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Abstract: This paper presents a study of a singer identification 

system using the signal spectral subtraction enhancement 

technique and artificial neural network. Signal spectral 

subtraction enhancement is a signal processing technique widely 

used for eliminating the background noise from sound signals. 

In the present study, the spectral subtraction technique is 

applied to the singer signal enhancement with background 

music. To compare the proposed speech enhancement algorithm, 

spectral subtraction, multi-band spectral subtraction and 

non-linear spectral subtraction are used and compared in this 

experimental investigation. In the signal classification stage, the 

post-processing features of signals are used as input information 

to a generalized regression neural network (GRNN) classifier 

for singer identification. The experimental result indicates the 

proposed singer identification is effective and has satisfactory 

performance.  
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I. INTRODUCTION 

With the progress of information techniques, digital signal 

processing has gradually become an important area of 

information application. Digital music has also become 

popular because of the general public’s liking for CDs and 

MP3s that can be downloaded from the internet. However, the 

amount of music data has increased and the types of songs 

have become more varied. The sheer range of songs has made 

it more difficult for listeners to find the music they want. 

Therefore, music catalog search has become very important. 

Commonly used classification methods include the melody 

[1], instruments [2] and genre [3]. In recent years, some 

luxury or intelligent vehicles have gradually joined the music 

search function in a vehicle multimedia system. Simplifying 

the instrument panel and interface to rapidly search for music 

are important goals. Reducing the need for touch panels 

improves driving safety. Thus, a singer identification system 

is proposed in the present study.  

The song tracks facilitate fast retrieval and summary. 

Suppose a certain singer released a new album just a few steps 

can be completed quickly category song. However, speech 

recognition is not entirely flawless. The impact of background 

noise is the biggest factor in speech recognition rates. As the 

noise level increases, the recognition rate decreases [4]. In the 

previous study, it is assumed there was a no noise 

environment and a pure voice signal was analyzed [5]. 

However, in reality, the effect of background noise is very 

significant. In communication systems, echo and noise affect 

communication quality. Echo cancellation using adaptive 

filters can improve communication quality. When there is 

echo cancellation, background noise must also be considered. 

Adaptive filter algorithms, such as the Kalman filter [6], 

Wiener filter [7], and least-mean-square (LMS) algorithm [8] 

have been proposed for echo cancellation.  

The LMS algorithm is a well-known adaptive algorithm 

because of the significant feature of its adaptive property, 

which is important in practical applications. The LMS 

algorithm is simple, has an easy to follow process, and 

requires less calculation. It is widely used in many 

applications. Unfortunately, the LMS algorithm in the time 

domain has slow convergence. However, spectral subtraction 

in the frequency domain is an effective method for speech 

enhancement. The spectral subtraction algorithm is simple, 

rapid, requires less calculation, and obtains a higher signal 

noise ratio (SNR). However, the process of spectral 

subtraction will produce a music background noise problem. 

To eliminate the music background noise problem, many 

studies have proposed various algorithms such as multi-band 

spectral subtraction [9], non-linear spectral subtraction [10]. 

Spectral subtraction is a simple, effective and quick. For the 

above reasons, this method is adopted in the present study.  

Speech is a time-varying signal where the frequency 

changes with time. In traditional techniques, the sound 

features are usually obtained by fast Fourier transform (FFT) 

or short time Fourier transform (STFT) [11]. However, these 

methods lose some information in the time domain while the 

signals are converted into the frequency domain. Research 

has been done using the wavelet decomposition method to 

analyze speech signals [12]. The speech feature parameters 

can be energy, fundamental frequency and resonance peak. 

Present in speech recognition, often extracting acoustic 

feature methods are linear prediction cepstrum coefficients 

(LPCC)[13] and Mel-frequency cepstrum coefficients 

(MFCC) [14]. LPCC and MFCC are signals from the time 

domain used in frequency domain analysis. MFCC simulates 

the human ear's auditory model. Speech output through the 

filter transforms it into acoustic characteristics. MFCC has 

two advantages compared with LPCC. First, voice signals are 

mostly concentrated in the low-frequency part. This is useful 

because high-frequency voice signals pick up interference too 

easily. MFCC emphasize low-frequency voice messages and 

mask noise. Second, MFCC does not require any 

assumptions, so it can be used in every kind of environment. 

Therefore, this method is used to extract the speech signal 

characteristics. 
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The neural network for recognition has been reported in 

recent years in many applications. It has been widely applied 

in data analysis and signal classification. Neural architecture 

stems from the understanding of the human nervous system. 

The current neural network is composed of many non-linear 

operations units. These units are usually based on parallel and 

distributed design for computing. It can process a huge 

amount of information at the same time. In the present study, 

the general regression neural network (GRNN) is used in 

sound signal classification. GRNN has some advantages such 

as rapid learning, stability, and a few artificially selected 

parameters. In the following sections, the proposed methods 

and performance of the singer identification system will be 

described. 

II. PRINCIPLE OF SPEECH ENHANCEMENT ALGORITHM 

A. Spectral Subtraction-SS 

Spectral subtraction is a noise reduction technique used in 

signal processing. Since Boll [15] first proposed this method, 

many different variations of spectral subtraction have been 

proposed [16]. Assuming y(t) is a noisy input signal which 

includes the clean speech signal s(t) and uncorrelated additive 

noisy signal d(t), the resulting corrupted speech can be 

expressed as: 

               y(t)=s(t)+d(t)                                             (1) 

The power spectrum of the noisy signal can be approximately 

written as: 

                222
kdksky                               (2) 

 

Because the additive noisy spectrum d(k) cannot be directly 

obtained, a time average of the power spectrum  kd̂  is 

calculated during periods of silence. The modified speech 

spectrum can be written as: 

          
     

222 ˆˆ kdkyks 
                                 (3)  

An important variation of spectral subtraction was proposed 

by Berouti et.al [17]. To minimize the residual music noise, 

this proposed could be expressed as: 
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222 ˆˆ kdkyks 
                              (4)  
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where   is an over-subtraction factor function of the noisy 

signal-to-noise (NSNR) and calculated as: 

          dBSNRdBSNR 205
20

3
0         (6) 

 

In Eq.(5), the spectral floor   prevents the spectral 

components of the enhanced spectrum from falling below the 

lower value, 
 

2
ˆ kd

. 

B. Multi-Band Spectral Subtraction-MBSS 

In real environments, the noise spectral is not uniform for all 

frequencies. This account for the fact colored noise affects 

the speech spectrum differently at different frequencies. 

According to Eq.(4), the speech spectrum is divided into N 

non-overlapping bands. The estimate of the speech spectrum 

in the thi  band is obtained by 

               
222 ˆˆ kdkyks iiii                                    (7)  

The over-subtraction factor 
i  is a function of the segmental 

iNSNR  of the i th frequency band. 
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where 
ib  and 

ie  are the beginning and ending frequency bins 

of the thi  frequency band. The over-subtraction factor 
i  may 

be calculated as      
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where 40   is the desired value at 0 dB 
iNSNR  and floor 

parameter was set to  =0.002. 

C. Non-linear Spectral Subtraction-NSS 

Non-linear spectral subtraction can be expressed in terms of a 

filter operation,   

     kykHks iii ˆ                                      (10) 

where  kH i
 depends on a smoothed estimate of the noisy 

speech magnitude spectrum  kyi
 , and nonlinear subtraction 

term,  ki , 

           
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The subtraction term,  ki  is given by 
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 ,   is a constant scaling factor dependent 

on the range of  ki . For practical purposes, the dynamic 
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range of  ki  is limited from 1 to 3 times the smoothed noise 

magnitude estimate (i.e.,      kdkkd ii
 3 ) and a 

noise-flooring operation is utilized. 

III. PRINCIPLE OF VOICE SIGNAL FEATURE EXTRACTION  

A. Mel-frequency cepstrum coefficients and normalization 

In speech recognition, linear prediction cepstrum coefficients 

and Mel-frequency cepstrum coefficients are both acoustic 

feature methods in many applications The MFCC is the most 

popular method for speaker identification and is often used to 

extract the acoustic characteristics of a person. In recent 

years, MFCC has also been used for speech recognition [18, 

19]. A diagram of the MFCC design is shown in Fig. 1. The 

Mel filter banks (MFB) that primarily within the Basiler 

Menbrane in a simulated human ear to listen to learn to 

stimulate nerve transfer process. This is an important part of 

MFCC. The present study uses 39 dimensions of MFCC 

coefficients which contain 12 MFCCs, the 1st log energy, and 

the 1st and 2nd differential. The results indicated M represents 

the dimensions and N is the coefficients for each dimension. 

Details of the parameter settings are shown in Table 1. In the 

experiment, the recording volume level and recording time 

affect the identification results. The normalization 

post-processing is implemented. The calculation of the 

post-processing procedure is as follows: 

  391
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The above post-processing procedure 
iA  is a vector of each 

dimension, and avg and std are the mean and standard 

deviation, respectively. To understand the differences 

between different singers, the same condition is assumed to 

analyze the voice of three singers. Fig.2 shows the major 

difference between the characteristics of the three singers 

from 3 to 8 dimensions. Only three dimensional feature 

vectors are required for the calculation. Therefore, less 

feature vector space is required and the amount of 

computation is less. 

 
Fig 1. Mel-frequency cepstrum coefficients block diagram 

 
(a) 

 
(b) 

 
(c) 

Fig 2. Difference in the MFCC feature of the three singers: 

(a) Singer 1 (b) Singer 2 (c) Singer 3 

 

Table 1. Mel-frequency cepstrum coefficients settings  

 

B. Zero crossing rates 

The zero-crossing rate (ZCR) is one of the basic acoustic 

features that can be easily calculated. The waveform of the 

voice signal can be a zero-line, and the amplitude above the 

zero-line will be positive, otherwise it is negative. The unit 

time is the number of times across the zero-line is frequently 

that presents waveform swing intensely. Calculation of the 

number of times across the zero-line in a frame leads to the 

obtaining of the zero crossing rates.  

               



m

Nmn

nsnx
N

ZCR
1

1sgnsgn
2

11           (17) 
 

where  sgn  is a sign functions. The amplitude of the 

opposite two adjacent signals has a value of 1, otherwise the 

value is 0. In Fig. 3, the blue line represents the original 

speech signal and the red line is a voice signal for the zero rate 

curves. In general, the ZCR of both the unvoiced sounds and 

environment noise are larger than the voiced sounds (which 
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has observable fundamental periods). Some research used 

ZCR for fundamental frequency estimation, but it is highly 

unreliable unless the procedure is further refined. 

 

C.  Short time energy  

In the speech features, the sound intensity changes and 

intensity waveforms swing are two useful features. In Fig. 4, 

the blue line represents the original speech signal and the red 

line is a voice signal for the short time energy curves. Usually, 

the following formula is used to calculate sound intensity.    

             



m

Nmn

x mnf
N

mS
1

2

int ,
1  

(18) 

m is the frame position and 1/N is the time averaging. In fact 

intS  represents the power. Since there is a fixed length frame, 

N is a constant that can be eliminated. Eq. (18) can be 

rewritten as: 

             
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Fig 3. Zero crossing rate curve   

 

Fig 4. Short time energy curve 
 

IV. PRINCIPLE OF THE GENERAL REGRESSION NEURAL 

NETWORK 

The general regression neural network (GRNN) evolved from 

the probability neural network (PNN) as a method of 

supervised learning. GRNN was widely applied to many 

recognition tasks. GRNN is a one-pass learning algorithm 

with a highly parallel structure. It has the advantages of fast 

learning and convergence to the optimal regression surface 

where there is a large number of samples. GRNN can be 

divided into four layers: input layer, pattern layer, summation 

layer, and output layer. The input layer is an input unit 

providing all of the measured values to the pattern layer. Each 

pattern unit represents a training example. When a new input 

vector is put into the network, it can be subtracted with 

training examples. The square difference between the two 

values will be summed and the non-linear function will be 

entered. However, the two output values are 
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of the summation layer, respectively. The 

estimates  xY  can from be obtained from the output layer  
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(20) 

V. EXPERIMENTAL WORK AND RESULTS 

To estimate the proposed singer identification system, 

experiments are performed to measure the sound signals for 

various singers and background noise conditions. Fig.5 is the 

experimental structure of the automatic singer identification 

system. All signals are recorded in a laboratory environment. 

Since the volume and length of recording time affect the 

recognition rate, all the recording signals must carry out 

pre-processing steps after recording. There are 20 individual 

singers with 10 males and 10 females singing for five seconds 

each. Each song was repeated 10 times. Details of the 

experimental parameters are summarized in Table 2. For 

simplifying the experimental conditions, not losing the 

background music of choice was based on two conditions. 

The first was a single instrument accompaniment of music and 

the second was a personal solo.  

The music data in our experiments were collected from 

commercial audio CDs at a 44.1 kHz sample rate, and 16 bits 

per sample in stereo. The background noise could be divided 

into two types. One was musical accompaniment and the other 

one was Gaussian white noise. The musical accompaniment 

condition could be divided into three levels: level_1 (80 db), 

level_2 (90 db) and level_3 (100 db). On the other hand, for 

the Gaussian white noise conditions, use of the signal to noise 

ratio (SNR) as the basis divided the noise into three different 

levels: (10 db), (20 db) and (30 db). According to the above, 

pre-processed data and input are used for our proposed 

automated singer identification system. Fig. 6 shows the 

signal analysis block diagram. The overall analysis 

framework includes three parts. The pre-processed data 

undergo speech enhancement and then feature extraction by 

MFCC. Finally, the neural network is used to categorize the 

singer. In the experiment for the musical accompaniment 

noise condition, if only eigenvalues of MFCC were used, the 

results were not good. Therefore, this study added the zero 

crossing rate and short-time energy of the two eigenvalues. 

This is because one segment had a noisy signal, and noise and 

unvoiced sounds have lower energy and higher ZCR than 

vowels. Therefore, the recognition rate by the ZCR and STE 

was increased.  

This section also evaluates the proposed speech 

enhancement algorithm by comparing its performance with 

that of spectral subtraction (SS), multi-band spectral 

subtraction (MBSS), and non-linear spectral subtraction 

(NSS). Fig. 7 shows the same singer and the same song using 

different analyses of the spectrum subtraction. MBSS could 

retain the characteristics of the voice signals however, there 

was relatively less noise reduction. NSS noise reduction 

clearly lost some characteristics of the speech signal, such as 
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vibrato sounds. The recognition rates in various levels of 

background noise (Gaussian white noise) conditions are 

summarized in Table 3 and Table 4. It is shown non-linear 

spectrum subtraction has a better recognition rate than the 

other two. The results of the recognition rate for various 

background music (musical accompaniment) conditions are 

summarized in Table 4 and Table 5. It is shown the 

multi-band spectral subtraction has a better recognition rate 

than the other two. In the experiment, pure speech can achieve 

a 92% recognition rate and is summarized by the results in the 

tables (3) to (6), the noise increased the recognition rate is 

relatively lower. 

 
Fig 5. Experimental structure of system. 

 

 
 

Fig 6. Signal analysis block diagram. 

 

 
Fig 7. Comparison of three types of speech enhancement: 

(a) without enhancement (b) SS (c) MBSS (d) NSS 

 

Table 2. Experimental parameters set 

 

 
 

Table 3. Recognition rates of background noisy for male 

 
Table 4. Recognition rates of background noisy for female  

 
Table 5. Recognition rates of background music for male 
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Table 6. Recognition rates of background music for female 

   

VI. CONCLUSION 

This paper presents a singer identification system using the 

signal spectral subtraction enhancement technique and 

artificial neural network. The experimental results show the 

proposed system with various spectrum subtraction 

algorithms can achieve an acceptable recognition rate in 

different conditions and different types of background noise. 

For the background noise conditions, NSS has a better 

recognition rate than the other two. However, under the 

background music conditions, MBSS has a better recognition 

rate than the other two. The proposed system use only 6 to 8 

dimensions of the feature coefficients, reducing the feature 

vector space and a lot of the computation. Overall, the 

proposed singer identification system is effective and the 

performance is satisfactory.  
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