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Introduction 

Audio denoising aims at attenuating the noise while 
retaining the underlying signals. For audio denoising, 
diagonal thresholding estimators of spectrogram 
coefficients produce a “musical noise” that degrades 
audio perception. Removing noise from audio signals 
requires a nondiagonal processing of time-frequency 
coefficients to avoid producing “musical noise”. A 
nondiagonal audio denoising algorithm through 
adaptive time -frequency block thresholding is 
introduced which produces hardly any musical noise 
and improves the SNR compared to diagonal 
estimation procedure .The time-frequency audio 
denoising algorithms perform a parameterized 
filtering of spectrogram coefficients with empirically 
fixed parameters.Time-frequency audio denoising 
procedures compute a short-time Fourier transform 
(STFT) of the noisy signal and processes the resulting 
coefficients to attenuate the noise. The STFT is 
invertible, that is, the original signal can be recovered 
from the transform by the Inverse STFT. 

In non-diagonal time-frequency block thresholding 
procedure, spectrogram coefficients are grouped 
into blocks to compute attenuation factors. This 
block grouping regularizes the estimation which 
removes musical noises. The block size is adapted to 
the signal properties. An adaptive block threshold no 
diagonal estimation procedure described, adjusts all 
parameters adaptively to signal property by 
minimizing a Stein estimation of the risk. The 
adaptive block threshold procedure gives best signal. 
Audio signal processing is the intentional alteration 
of auditory signals, or sound. Our current audio 

denoising efforts started with the challenge to try to 
recover as much as possible from a totally corrupted 
audio signals. Although audio denoising is extremely 
desirable in many applications, it is a very difficult 
problem. 

Need For Audio Denoising 

Audio signals are often contaminated by background 
environment noise and buzzing or humming noise 
from audio equipments. Musical noise signals are 
non-stationery signals whose frequency varies. The 
audio signal range is 20 Hz to 20 KHz. It is a fact that 
audio signals (both speech and music) are generally 
not stationary and they cannot always be said to be 
stationary over each of set intervals of time. 

It is non-informative and plays the role of sucking 
the intelligence of the original signal. Any kind of 
processing of the signal contributes to the noise 
addition. Hence to regenerate original signal, it is 
tried to reduce the power of the noise signal or in 
the other way, raise the power level of the 
informative signal, which leads to improvement in 
the signal to noise ratio (SNR). There are several ways 
in doing it and here the focus is on audio denoising 
by time frequency block thresholding. 

The signal is corrupted by random white Gaussian 
noise. The content of noise present in the musical 
noise signal is reduced using an adaptive block 
thresholding nondiagonal estimation procedure by 
processing the time-frequency coefficients.  

The technique is mainly a two way process. The first 
step is to consider a given portion of a time-domain 
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audio signal; the short-time transform will ideally 
break it up into intervals of frequency or time where 
the signal is likely to be relatively stationary. The 
remaining coefficients corresponds to noise, and can 
be adjusted with the aim of reducing the noise 
content upon transformation back to the time 
domain. The short-time Fourier representation is well 
suited for analyzing stationary parts of signals. Short-
time Fourier, whose atoms have a fixed scale, is the 
most popular time-frequency representation for 
audio signal processing. Ephraim and Malah 
proposed some noise suppression rules, together 
with a decision-directed recursive estimator of the a 
priori signal-to-noise ratio (SNR), that efficiently 
reduce the musical noise. Ephraim and Malah’s 
minimum mean-square error log-spectral amplitude 
estimator (MMSE-LSA) in diagonal estimation 
technique is used.  

The second step is an attempt made to estimate the 
non-diagonal estimation of an adaptive block 
Thresholding .The hard or soft thresholding 
technique is a powerful non-linear estimator. 
However, its direct application in audio signal 
denoising is problematic, as it creates some noise. 
Some improvement may be achieved through more 
thresholding functions .We study the block size and 
the thresholding level in time-frequency signal 
representations. 

Methods for Audio Denoising 

Audio signals are often contaminated by background 
environment noise and buzzing or humming noise 
from audio equipments. Audio denoising aims at 
attenuating the noise while retaining the underlying 
signals. 

Diagonal time-frequency audio denoising algorithms 
attenuate the noise by processing each window 
coefficient independently, with empirical Wiener, 
power subtraction or thresholding operators. The 
basic methods of audio denoising are “Elimination of 
the musical noise phenomenon with the Ephraim and 
Malah noise suppressor” and “Audio signal denoising 
with adaptive block attenuation”.  Depending upon 
the SNR considered, the Audio Denoising techniques 
are basically divided in to  

 Diagonal Estimation Techniques 

 Nondiagonal Estimation Techniques 

 

A) Diagonal Estimation 

Simple time-frequency denoising algorithms 
compute each attenuation factor only from the 
corresponding noisy coefficient and are thus called 
diagonal estimators. These algorithms have a limited 
performance and produce a musical noise. In 
Diagonal Estimation the Posterior SNR is considered. 
Posterior SNR is the SNR of the Audio Noisy 
Signal.The SNR Signal-to-Noise-Ratio(S/N) is a 
technical term used to characterize the quality of 
signal .It is expressed as ratio or factor in units of 
decibels [dB], given by Eq. (1) 

Ratio [dB] = 20.log (ratio)            ......………Eq. (1) 

Diagonal estimators of the SNR are computed from 
the a posteriori SNR. The attenuation factor of these 
diagonal estimators only depends upon noisy 
coefficients with no time-frequency regularization. 
The resulting attenuated coefficients thus lack of 
time-frequency regularity. It produces isolated time-
frequency coefficients which restore isolated time-
frequency structures that are perceived as a musical 
noise. 

B) Non Diagonal Estimation 

To reduce musical noise as well as the estimation 
risk, several authors have proposed to estimate a 
priori SNR with a time-frequency regularization of 
the posteriori SNR.Resulting attenuation factors thus 
depend upon the data values in a whole 
neighborhood of and the resulting estimator is said 
to be nondiagonal.Some of the Non Diagonal 
estimation techniques are p-point uncertainty model 
and Block thresholding (BT).  

The comparison of the above mentioned methods, 
achieved by considering their performance on 
standard musical signal. In this thesis, performance 
of Mozart, speech, & limit Signal with different SNR 
values is done. “Mozart” is a musical excerpt that 
contains relatively quick notes played by a solo oboe. 
Mozart Signal is sampled at 11 kHz. The Mozart 
Signal is   corrupted by Gaussian white noise of 
different amplitude. Short-time Fourier transform 
with half-overlapping windows was used in the 
experiments. These windows are the square root of 
Hanning windows of size 50 ms for “Mozart 
signal”.The basic steps followed to denoise the 
musical noise signal are as shown in the following 
block diagram.  



 

Fig-1: Block Diagram of Denoising Musical noise 
signal. 

Algorithm for Diagonal estimation using MMSE-
LSA estimator procedure: 

1. Estimate the initial silence period for estimating 
initial noise parameter. 

2. Apply overlap add method. 

3. Consider initial noise power spectrum mean and 
variance. 

4. Calculate magnitude spectrum distance. 

5. Determine posterior SNR. 

6. Apply decision directed method for a priori SNR 
and determine log spectral MMSE. 

7. Determine reconstructed time domain signal. 

8. Obtain denoised signal.   

9. Compare the SNR of the musical noise signal 
and the denoised signal. 

Algorithm for Nondiagonal estimation using 
Adaptive time-frequency Block Thresholding 
procedure: 

1. Determine the SNR of the musical noise signal. 

2. Apply Hanning window. 

3. Apply half overlapped window 

4. Apply STFT. 

5. Determine Block size by considering Stein 
Unbiased Risk Estimator. 

6. Apply Block Thresholding. 

7. Apply inverse STFT. 

8. Obtain denoised signal. 

9. Compare the SNR of the musical noise signal 
and the denoised signal. 

Short Time Fourier Transform 

The short-time Fourier transform (STFT) 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. The Fourier transform 
assumes the signal is analyzed over all time of an 
infinite duration. This means that there can be no 
concept of time in the frequency domain, and so no 
concept of a frequency changing with time. 
Mathematically, frequency and time are orthogonal 
cannot mix one with the other. But we can easily 
understand that some signals do have frequency 
components that change with time. A piano tune, for 
example, consists of different notes played at 
different times or speech can be heard as having 
pitch that rises and falls over time. The Short Time 
Fourier Transform (STFT) tries to evaluate the way 
frequency content changes with time.  

STFT converts the signal from time domain to time-
frequency domain. It gives spectral components. 

Time frequency audio denoising 

A time- frequency audio- denoising procedure 
compute a short-time Fourier transform of the noisy 
signal, and processes the resulting coefficients to 
attenuate the noise. These representations reveal the 
time-frequency signal structures that can be 
discriminated from the noise.  

The audio signal ƒ is contaminated by a noise that is 
often modeled as a zero-mean Gaussian process 
independent of ƒ: 

y[n]=ƒ[n]+ε[n],n=0,1,….,N-1. ………….….(2) 

where,  

y[n] - Audio Noisy signal,ƒ[n] - Audio Signal 

ε[n] - Noisy signal. 

A time-frequency transform decomposes the audio 
signal over time-frequency localization indices. The 
resulting coefficients shall be written as 
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Where, * denotes the conjugate and l & k are time 
and frequency localization indices. 

These transforms define a complete and often 
redundant signal representation. Suppose that these 
time-frequency atoms define a tight frame, which 
means that there exists A>0 such that  
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This implies a simple reconstruction formula, 
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The constant A is a redundancy factor and if A =1 
then a tight frame is an orthogonal basis. 

A denoising algorithm modifies time-frequency 
coefficients by multiplying each of them by an 
attenuation factor to attenuate the noise component. 
Time-frequency denoising algorithms differ through 
the calculation of the attenuation factors a [l, k].The 
noise coefficient variance is supposed to be known 
or estimated. 

σ2[l,k]=E{|‹ε,gl,k›|} …….................... . (6) 

Hanning Window 

Windowing of a simple waveform causes its Fourier 
transform to have non-zero values (commonly called 
spectral leakage) at frequencies other than ω. It 
tends to be worst (highest) near ω and least at 
frequencies farthest from ω.  If there are two 
sinusoids, with different frequencies, leakage can 
interfere with the ability to distinguish them 
spectrally. If their frequencies are dissimilar, then the 
leakage interferes when one sinusoid is much smaller 
in amplitude than the other. That is, its spectral 
component can be hidden by the leakage from the 
larger component. That tradeoff occurs when the 
window function is chosen. The Hanning and 
Hamming windows, both of which are in the family 
known as "raised cosine" windows, are respectively 
named after Julius von Hanning and Richard 
Hamming. The term "Hanning window" is sometimes 
used to refer to the Hanning window.  Hanning 
window smoothens the transmission of a window in 

speech signal. It reduces the ripples to the maximum 
extent. The Hanning window function is given by              
( ) 0.5 1 cos2 ,0

n
n n N

N
          

………..(7)                     

The Window length is L=N+1.     

The performance of Hanning window is given by the 
width of main lobe and magnitude of the side lobe. 
The width of main lobe in window spectrum is 8п/N 
and the maximum sidelobe magnitude in window 
spectrum is fixed at -41dB.    In hanning window the 
main lobe width is same as other window techniques 
but the magnitude of side lobe is reduced to the 
maximum possible extent. So hanning window is 
preferable.  If Fourier transform is applied to a non-
stationery signal, it results in occurrence of more side 
lobes. To reduce the no. of side lobes “Hanning 
Window” is used in STFT. The main advantage of 
windowing is that it is reasonably straight forward to 
obtain minimal computational effort and number of 
side lobes will be reduced. A Hanning window has 
continuous derivatives. A normalized Hanning 
window has a sharper transition. It has the advantage 
of generating a tight frame STFT.  

Thresholding Types 

Thresholding gives amplitude separation. To well 
separate signal and noise, thresholding is used. The 
purpose of a filter is for frequency separation and 
frequency signal restoration. So for amplitude 
separation thresholding is used. Depending upon the 
type of noise present in the signal, the thresholding 
is determined basically in two forms are 

 Soft Thresholding 

 Hard Thresholding 

In Soft thresholding the coefficients which are within 
the Threshold value are consider as zero and subtract 
the Threshold value from the coefficients which are 
above the Threshold value. Depending upon the 
changes in the noise signal threshold value will 
change in soft thresholding. 

In Hard Thresholding, the coefficients which are 
within the Threshold value are consider as zero and 
the coefficients which are above the Threshold value 
remain same and are considered as actual 
coefficients of the signal. In hard thresholding the 
threshold value is fixed. The basic difference between 



 

the Soft Thresholding and Hard Thresholding is as 
shown below with an example. 

       

 

Fig -2: Thresholding techniques; (a) hard ;(b) soft 
thresholding.  

A.   Threshold Limits 

Many methods for setting the threshold have been 
proposed. The most time-consuming way is to set 
the threshold limit on a case-by-case basis. The limit 
is selected such that satisfactory noise removal is 
achieved. Two rules are generally used for 
thresholding the coefficients (soft/hard 
thresholding). Hard thresholding sets zeros for all 
wavelet coefficients whose absolute value is less than 
the specified threshold limit. In this study, we adopt 
the hard thresholding method.  

a) Derivation of Time-Frequency Block 
Thresholding Algorithm 

To reduce musical noise as well as the estimation 
risk, several authors have proposed to estimate a 
priori SNR ξ[l,k] with a time-frequency regularization 
of the posteriori SNR.  γ[l,k]. Resulting attenuation 
factors a[l , k] thus depend upon the data values 
Y[l',k'] for ( l' , k' )   in a whole neighborhood of and 
the resulting estimator is said to be nondiagonal and 
ig given by,   

,,
ˆ[ ] (1/ ) [ , ] [ , ] [ ]l kl k
f n A a l k Y l k g n  …Eq.(8) 

Ephraim and Malah have introduced a decision-
directed SNR estimator obtained with a first order 
recursive time filtering: 

ˆ ˆ[ , ] [ 1, ] (1 )( [ , ] 1)l k l k l k        ….Eq.(9) 

In nondiagonal Estimation we consider priori SNR. 
Pre SNR is the SNR of Audio signal. Nondiagonal 

estimators clearly outperform diagonal estimators 
but depend upon regularization filtering parameters. 

b) Stein Unbiased Risk Estimate (Sure)  

A time-frequency block thresholding estimator 
regularizes estimation by calculating a single 
attenuation factor over time-frequency blocks. The 
signal estimator f̂  is calculated from the noisy data 
y with a constant attenuation factor a i over each 
block Bi 
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 To understand how to compute each a i, one relates 
the Stein estimation risk,r =E { ||ƒ- f̂ ||2} to the frame 
energy conversion and given by, 
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Eq.(11) 

Since Y[l,k] = F[l,k] + ε[l,k]  one can verify that the 
upper bound is minimized by choosing  

 a i  = 1 -  1/(ξ i + 1 ). ……..             Eq.(12) 

A block thresholding estimator can be interpreted as 
a nondiagonal estimator derived from averaged SNR 
estimations over blocks.   

B.  Adaptive Block Thresholding 

A block thresholding segments the time -frequency 
plane in disjoint rectangular blocks of length L i in 
time and width W i  in frequency. In the following by 
“block size” we mean a choice of block shapes and 
sizes among a collection of possibilities. The adaptive 
block thresholding chooses the sizes by minimizing 
an estimate of the risk. The risk E {||ƒ-ƒ'||2} cannot be 
calculated since ƒ is unknown, but it can be 
estimated with a Stein risk estimate. Best block sizes 
are computed by minimizing this estimated risk. 

2 2Pr { }ob   is the probability to keep a 
residual noise.. Adjusting λ and the block sizes B≠can 
be interpreted as an optimization between the bias 
and the variance of our block thresholding 
estimator.The parameter λ is set depending upon B≠ 

by adjusting the residual noise probability. 

 



 

2 2Pr { }ob     ………… .Eq.(13) 

The probability δ is a perceptual parameter. Some 
specifications about choice of parameters are 
discussed below. 

a) Choice of Block 

We group time-frequency contiguous short-time 
Fourier coefficients in disjoint rectangular blocks.The 
block size is B#

i
 = Li X Wi, where Li and Wi, are 

respectively the block length in time and the block 
width in frequency. 

For simplicity, lengths Li = 8, 4, 2 and widths Wi = 16, 
8, 4, 2, 1 will be used (the unit being the time-
frequency index in spectrogram).  

b) Choice of Thresholding Level λ 

Given a choice of block size and the residual noise 
probability level δ that one tolerates, the 
thresholding level λ .For each block width and length, 
λ is estimated using “Monte Carlo simulation“.  

The partition of macro blocks in to blocks of different 
sizes is as shown below: 

Frequency                         

Time  

Fig - 4: Partition of macro blocks 

The adaptive block thresholding chooses the sizes by 
minimizing an estimate of the risk. The risk cannot be 
calculated since is unknown, but it can be estimated 
with Stein risk estimate. The adaptive block 
thresholding groups coefficients in blocks whose 
sizes are adjusted to minimize the Stein risk estimate 
and it attenuates coefficients in those blocks.                

Performance Comparision 

The below table compares the performance of 
Minimum Mean Square Error Log Spectral Amplitude 
Estimation algorithm  by using  Decision Direct 
method (MMSE-LSA-DD) and Block Thresholding 

(BT)algorithm in terms of SNR .From the below 
comparison we can conclude that the residual noise 
masks the musical noise. .The performance of Block 
Thresholding of Mozart, speech, & timit Signal for 
different SNR values is shown in the below table. 

Table 1: Performance of BT for AUDIO signal with 
different SNR. 

SNR BT LSA PS 

Mozart 
5dB 

14.90dB 7.6285dB 7.5143dB 

Speech 
10dB 

16.13dB 13.5086dB 13.2488dB

Timit  5dB 13.90dB 0.35 dB 2.11dB 

Timit 10dB 15.73dB 6.64dB 7.74dB 

Timit 15dB 16.21dB 11.10dB 11.13dB 

 

Conclusion 

Non diagonal time-frequency estimators are more 
effective than diagonal estimators to remove noise 
from audio signals because they introduce less 
musical noise. These nondiagonals estimators are 
derived from a time-frequency SNR estimation 
performed with parameterized filters applied to 
time-frequency coefficients. This paper introduces an 
adaptive audio block thresholding algorithm that 
adapts all parameters the time-frequency regularity 
of the audio signal .The adaptation is performed by 
minimizing a stein unbiased risk estimator calculated 
from the data. The resulting algorithm is robust to 
variations of signal structures such as short transients 
and long harmonics. Numerical experiment 
demonstrate improvements with respect to state of 
the art time-frequecncy audio denoising procedures 
through objective and subjective evaluations. 



 

 

Fig 5: Comparison of Original, Noisy and Denoised 
Mozart Signal Graphs of Block Thresholding Method. 
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