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Abstract  

In this paper a noise robust feature extraction algorithm using 
joint wavelet packet decomposition (WPD) and an 
autoregressive (AR) modeling of the speech signal is 
presented. In opposition to the short time Fourier transform 
(STFT) based time-frequency signal representation, a 
computationally efficient WPD can lead to better 
representation of non-stationary parts of the speech signal 
(consonants). The vowels are well described with an AR 
model like in LPC analysis. The separately extracted WPD 
and AR based features are combined together with the usage 
of modified principal component analysis (PCA) and 
voiced/unvoiced decision to produce final output feature 
vector. The noise robustness is improved with the application 
of the proposed wavelet based denoising algorithm with the 
modified soft thresholding procedure and the voice activity 
detection. Speech recognition results on Aurora 3 databases 
show performance improvement of 47.6 % relative to the 
standard MFCC front-end. 

1. Introduction 

In recent years many approaches have been developed to 
address the problem of robust speech parameterization. The 
Mel Frequency Cepstral Coefficients (MFCC), derived on the 
basis of Short Time Fourier Transformation (STFT) and 
power spectrum estimation, have been used as fundamental 
speech features in almost every state-of-the-art speech 
recognition system. The weakness of MFCC speech 
parameterization is that MFCCs do not lead always to good 
representation of noisy speech, especially at lower signal to 
noise ratios (SNR) [1]. The other problems of the STFT based 
approach are the fixed time-frequency resolution as well as its 
inappropriateness to analyze highly non-stationary parts of 
speech signal. STFT analyzes well the vowel phonemes due to 
theirs near periodicity in the analyzing frame, but not as well 
the consonants in the speech signal. The consonants are non-
stationary over a single feature extraction interval (frame) as 
they are rapidly changing. In an effort to reduce the 
computational cost of feature extraction process and to 
enhance the features that are extracted for the consonants, 
wavelet packet decomposition (WPD) as fundamental time-
frequency speech representation will be used in the first stage 
of proposed noise robust feature extraction algorithm. The 
wavelet transform also has the connection to the human 
auditory system [2]. The basilar membrane located in the 
cochlea of the human’s inner ear uses this kind of time-
frequency representation when analyzing sound. Because the 
wavelet transform maintains signal structure and mimics the 
multiresolution properties of the human auditory system it 
may be considered a good choice for feature extraction. On the 
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site the vowel phonemes can be well represented with an 
gressive (AR) or an all-pole model, which is very 
le to describe the human vocal tract during voicing. 
er advantage of an AR model is that its parameters can 
timated accurately and also computationally efficient 
 the linear predictive (LPC) analysis. In proposed robust 
e extraction algorithm 49 WPD and 11 AR model based 
eters are extracted, thus producing a PCA input feature 

r with 60 elements. To decorrelate elements and to 
e the dimensionality of the final output feature vector 
60 to 20 elements, the algorithm based on modified 
pal component analysis (PCA) using two PCA matrices 
oiced/unvoiced detection will be presented. The noise 
tness of the feature extraction algorithm can be further 
ved with the usage of the noise reduction techniques and 
 activity detection strategies. In [3] a wavelet based 
h enhancement system was presented. In proposed 
bution further improvement of this basic algorithm 
gh the application of minimum statistics in noise profile 
ation and an introduction of modified version of soft 
olding will be demonstrated. In [4] we proposed a VAD, 
 is working on log filterbank magnitudes. Similar energy 
 simple VAD algorithm working on WPD subbands will 
e incorporated. 
 Section 2 a block diagram of proposed noise robust 
e extraction algorithm is presented and detailed 
ption of each constituting part of it is provided. Section 
scribes the final output feature vector generation 
dure via modified PCA analysis and voiced/unvoiced 
ion. Experimental setup and results are presented in 
n 4. The discussion of the speech recognition results 
inal conclusions are provided in Sections 5 and 6 
tively. 

2. Feature extraction algorithm 

e 1 shows a block diagram of proposed noise robust 
e extraction algorithm. Noisy input speech signal is 
ed at 8 kHz and segmented into frames of length L = 384 
es (48 ms) with the frame shift interval of S = 80 
es (10 ms). There is no need to apply classical 
wing operation in the WPD scheme. 

avelet packet decomposition 

en level full binary tree is created using WPD scheme. 
nly exception is level 7, which comprehends only first 
t of 64 nodes in the frequency range 0-2 kHz. Therefore 
roposed WPD scheme includes totally 95 nodes or 
nds - the first node corresponds to the input frame n, 
 has to be analyzed. The low-pass H0 and high-pass H1 
position quadrature mirror filters (QMF) used for WPD 

onstructed  on   the  basis  of  Parks – McClellan  optimal  



Figure 1: Proposed noise robust feature extraction algorithm. 

equiripple FIR filter design procedure [5]. Development of 
the decomposition filters should meet the following 
constraints: the width of the transition band between pass- 
and stop- regions of the decomposition filter should be as 
narrow as possible - no wider than 300 Hz, and the 
attenuation of the stop-band should be large enough, at least   
-50 dB. The wavelet constructed on the basis of proposed 
QMF filters is presented in the Figure 2. 
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Figure 2: Wavelet function corresponding to the used QMF. 

To increase the computational efficiency and to maintain the 
compromise between the computational load and 
decomposition accuracy, three different decomposition filter 
pairs {H0, H1}j with the level-dependent orders are used to 
perform a decomposition of the signal. Table 1 shows the 
comparison between signal lengths on different levels, the 
number of subbands and corresponding decomposition filter 
orders for different WPD levels. Note that output nodes in the 
last 7th level are not further decomposed. 
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able 1: Wavelet packet decomposition parameters. 
D Level 

j 
Signal length 
Nj,k [samples] 

Subbands 
k 

H0 and H1 
filter order  

1 L=384 1 76 
2 192 2 76 
3 96 4 76 
4 48 8 46 
5 24 16 16 
6 12 32 16 
7 6 32 - 

enoising procedure using minimum statistics and 
ied soft thresholding procedure 

 an upgrade of Donoho’s standard denoising algorithm 
as presented. With the purpose to improve automatic 
h recognition performance in adverse environments, 
 the speech signal is highly contaminated with colored 
non-stationary noises, further improvements in the 
old estimation method as well as in the thresholding 
dure are suggested.  

 Threshold estimation method 

lumn vector 
n

kj ,w  be a wavelet coefficient sequence, 

 j represents WPD level, k stands for a WPD subband 
) and n is the frame index. Proposed denoising 
thm is performed only on WPD levels j = 6 and j = 7 in 
llowing output subbands: 

If  j = 6 ,  then k = 17, 18, …, 32          (1) 
 If  j = 7 ,  then k = 1, 2, …, 32    . 

tandard deviation σn
j,k is estimated in the same way as 

: 

( )    
1

,,
n

kj
MAD

n
kj Median w

γ
σ =     .         (2) 

constant γ MAD = 0.6745 in equation (2) makes the 
ate of median absolute deviation unbiased for the normal 
ution. For each input frame n and j, k defined as in 

ion (1), Donoho’s threshold n
kjDT ,

 is calculated as: 

kj
n

kj
n
kj NDT ,,, log2σ=  ,                  (3) 

 Nj,k represents the wavelet coefficient sequence length 
vel j (see Table 1). In order to assure minimal speech 
tion in the thresholding process the threshold DT n

j,k is 
moothed with the following recursive equation: 

( ) n
kj

n
kj

n
kj DTDTDT ,

1
,, 1 αα −−= −    ,         (4) 

 α = 0.9 represents a smoothing constant. Afterwards a 

threshold n
kjT ,  is estimated using minimum statistics 

ple: 

( )   ,,
n
kj

In
k DTMin

∈
=  , where interval    I = [n-D, n] .    (5) 

idth D of the sliding interval I has to be chosen in such a 
hat I covers approximately 250 ms of the speech signal. 
 case D is set to 20 frames. 

 Modified soft thresholding (MST) procedure 

thresholding can be described as the usual process of 
g to zero the elements whose absolute values are lower 



than the threshold. Soft thresholding is an extension of hard 
thresholding, first setting to zero the elements whose absolute 
values are lower than the threshold, and then shrinking the 
nonzero coefficients towards 0 [5]. The hard thresholding 
procedure creates discontinuities in the output signal, while 
the soft thresholding procedure, which is near optimal for the 
signals corrupted by additive white Gaussian noise, does not. 
Nevertheless, the speech recognition results show that 
denoising with the soft thresholding procedure is not suitable 
for speech signals corrupted with colored and non-stationary 
noises. Therefore a modified soft thresholding ΓMST is 
proposed as: 

{ } ( )( )
n
kj

n
kj

n
kjn

kjMST Tx

Tx

x

Txx
Txy

,

,,
,  if

 if 

 

 1 )sgn(
 , 

<
≥



 −+

=Γ=
ϑ

ϑ , (6) 

where n
kjx ,w∈  and n

kjy ,w∈  if n
kj ,w  is the output column 

vector of denoised wavelet coefficient sequence of frame n, 
WPD subband k and level j as defined in equation (1). The 
inclination coefficient ϑ introduced in equation (6) is defined 
as follows: 

( )n
kj

n
kjT

,

,

max

 

w
βϑ =   .                        (7) 

β is the inclination adjustment constant. The main idea of 
modified soft thresholding is the introduction of the 
inclination coefficient ϑ, which prevents crudely setting to 
zero the wavelet coefficients whose absolute values lie below 

the threshold n
kjT , . The modified soft thresholding procedure 

is equivalent to the soft thresholding for β = 0. In our case the 
inclination adjustment constant β has been set to 0.5. 

2.3. Voiced / unvoiced decision 

Classification of voiced and unvoiced frames is used later in 
the PCA transformation procedure. In presented contribution 
a voiced/unvoiced detection algorithm adopted from [3] has 
been used. 

2.4. Voice activity detection (VAD) 

VAD prevents extraction of features for non-speech frames. 
In [4] a VAD working in mel-filterbank domain was 
proposed. Similar energy-based procedure has been arranged 
to operate also in WPD subband domain. 

2.5. WPD subband energy computation 

The human’s inner ear determines how much energy is 
contained at the different frequencies that make up a specific 
sound. The same idea is retained in proposed speech 
parameterization procedure. Therefore, subband energies are 
calculated for 48 output nodes - there are 16 subbands on the 
level 6, and 32 subbands on the level 7 of the proposed WPD 
scheme: 

[ ]( ) 
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=
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n
kj

kj

n
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N
E

,

1

2

,
,

,   
1

log w  .                (8) 

Beside these 48 features, another feature computed for 
subband in level j = 1, representing full frame energy has also 
been determined with the usage of equation (8). Therefore the 
WPD output feature vector consists of 49 elements. 
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R model of a vocal tract is well known in speech 
ssing as a linear predictive coding (LPC) model. The 
idea to use AR model parameters in proposed speech 
eterization algorithm is to improve representation of the 

d only segments in denoised speech signal. The 
ing steps describe the AR parameters extraction 

dure. 

 Reconstruction of denoised speech signal 

to the AR parameter estimation, denoised speech signal 
d be reconstructed first. In proposed feature extraction 
thm only lower half-band (0 – 2 kHz) is reconstructed 
 QMF reconstruction filters H0

’ and H1
’, and denoised 

et coefficient sequences n
kj,w . 

 AR parameters 

11th order autocorrelation method with the 
son/Durbin recursion for AR parameters estimation of 
econstructed speech signal will be used. As the 
orrelation method has a frequency domain interpretation 
ighting window (Hamming) must be applied to the 
structed speech data to reduce the spectral leakage 
iated with finite observation intervals. 
he 49 wavelet packet decomposition based features and 
toregressive parameters are concatenated together to 

PCA input feature column vector bn of the length of 60 
nts. 

. Final output feature vector generation 

oposed noise robust feature extraction algorithm a 
ied principal component analysis (PCA) with the 
ation of two PCA transformation matrices and 

d/unvoiced decision has been applied for decorrelation 
imensionality reduction principles. The final output 
e column vector an of the length of 20 elements is 
uted as follows: 

IF     frame n is declared as “voiced”    THEN 

n
T

n bAa 1=              (9) 

   ELSE 

n
T

n bAa 2=        .     (10) 

formation matrices A1 and A2 of dimension 60 x 20 
t of eigenvectors, which correspond to 20 largest 

values of covariance matrices C1 and C2 respectively. 
x C1 represents the covariance of all voiced training 
Similarly, C2 is the covariance matrix of all unvoiced 
g data. 

4. Experimental results 

experimental results described in this section were 
d out using the Aurora 3 framework. The detailed 
ption of database, standardized train/test procedures, 
h recognizer configuration and results evaluation can be 
 in references [4] and [7]. Table 2 presents automatic 
h recognition performance (word error rates - WER) of 
rdized WI007 MFCC reference front-end. Table 3 
ts WER achieved with autoregressive model 
eters only (PCA input feature length of 11 elements, 



final feature vector length of 11 elements). In opposition to 
Table 3, Table 4 shows WER achieved with WPD features 
only (PCA input feature vector length of 49 elements, final 
output feature vector length of 20 elements). The speech 
recognition performance of proposed algorithm using the 
basic Donoho’s soft thresholding procedure is presented in 
Table 5. Table 6 shows WER achieved with proposed 
algorithm and classical single-matrix PCA analysis (without 
voiced/unvoiced detection).  

Table 2: Reference WER achieved with WI007 front-end. 

  Finnish Spanish German Danish Average
Well (x40%) 7.26%  7.06% 8.80% 12.72% 8.96%
Mid (x35%) 19.49% 16.69% 18.96% 32.68% 21.96%
High (x25%) 59.47% 48.45% 26.83% 60.63% 48.85%
Overall 24.59% 20.78% 16.86% 31.68% 23.48%

Table 3: WER of AR parameters separately (without WPD). 

  Finnish Spanish German Danish Average

Well (x40%) 4.55% 4.63% 7.09% 7.44% 5.93%

Mid (x35%) 10.22% 8.32% 13.77% 21.27% 13.40%

High (x25%) 16.81% 12.17% 13.10% 27.43% 17.38%

Overall 9.60% 7.81% 10.93% 17.28% 11.40%

Table 4: WER of using only WPD features (without AR). 

  Finnish Spanish German Danish Average

Well (x40%) 3.98% 5.11% 6.75% 7.31% 5.79%

Mid (x35%) 10.36% 7.96% 13.55% 20.89% 13.19%

High (x25%) 15.15% 11.04% 11.89% 25.89% 15.99%

Overall 9.01% 7.59% 10.42% 16.71% 10.93%

Table 5: WER of proposed algorithm and original Donoho’s 
soft thresholding procedure. 

  Finnish Spanish German Danish Average

Well (x40%) 4.48% 4.72% 6.26% 8.13% 5.90%

Mid (x35%) 11.33% 9.01% 13.99% 22.41% 14.19%

High (x25%) 18.19% 14.49% 14.06% 28.12% 18.72%

Overall 10.31% 8.66% 10.92% 18.13% 12.00%

Table 6: WER of proposed algorithm with classical PCA. 

  Finnish Spanish German Danish Average

Well (x40%) 4.07% 4.39% 5.78% 8.13% 5.59%

Mid (x35%) 10.16% 7.52% 14.06% 21.53% 13.32%

High (x25%) 14.94% 12.21% 12.69% 27.66% 16.88%

Overall 8.92% 7.44% 10.41% 17.70% 11.12%

The speech recognition results achieved with proposed noise 
robust feature extraction algorithm using modified soft 
thresholding procedure, joint wavelet packet decomposition 
and autoregressive modeling, as well as modified PCA 
analysis are presented in Table 7.  

Table 7: WER achieved with proposed noise robust feature 
extraction algorithm based on joint wavelet packet 
decomposition and autoregressive modeling. 

  Finnish Spanish German Danish Average
Well (x40%) 4.13% 4.18% 5.99% 7.37% 5.42%
Mid (x35%) 9.98% 7.43% 12.90% 21.54% 12.96%
High (x25%) 14.72% 10.77% 10.41% 26.08% 15.50%
Overall 8.83% 6.97% 9.51% 17.01% 10.58%
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5. Discussion 

D based features and AR parameters are joined together 
the usage of voiced/unvoiced detection and modified 
analysis procedure, better speech recognition accuracy is 
ed as in the cases when applying classical single-matrix 

or using WPD and AR parameters separately (Compare 
s in Tables 3,4,6, and 7). Results also show that the 
 based parameterization is most appropriate for 
ced parts of speech signal (consonants) and the AR 
 parameters describe well the voiced segments in the 
speech signal (vowels). It is evident from Table 5 that 
sed modified soft thresholding procedure achieves 
 WER when compared to the fundamental Donoho’s 
resholding procedure [6]. Automatic speech recognition 

s presented in Tables 2 and 7 show that proposed noise 
t feature extraction algorithm achieves better 
onditional performance when compared to standardized 

7 MFCC front-end. Improvements are consistent for all 
a 3 database subsets. The relative WER improvement of 
sed algorithm regarding the WI007 standard MFCC 
nce is presented in Table 8. 

 8: Improvement relative to the WI007 front-end. 

Finnish Spanish German Danish Average 
(x40%) 43.11% 40.79% 31.93% 42.06% 39.47%
35%) 48.79% 55.48% 31.96% 34.09% 42.58%

(x25%) 75.25% 77.77% 61.20% 56.98% 67.80%
ll 53.14% 55.18% 39.26% 43.00% 47.64%

6. Conclusion 

s contribution a noise robust speech parameterization 
thm using joint wavelet packet decomposition and 
gressive modeling was presented. A modified soft 
olding algorithm and modified PCA analysis procedure 
introduced. Improvement of 47.6 % relative to the 
nce WI007 MFCC front-end has been achieved. 
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