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Abstract 
This paper describes the implementation and performance 
evaluation of three noise estimation algorithms using two 
different signal decomposition methods: a second-generation 
wavelet transform and a perceptual wavelet packet transform. 
These algorithms, which do not require the use of a speech 
activity detector or signal statistics learning histograms, are: a 
smoothing-based adaptive technique, a minimum variance 
tracking-based technique and a quantile-based technique. The 
paper also proposes a new and robust noise estimation 
technique, which utilises a combination of the quantile-based 
and smoothing-based algorithms. The performance of the 
latter technique is then evaluated and compared to those of 
the above three noise estimation methods under various noise 
conditions. Reported results demonstrate that all four 
algorithms are capable of tracking both stationary and non-
stationary noise adequately but with varying degree of 
accuracy.   

1. Introduction 
Reliable noise estimation remains a challenging problem in 
many speech enhancement and noise compensation tasks. 
Accurate instantaneous noise power estimation is crucial for 
the success and robustness of any single-channel speech 
enhancement system. Over the last few years, various noise 
estimation techniques have been proposed and their 
performance evaluated. These include techniques that are 
based on tracking the minima of the noise power [1,2], and 
those which utilise a quantile computation algorithm [3-4]. 
Although efficient, all these techniques involve relatively high 
computational complexity.    

  In this paper, three different and recently-reported noise 
estimation algorithms: (a) an adaptive technique with a 
smoothing parameter that depends on the estimated subband 
signal-to-noise ratio (SNR) [5]; (2) a one-pass quantile-based 
technique [6]; and  (3) a technique that is based on tracking the 
minimum variance of the subband noisy signal [7], are 
considered. First, we describe the implementation of these 
three algorithms using two signal representation schemes that 
provide different resolutions: the first is based on the 
application of second generation wavelet transform (SGWT) 
[8,9], and the second is based on critical-band motivated 
perceptual wavelet packet decomposition (PWPD) [10]. We 
then propose a new and robust wavelet-based noise estimation 
technique that is based on combining the best features of 
algorithms (1) and (2). This is then followed by performance 
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tion of all the above four noise estimation techniques 
a variety of speech signals distorted by different types of 
 The evaluation has been affected by using an objective 
ment measure based on the average relative error in 
ted noise.  

avelet-based speech signals decomposition  

econd generation wavelet (SGWT) 

cal wavelet transform (WT) is generated by using 
ation and dilation of a single mother wavelet function. 
construction method requires a regular mesh and 
nded domain. Classical WT, therefore, works well for 
e or periodic signals, but special adaptations of the basis 
ons near the boundaries are required in order to handle 
eriodic boundary conditions which are often encountered 
ural speech. The second generation wavelet transform 
T) have been introduced to provide such adaptations as 
as maintaining other powerful properties offered by 
cal WT such as time-frequency localization, multi-
tion and fast implementation [8].  The basic idea behind 
cond-generation wavelet is to first split a signal, x(n), 
n even set, {x (n): n even}, and an odd set, { x (n): n 
 by predicting the odd signal from the even part. What is 
d by the prediction is called the detail. The even samples 
en adjusted to serve the coarse version of the original 
. The adjustment is needed to maintain the same average 
e fine and coarse versions of the same signal. The above 
ss can be summarized as follows (see Figure 1):  

) Split data: even and odd. 
) Predict odd using even: detail = odd − P (even). 
) Update even using detail: Coarse=even + U (detail). 

verse transform can be easily constructed by "rewiring" 
rward transform, as illustrated in Figure 1. The process 
puting a prediction and recording the detail is called a 

 step. In general, the lifting scheme speeds up the 
mentation as compared to the case of classical WT. All 
tions within one lifting step can be done in parallel while 
nly the sequential part is the order of the lifting 
tions, resulting in an adaptive wavelet transform [9].  



Figure 1. Representation of the forward and inverse SGWTs 

2.2.  Perceptual wavelet transform  

For the implementation of the perceptual WT, we utilise a 
wavelet packet decomposition (PWPD) scheme designed to 
represent the critical bands of a given speech signal as widely 
used in perceptual auditory modeling. The scheme, which was 
first proposed by Black and Zeytinoglu [10], is based on an 
efficient 6-stage tree structure decomposition using 16-tap FIR 
filters derived from the Daubechies wavelet function, and 
provides for an exact invertible decomposition. For speech 
signals sampled at 8 kHz, this decomposition results in 18 
critical bands. 

  

3. Description of the noise estimation 
algorithms 

In this Section, brief descriptions of the three different noise 
estimation algorithms and their wavelet-based implementation 
are given. In what follows we assume that y(n) represents a 
band limited and sampled noisy speech signal, consisting of a 
clean speech signal s(n) and a noise signal w(n), such that y(n) 
= s(n)  + w(n). The noisy speech is first decomposed into a 
appropriate number of bandpass signals, yi(n), where i denotes 
the subband index, using either the SGWT or the PWPD, then 
framed using an appropriate sliding window. Also, 

 will be used to denote the estimated noise power 

(or noise variance) at frame p.  
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3.1.  Adaptive smoothing-based noise estimation  

This adaptive noise estimation technique is based on the use of 
a smoothing parameter that is controlled by the estimated 
subband posteriori SNR [5]. In this technique, the noise and 
speech are assumed to be independent signals and that the 
noise power changes slowly. The subband noisy signal power 
(or variance), , is estimated on a frame-by-

frame basis using [5]:
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where  is the estimated noise power calculated at 

frame p, and N is the size of the frame. Similarly, the subband 
noise power is estimated using the smoothing filter: 
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 Q is an integer and )1(2 −p
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estimates of the previous 5 to 10 frames, such that 
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uantile-based noise estimation  

uantile noise estimation method considered here is based 
ne-pass algorithm. After decomposition, each subband 
signal is framed into frames of length Lframe. Let Lwin > 
be the length of a finite window observation of yi(n), 
g from 200ms to 2000ms. The method involves first 

g the previous set of data over the last M 
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p
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 in an ascending order of 
alues according to the requirement of the quantile-based 

ach [6].  The noise power in the ith subband of the pth 
, , is then estimated as:  
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 β is an appropriate scaling factor and q = 0.2. Here, 
and Lwin are chosen to be equal to 64 ms and 512 ms, 
tively, with the frames overlapped by 50 %.  

inimum variance tracking-based noise estimation  

 algorithm, both the noisy signal and the noise are 
ered to be stationary over a short period of time, such 
e variance can be estimated on a frame-by-frame basis. 
oisy signal variance, , for each band is calculated as: 2
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 most recent approximation of the noisy signal variance 
the new data at frame p. The parameter αi is a smoothing 
 chosen as .95.045.0 ≤≤ iα  
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2.4.  A new noise estimation technique  

A new noise estimation technique based modification of the 
quantile-based method presented in Section 3.2 is proposed 
here. The modification is based on the addition of a smoothing 
parameter that depends on the estimated subband SNR, similar 
to that used in the smoothing-based technique presented in 
Section 3.1, such that a new quantile-based noise estimate that 
can be updated adaptively is obtained.  

  The new technique proceeds as follows. The noise power 
in the ith subband of the pth frame, , is estimated as in the 

standard quantile-based method (eq. 5). This estimate of the 
noise power is considered here to be equivalent to the   
average of the noise estimates used in eq.3. Based on this, a 
smoothing factor, αi(p), is then introduced such that: 

             (10)      

where  is the noise power in the ith subband of the 
pth frame as calculated by using eq. 5. As will be discussed in 
Section 4, our experimental results have shown that in most 
cases setting β =1 and α =0.5 result in the best performance of 
this new noise estimation technique. 
 

4. Performance evaluation. 

In the first part of the evaluation process, 60 seconds of speech  
divided into 10 signals, each of an average length of 6 seconds 
and sampled at 8 kHz, as acquired from the TIMIT database.  
The distorted speech frames are overlapped by 50% and 
different types of noise have been used to test the four noise 
estimation techniques using the SGWT. The noisy speech 
signals were decomposed into 6 bands (details) using the 
dB(7-9) wavelet filter [9], and each of the four techniques was 
then used to estimate the added noise. The real (solid line) and 
estimated noise for band 3 of the decomposed signal (0.5-1 
kHz) resulting from each technique are shown in Figures 2 and 
3 for the cases of additive white noise (AWGN) and pink 
noise, respectively. The second part of the evaluation process 
deals with the perceptual wavelet decomposition. Figure 4 
shows the real and estimated noise for band 15 of the 
decomposition, for the case of AWGN. In Figures 2-4, (a) 
corresponds to the adaptive smoothing-based method, (b) 
quantile-based method, and (c) the minimum variance 
tracking-based method. Also, in (a), (b) and (c), a dashed line 
is used to mark the estimated noise, while in (d) a dashed line 
is used to mark the noise estimate obtained by a quantile-based 
method and a dotted line for that obtained by the proposed 
method. In Figure 5, the up-dating with time of the parameter 
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used in eq.3 is shown for the case of one of SGWT 
nds (band 3) of the noisy speech.  

Figure 2: Real and estimated noise using SGWT-
based  noise estimation with AWGN at 5dB 

Figure 3: Real and estimated noise using SGWT-based 
noise estimation with pink noise at 0dB 

rovide an objective performance measure, we also 
ated the average relative error factor in the estimated 
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 Nframe represents the number of frames in the test signal. 
 this factor, tables 1 and 2 illustrate the performance of 
ur presented noise estimation techniques for one SGWT 
nd (band 1 for the SGWT case and band 7 for the 
) over different SNRs. Here, T1, T2, T3 and T4 refer to 

rst, second, third and the proposed noise estimation 
ques in the sequence presented in Section 3.  
 is obvious from this evaluation that all the four 
ques considered here demonstrate capability in tracking 



     

     
various types of noise, but their performance accuracy varies 
depending on the rate of change of the noise under test. The 
minimum variance tracking-based method seems to offer the 
best performance in tracking the average noise variation. On 
the other hand, the adaptive smoothing-based method noise 
can track rapid changes of stationary and non-stationary noise 
depending on the value of smoothing parameter. Presented 
results also demonstrate that the performance of the quantile-
based noise estimation method was improved when combined 
with the adaptive noise estimation method, as proposed in our 
new noise estimation technique. In particular, significant 
improvement was achieved by the proposed method for cases 
of speech signals of relatively low SNRs.  

5. Conclusions 

The implementation of three-noise estimation algorithms using 
both the SGWT and the PWPD have been investigated, and 
their performance evaluated and compared under different 
noisy conditions. Our results demonstrate that all three 
algorithms are capable of tracking both stationary and non-
stationary noise, but with varying degree of accuracy 
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Figure 4: Real and estimated noise using PWPD-
based  noise estimation with F16 Cockpit noise at 0dB

Figure 5: (a) A subband noisy signal at 10dB with, 
and (b) corresponding updating of αi(p). 

(a) 

(b) 
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e 1: Average relative error ARE in band-1 SGWT for the 
four noise estimation methods. 

ARE – WHITE NOISE SNR 
(dB) T1 T2 T3 T4 
10 0.84 1.5 0.16 0.65 
5 0.31 0.28 0.11 0.63 
0 0.11 0.33 0.11 0.21 
-5 0.061 0.64 0.12 0.07 

e 2: Average relative error ARE in band-7 PWPD for the 
four noise estimation methods. 

ARE-PINK NOISE SNR 
dB T1 T2 T3 T4 
10 4.09 2.97 0.48 3.00 
5 1.41 1.01 0.48 1.22 
0 0.56 0.50 0.48 0.47 
-5 0.30 0.37 0.48 0.22 
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