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Abstract— Audio signal denoising is one of the major technique in multimedia applications.  It has long been a topic of 
research, yet there is a need for improvement always. There are so many ways to enhance  the signal quality or to reconstruct 
the signal. In this paper two methods namely Empirical Mode Decomposition (EMD) and Discrete Wavelet Transform 
(DWT) are used for  reconstruction/denoising of  audio signals which are corrupted by additive white Gaussian noise. In 
DWT Thresholding is applied to wavelet coefficients of noise corrupted signal, to restore the smoothness of original signal. 
EMD decomposes the noisy signal into amplitude and frequency modulated signals called Intrinsic mode functions(IMF’s) . 
Hard Thresholding of  IMF’s are performed to remove the noise. Performance of both the methods are measured by signal to 
noise ratio(SNR) and mean squared error(MSE). 
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I. INTRODUCTION 
 
Audio signal is an entity  that carries information  and  
it is the most commonly used way for exchanging 
information conveniently . However unavoidably 
audio signals mixes up with noise. Therefore signal 
reconstruction or denoising is an important area of 
consideration. The denoising methods are chosen 
such  that it removes noise while minimizing the loss 
of information. Within the context of random signal 
estimation and reconstruction, methods which are 
commonly used are Maximum entropy (ME) 
principle and the Wiener filter theory. The methods 
using the ME principle are studied by O.S. Jahromi et 
al. [2]-[3]. In maximum entropy theory the power 
spectral density of random signals are estimated using 
maximum entropy interference engine(MEIE) 
algorithm. later MEIE is combined with least mean 
square estimator for signal estimation. Disadvantage 
of  ME principle is heavy computational burden. The 
studies on the Wiener filter theory for a wide-sense 
stationary (WSS)  random signal reconstruction  are 
performed under the leadership of  Therrien[4]. In 
Wiener filter theory linear time varying filter 
coefficients are designed by using Wiener-Hopf 
equations. The coefficients are updated periodically 
to minimize the mean square error. Requirement of 
second order statistics like cross-correlation between 
desired and noisy signal is the demerit in wiener 
filtering of signals. In the proposed work we have 
considered two methods Empirical mode 
decomposition (EMD) and discrete wavelet transform 
(DWT) to overcome  above demerits.                                                                  
DWT is a classical method for signal denoising. In 
Fourier transform(FT), basis functions are sinusoids 
which provides the frequency domain of the   signal. 
Temporal information is not available in FT. To get 
both temporal as well as frequency domain 
information at the same time wavelet transform is 
used, where the basis functions are the small waves 

known as wavelets. Short Time Fourier Transform 
(STFT) also provides time frequency analysis of 
signal, however it often suffers from inability of 
precise temporal localization. Extracting original 
signal from noise corrupted signal  using DWT was 
introduced by Donoho in 1993 . 
A new technique for non-linear and non-stationary 
data analysis has been pioneered  by N.E. Huang  
referred to as Empirical Mode Decomposition 
(EMD)[5]. It is an adaptive decomposition method 
which reduces a non stationary signal into number of  
zero mean amplitude and frequency modulated  
signals called  Intrinsic mode functions’(IMF’s). 
EMD is an highly efficient since it is adaptive and 
signal oscillations are considered at very local level. 
The main advantage of  EMD is that ,there is no need 
of selecting a basis function prior unlike wavelet 
transform.  EMD was effectively used for noise 
removal from noise corrupted signals in a variety of 
applications, such as acoustic signals, Ionospheric 
signals and Biomedical signals. In this paper 
performance of  EMD and DWT is compared for 
audio signal denoising.  

 
II. PROBLEM STATEMENT AND RELATION 
TO PRIOR WORK 
 
A mathematical model for the problem is formulated 
such that an observer sees a signal corrupted by noise 
through a bank of sensors or measurement devices. 
Each sensor produces a measured signal {xi[m] |i = 
0,1,…,M-1}. xi[m] is decimated version of original 
signal d[n].The model used to generate this low rate 
noisy measurement is shown in Fig.1 
 

 
Fig.1. Model for generating the ith noisy low rate signal. 
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The input original high rate signal is given by d[n] , 
and ni[n] represents additive white Gaussian 
noise(AWGN) which is added to original signal d[n].    
Si[n]=d[n]+ni[n]. The low rate noisy output produced 
by sensors is xi[m] where xi[m] = Si[(n-i)Li] . This  
measurements produced by sensors are noisy, time 
shifted and down-sampled versions of d[n]. Li = L=M.  
 
III. DISCRETE WAVELET TRANSFORM 
(DWT) BASED DENOISING 
 
For the analysis of audio signals wavelet transform is 
useful since it represents the signal in both time and 
frequency domain. Using DWT method [6]-[7] a 
signal is decomposed into approximation and detail 
coefficients so as to analyze the signals with different 
resolutions at different frequency bands.  DWT 
employs two functions, called wavelet functions and 
scaling functions, which are associated with high pass 
and low pass filters, respectively.  
The signal decomposition is started by passing the 
input signal through a high-pass and a low-pass filter. 
Detail  coefficients are obtained as output from high-
pass and they are kept as level-1 DWT coefficients. 
Approximation coefficients are obtained as a output 
of low-pass filter and are filtered again for further 
decomposition levels.  The filters used are the 
analysis filters. In order to reconstruct the original 
signal all the coefficients are concatenated starting 
from last decomposition level. Approximation and 
Detail coefficients are filtered with low pass and high 
pass synthesis filter. The procedure is illustrated in 
Fig. 2 

 
DWT Denoising Algorithm 
1. The noisy time shifted and down sampled audio 

signal is given by xi[m]|i=0,1 ,2….L-1. 
2. Two-level DWT is applied to signal xi[m] to 

decompose it into Approximation coefficients 푎n  
and Detail coefficients bn. 

3. The threshold value is computed using universal 
threshold equation 

  푡 = 휎 2 log (푁)                                   (1)                                                   
Where  푁: denotes number of samples  
														휎 : standard deviation of noise. 

4. Hard Thresholding is used to remove noise such 
that 

                    푎 n =
푎 			푖푓	|푎 | > 푡
0				푖푓		|푎 | < 푡   

                                                                   (2)                                

																      푏 n =
푏 			푖푓	|푏 | > 푡
0				푖푓		|푏 | < 푡			 

5. IDWT is applied to reconstruct a denoised signal.   
 Each noise reduced signals are up sampled 
by L and then time shifted by zi. All the zero 
interpolated and time shifted signals are combined in 
a modular way by using a rule  푑[푛] = 	 푑 [푛]| 〈 〉 , 
which is the desired noise reduced high rate signal. 
where 〈푛〉  stands for the common residue of n 
modulo L. Fig.3 shows block diagram of DWT based 
denoising. 
 
IV. EMPIRICAL MODE DECOMPOSITION 
(EMD) BASED DENOISING 
 
EMD is a method of  Recursively breaking down a 
signal into set of oscillatory modes called Intrinsic 
mode functions (IMFs). EMD is also referred as sub-
band signal decomposition ,where each IMF is treated 
as sub-band.  Every IMF consists of  band of  
frequencies. As the order of  IMFs increases the 
degree of frequency decreases. 

 
An oscillating wave is IMF if it satisfies following 
two conditions.                                                 
 a) The number of extrema(maxima and minima) and 
the number of zero crossings must either equal or 
differ at   most by one . 
 b) The local average is zero.  
 

 

 
Fig. 2 Signal decomposition using DWT and reconstruction using IDWT 
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Fig. 3 Block diagram representation for DWT based Denoising. 

 
EMD algorithm for an input signal  푥 [푚]  
Step1: First identify the local extrema in  input signal.          
Step2: Consider two  functions interpolated by local   
            maximum and local   minimum  (upper and    
            lower envelop) . 
Step3:Their average, envelop mean ℎ [푚] will yields   
           the lower frequency component than the    
            original signal.  
Step4: Subtract envelop mean, from the input original   
            signal 푥 [푚],the highly oscillated pattern     
           푐 [푚] is obtained 푐 [푚] = 푥 [푚]− ℎ [푚]. 
Step5: If 푐 [푚] satisfies the IMF condition, then  
           푐 [푚]  is considered as IMF, calculate residue  
           signal 푟[푚] = 푥 [푚]− 푐 [푚]. 푟[푚]	is treated   
            as input signal for calculating next IMF. 
Step6:If IMF conditions are not satisfied by 푐 [푚]     
            then, it is treated as input signal for the next      
            iteration. This process is called sifting   
            process. 
           푥 [푚] = 	∑ 푐( ) [푚] + 푟( )[푚]             (3)                
          	푘 = 1,2,3 … . .푘           
 
In the noisy signal AWGN is present in all the 
frequencies. The first IMF of each noisy signal is 
mainly associated with the AWGN. However other 
IMF’s are also contaminated with noise hence an 
Thresholding is applied for all the IMF’s. 
The threshold value for kth IMF of  ith  noisy signal 
is[8]. 

								푇( ) = 푐 퐸( )2 ln(푀 )                                   (4)                                                                                   

푀  represents the sample number in ith noisy signal. 푐 
represents the multiplication constant. The IMF 
energy 퐸( ) is calculated by                                                                                              

					퐸( ) = , 푘 = 2,3 ….                                 (4a)                                                                                                      

	퐸  is the energy of the 1st IMF and is calculated    
 using 
		퐸 = [푚푒푑푖푎푛(|푐( )[푚]	|	)/0.6745]                 (4b)                                                                                                                       
훽 and 휌 parameters in (4a) depend on number of 
sifting iterations performed in EMD [8]. 
 
Performing Thresholding for kth IMF of  ith noisy 
signal is  

			푐( )[푚] =
푐( )[푚]	, 푐( )[푚] > 푇( )

0,														 푐( )[푚] ≤ 푇( )         (5)                                 

After applying threshold, Inverse EMD is performed 
to obtain a noise reduced signal. 
 	푥 [푚] = ∑ 푐( )[푚] + 푟 [푚]                  (6)                                      
Iterative  EMD interval thresholding algorithm 
1. Apply  EMD to  noisy signal 푥 [푚] and obtain its 

1st IMF 푐( )[푚] . 
2. Partial reconstruction is performed by extracting 

the residue.                          
       		푟( ) = 푥 [푚]− 푐( )[푚] . 
3. Randomly permute the sample positions of the 

first IMF 
        푐 ,

( )[푚] = 푟푎푛푑푝푒푟푚(푐( )[푚])  . 
4. Form a different noisy version of the signal  

푥 , [푚] =		푟( ) + 푐 ,
( )[푚]. 

5. Apply the EMD to the new noisy signal  푥 , [푚]. 
6. Perform the thresholding on the related IMFs of 

signal 푥 , [푚]  to acquire a denoised version 
푥 , [푚]. 

7. Iterate K-1 times the steps 3–6 for obtaining  K 
denoised versions of  푥 [푚]. 

8. Obtain the denoised version of the ith  noisy  
signal  by averaging  the signals obtained in step 
7 by 푥 [푚] = ( )∑ 푥 , [푚]. 

  
Each noise reduced signals are up sampled by L and 
then time shifted by zi. All the zero interpolated and 
time shifted signals are combined in a modular way 
by using a rule  푑[푛] = 	 푑 [푛]| 〈 〉  , which is the 
desired noise reduced high rate signal. 
 
V. SIMULATION RESULTS 
 
The two techniques EMD and DWT are separately 
tested for audio signal reconstruction application 
using Matlab. The audio signal considered here is of  
duration 1.8seconds which is a speech saying ‘hello 
good afternoon’. Sampling frequency of  the signal is 
44100Hz . By using the model in Fig.1 three noisy 
versions of the input audio signal d[n] are generated, 
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where decimation factor is L=3. In the EMD based 
denoising procedure the IMF’s of each noisy signal 
are obtained by fixing the sifting iteration number to 
eight .The 훽 and 휌 parameters are chosen as 0.719 
and 2.01 during IMF energy computation [8]. 
Multiplication constant 푐 is obtained by grid 
searching in the interval[0.1 , 1.4] with the increment 
of 0.1, and then the value of 푐 satisfying the 
minimum normalized mean square error (NMSE) in 
connection with the original and estimated signals is 
found as 0.6; 
In DWT two-level wavelet transform is performed. 
The wavelet type used belongs to Daubechies 
family,’db20’. Hard thresholding based denoising is 
carried. In Fig. (5a) input high fidelity audio signal is 
shown and its three noisy time shifted and down 
sampled signals are shown in Fig. (5b). 
Performance of the two methods EMD and DWT are 
analyzed using the signal to noise ratio of  noisy 
audio signal and reconstructed audio signal. The error 
rate is compared using input and output mean squared 
error(MSE) which is used wide spread for calculating 
signal quality. 

 

 
Fig.(5a)Original signal 

 

 
 

 

 
Fig. (5b) Three noisy versions of  풅[풏]	 in (5a) 

 

 
Fig. (5c) Reconstructed signal using EMD 

 

 
Fig. (5d) Reconstructed signal using DWTs 

 
SNR that compares level of a desired signal 

to the level of background noise is given by                    
               SNR = 10푙표푔	 ∑ [ ]

∑ [ ] [ ]
 

Input MSE is defined as: 
                                    MSE(IN) = 푑[푛]− 푥 [푛]  
 
Output MSE is defined as: 

                                     MSE(OUT) = 푑[푛]− 푑[푛]  
 
Where 푑[푛] is the original high fidelity signal, 푥 [푛] 
is the noisy version of original signal 푑[푛]	is the 
reconstructed signal. N represents the number of 
samples. Reconstructed signal using EMD and DWT 
are shown in Fig. (5c) and Fig. (5d) respectively. 
From the results we can observe smooth curves in 
EMD based reconstruction where DWT does not 
provide satisfactory results. However the 
performance of both the methods comparatively gives 
the similar value of measures (MSE, SNR).  
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Table 1 The SNR and MSE values obtained with 
EMD and DWT for Audio signal. 

 
 

 
Fig. 6 Performance comparison of EMD and DWT in terms of 

SNR.  
 

CONCLUSION 
 
In this paper DWT and EMD are compared for 
reconstructing an audio signal from a set of its noisy 
low rate signal ,without requiring the knowledge of 
any second order statistics. Knowing the Down 
sampling rate alone is sufficient for performing signal 
reconstruction task. In DWT signal is decomposed 

into wavelets where in EMD signal is decomposed 
into set of  IMF’s. Universal hard threshold is applied 
for the decomposed signals in both the methods. 
Simulation results have shown that both the methods 
provide satisfactory performance. 
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