−1(𝑥 − 𝜇 𝑖)}    (2.6) 

With mean vector μ⃗ i and covariance matrix ∑i. The 

mixtureweights have to satisfy the constraint ∑ pi = 1M
i=1 . A 

GMM modelwill be built for vocal segments. Resulted 

parameters of the GMM (including values of the mean 

vectors, covariance matrixes and weights) from the training 

procedures are then used to classify voiced frames so as to 

separate singing voice. 

2) Hidden Morkov Model (HMM): 

The HMM is popular statistical tool for modeling a wide 

range of data. In Voice separation, HMM have been applied 

with great success to problem as part of vocal classification. 

The K-means algorithm is also used for statistical and 

clustering algorithm of voice based on the attribute of data. 

The K in K-means represents the number of clusters the 

algorithm should return in the end. As the algorithm starts K 

points known as cancroids are added to the data space. The 

K-means algorithm is a way to cluster the training vectors to 

get feature vectors. In this algorithm clustered the vectors 

based on attributes into k partitions. It uses the k means of 

data generated from Gaussian distributions to cluster the 

vectors. The objective of the k-means is to minimize total 

intra-cluster variance. 

3) Support Vector Machine (SVM) 

A SVM is also a statistical classifier utilized to classify the 

input in different classes. Providing labeled training data 

belonging to one of two classes, an SVM trained to assigns 

new examples into one class or the other, this is also known 

as supervised learning technique. In [4] one-vs-one Support 

Vector Machine with Radial Basis Function kernel is used to 

classify data in two classes. Considering xi is the collection 

of support vectors and k the kernel function, the decision 

function f for a vector x has the following expression: 

f(x) = ∑ yiαik(xi, x) + bi           (2.7) 

The output of the decision function is an unbounded 

value that is not a probability. A sigmoid bisection has been 

proposed in and is now widely used to get probabilistic 

outputs from SVMs: 

p(x) =
1

1+exp (Af(x)+B)
      (2.8) 

The A and B are computed from the distribution of 

the SVM output on a specific training corpus (called 

validation set). The posterior probability is then compared 

with the threshold of 0.5 value for a maximum likelihood 

decision. 

III. COMPARISON 

This review reveals that among the various features MFCCs 

and their derivate, pitch (F0) are the much appropriate 

features to detect singing voice. Other features describing the 

temporal characteristics e.g. ZCR can also be used. As it can 

be observed if multiple features are used, the classification 

efficiency is improved. Therefore, to ensure greater 

efficiency a system may emphasis on use of both temporal 

and spectral features for estimated task. 
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Fig. 2: Singing voice separation accuracy considering 

features 

The table 1 given below provides a way to conclude 

that using spectral (MFCC) as well as temporal (ZCR, Pitch) 

acoustic features along with a statistical classifier for singing 

voice separation gives better result. 

Also statistical classifier based approach offers the 

advantage of being sufficiently general and applicable to a 

wide variety of audio signals, to discriminate the classes 

using the feature set of spectral and temporal domains. 

IV. CONCLUSION 

As revealed, different techniques for singing voice separation 

give own different results. System with one feature and single 

classifier is easy to build and train. But as the number of 

feature increases accuracy increases but training task of a 

classifier also increases. Depending upon application and 

need, proper feature and classifier combinations can be done 

to build system. 

Feature Classifier 
Accuracy 

% 

Ref. 

No. 

Pitch + MFCC GMM 93.00 [1] 

Pitch (F0) GMM 90.00 [2] 

MFCC HMM 82.00 [4] 

ZCR+F0+MFCC HMM 71.8 [4] 

MFCC SVM 
75.00-

78.00 
[14] 

MFCC+LPC+LPFC SVM 
84.00-

93.47 
[14] 

MFCC+LPC+LPFC GMM 78.80 [15] 

Pitch + MFCC HMM 78.00 [15] 

MFCC GMM 84.10 [16] 

MFCC, ZCR SVM 73 [17] 

MFCC + ZCR + 

Pitch 
GMM 88.59 [18] 

Table 1: Singing Voice Separation Accuracy Combining 

Different Feature and Classifier 
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