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Abstract 
In this paper transitional speech segments modeling by 
matching pursuit is proposed. The dictionary for matching 
pursuit is composed of wavelet functions that implement of 
psychoacoustic adaptive wavelet filter bank. 
Psychoacoustically motivated entropy based cost functions 
allow to greatly minimizing a number of time-frequency 
atoms in wavelet packet (WP) dictionary. The given transient 
modeling method is suitable to be integrated into a parametric 
speech coder or concatenate speech synthesis based on the 
three-part model of sinusoidal, transients and noise. 

1. Introduction 
A promising approach to achieve low bit rate coding of digital 
speech signals with minimum perceived loss of quality is to 
use perception-based hybrid coding schemes, where speech 
signals are decomposed and coded as a sinusoidal part and a 
residual [1]. Parametric signal coding applied to the audio 
signals at the present allows reaching very low bit rates [2]. A 
different approach of the parametric models allows large 
compression rates, scalable compression and flexibility [3]. 
All of it based on knowledge an underlying structure of the 
signal. Most of the signals intuitively fit into the three-part 
transient, sinusoidal and noise. Transient described a drum hits 
and the stacks of many instruments, sinusoidal part described 
signal components that have district pitch and noise often 
described a rest of the signal that isn’t neither sinusoid and 
transient. That coding models has three parts that work 
together and complement each other to form a complete and 
robust signal model, which makes possible a highly optimized 
speech compression scheme. In this case, low bit rates are 
achieved if the parameters of the model are efficiently 
encoded according to psychoacoustic criteria. 

In the given paper we focused on transitional speech 
segments modeling which is based on technique that is used a 
matching pursuit (MP) algorithm [4]. MP decomposes signal 
into a linear expansion of waveforms that belong to a 
redundant dictionary of functions. These waveforms are 
selected in order to best match the signal structures. Although 
a MP is non-linear, like an orthogonal expansion, it maintains 
an energy conservation which guaranties its convergence. The 
application of MP to adaptive time-frequency decomposition 
is described in [5]. Main aim of the paper consists in transient 
signal decomposition into waveforms based on the 
perceptually adaptive WP decomposition. Psychoacoustically 
motivated entropy based cost functions allow to greatly 

minimizing a number of time-frequency atoms in WP 
dictionary [6]. 

2. Hybrid adaptive sinusoidal speech signal 
model 

2.1. Parametric coders 

The summarized structure of the parametric speech coder is 
shown in figure 1 where defined a meaningful components: 
transient, sinusoidal and noise modeling. Transients are 
modeled and removed leaving a residual signal. Then 
sinusoids and noise are modeled and removed spectral pitch 
and noise component from the signal. Here, each model 
captures signal components that are coherent to its underlying 
assumptions. 

 
Figure 1. Block diagram of the encoder stage 

In this case, parametric speech code extract from source 
signal a set of different parameters to be send to decoder. 
These parameters represent transient, sinusoidal and noise 
components. The transient modeling is implemented by 
matching pursuit algorithm with perceptually adaptive WP 
based dictionary. Before transient modeling, transient detector 
is required. Transient signal detection is realized based on 
suboptimal signal detector that is give a possibility to achieve 
near optimal detection performance with a substantial 
reduction in computational cost. WP shows much use in it. 

2.2. Matching pursuit with WP based dictionary 

The basis of matching pursuit (MP) algorithm concerning in, 
that any signal can be decompose in to a linear expansion of 
waveforms that are selected from redundant atom dictionary 
and described in [4]. Applied to the WP decomposition, atom 
dictionary is a family of orthonormal bases composed of 
vectors that are well localized both in time and frequency. 
Numerical experiments with WP dictionaries leads to the 
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global adaptation of the signal representation using the best 
basis algorithm, as it show in [5]. 

Let assume that {ϕn(t): n ∈ Z} be a score of WP tree 
structures and let E ⊂ {(l,n): 0 ≤ l ≤ L  is a scale level, 
0 ≤ n ≤ 2l  is a node number on scale level} be the nodes of the 
WP tree structure. Then the interval [0,1) is divided on dyadic 
intervals Il,n = [n 2-l, (n+1) 2-l] which correspond the specific 
score of nodes E. Particularly, { ϕl,n,k(t): (l,n) ∈ E, k ∈ Z }, 
where ϕl,n,k(t) = 2-l/2 ⋅ ϕn(2-lt-k) is a basic form in a signal space 
span{ϕ0(t-k): k ∈ Z}. The node (l,n) ∈ E of the WP tree is 
associated with the frequency band. 

The basic ideas concerning the MP algorithm can be 
explain as, the analyzed signal x(n) approximates with linear 
expansion atoms gγ chosen from a over-complete WP 
dictionary D [7]. For signals of N samples, each function 
gγ∈D is indexed by γ = (l,n,k), with 0 < l < log2(N), 0 < n <2l, 
0 < k < 2-lN. That function has a similar time-frequency 
localization properties as a discrete window function, dilated 
by 2l centered at 2l(k + 1/2). The WP dictionary D = {gγ} 
includes (N+l)log2(N) functions (see figure 2). 

 
Figure 2. MP with WP based dictionary 

At each MP iteration, the atom gγ computed with a filter 
bank algorithm based WP decomposition with the analyzed 
signal x(n) is chosen. The contribution of this vector is then 
subtracted from the signal and the process is repeated on the 
residue. At the m-th iteration, the residue is: 
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where αγ(m) is the weight associated to the optimum function 
gγm(n) at the m-th iteration, and γm the WP dictionary index at 
the m-th iteration. The αγ

m associated to each dictionary 
element at the m-th iteration whose inner product with the 
signal x(n) has highest value as it described in [9]. MP is a 
greedy iterative algorithm that offers a suboptimal solution. In 
this case each MP iteration requires O(Nlog2(N)) operations.  

3. Dictionary based on the psychoacoustic 
adaptive WP 

In this section we describe how an adaptive WP 
decomposition is used for signal analysis implemented in 
transient signal modeling. Psychoacoustic principles adapt to 
the tree structure of WP as closely as possible to the critical 

bands. The information density WTE (Wavelet Time Entropy) 
and the Johnson’s function [8] (perceptual entropy (PE)) are 
an effective cost functions. WP tree structure growing process 
is depending on the given WTE that is being taken in terms of 
allowing the further decomposition of the WP tree. If the 
result of the previous decomposition is smaller than the 
current one, the grow algorithm is carried out. Otherwise the 
decomposition is halted. In that way for each frame of the 
signal the current node is split on two child nodes, if and only 
if the sum of PE in the child nodes less than in the current 
node. 

3.1. Critical Band Wavelet Packet Decomposition 

The critical band approximation is performed using WP with 
assumption that the distance between two central frequencies 
of subbands z(f) equals one bark. WP tree structure (Critical 
Band Wavelet Packet Decomposition (CB-WPD)) was 
empirically obtained and performs the division of audio signal 
frequency interval on subbands according to the critical scale 
of frequencies [6]: 

CB-WPD: (l,n) ∈ ECB, l = 0,8 , (2) 

where ECB describes WP tree structure corresponding CB-
WPD which divides the spectral band [0 – 8 kНz] on 16 
nonlinear subbands (16 barks) (see figure 3). The root node 
(l,n) = (0,0) of that tree corresponds to the full frequency 
range of audio signal. Each internal node of WP tree (l,n) ∈ E 
is called a parent node that is divided on two child nodes: the 
first and the second ones are associated with high- and low-
pass filtering with post-decimation by factor 2 of wavelet-
coefficients 

Xl,n,k = < x(t), φl,n,k(t) >, (l,n) ∈ ECB, k ∈ Z. (3) 

The resolution of the human ear is limited by the length of 
the analysis frame in the range 5-10 ms for high frequencies 
and about 100 ms for lower frequencies. In general, filter 
prototype selecting depends on the maximal window length 
and number of the vanishing moment. Using the wavelet 
function from the Daubechies family allows providing good 
frequency selectivity with increasing the number of scale level 
in WP decomposition. 

3.2. Masking threshold in wavelet domain 

The masking threshold Tl,n in each subband z corresponding to 
the node (l,n) ∈ Ej is calculated on the basis of the 
components (wavelet coefficients) found in this subband. The 
energy spectrum is calculated as: 
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where K is the quantity of the wavelets coefficients in node 
(l,n) ∈ Ej. The tonality of the subband z can be estimated 
according to the equation based on the defined tone masking 
indexes (tone masking noise atmn = – 0.275 z – 15.025 [dB] 
and noise masking noise anmn is equal – 25 [dB]). 

a(z) = η atmn(z) + (1 – η) anmn(z) [dB], (5) 

where η is a tonality coefficient expressed as in dB scale 

η = min (SFMdB / SFMdBmax, 1), (6) 
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where SFMdB is a spectral flatness measure (SFM), 
corresponding to relation between the geometric and 
arithmetic means of the power spectral density components for 
each node [8], SFMdBmax is the maximum of the SFMs and it is 
constant (–25 dB).  

The shifted energy spectrum D(z) based on the subband 
tonality computed as follows: 
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The energy spreading between neighbors subband is 
calculated as a convolution of D(z) with spreading function 
B(z) 
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where the centers of maskers z-k for each subbands z are the 
center frequency of subbands translated to the bark domain 
[5]. Spreading function B(z) is constructed as 
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where the values v and u correspond to the steepness of the 
lower and upper slope of the approximation in dB per Bark, 
respectively. The values d, c and a are selected so that the 
roundness and the attenuation of the function agree with the 
actual data for a given resolution. The suggested parameters 
for the spreading function are shown in table 1. 
 

Table 1 
Spreading function parameters 

Spreading 
function 

v 

⎥⎦
⎤

⎢⎣
⎡

Bark
dB

 

u 

⎥⎦
⎤

⎢⎣
⎡

Bark
dB

 
d c a 

Schroeder 25 -10 1 0.47 15.81 
Bark scale 30 -25 0.3 0.05 15 

 
The final masking threshold is computer by the comparing 
spreading subband energy with absolute thresholds of hearing 
TABS(z) in each subband z as 

T(z) = max(C(z), TABS(z).  (10) 

3.3. Adaptive WP decomposition 

Adaptive WP decomposition implementation can be solved 
through the cost function minimization dependent on the 
processed data. The cost function based on entropy better 
describes the information properties of the input audio signal. 
The tree structure of WP decomposition is as closely as 
possible adapted to the critical bands (CB-WPD: (l,n)∈ECB). 

First of all, the cost function estimates the information 
density of the WP coefficient on each level of the tree. For the 
WP tree structure Ei the information density WTE is estimated 
as [6] 
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where Xl,n,k are wavelet coefficients of nodes (l,n) belong to 
tree Ei, l is a scale level and n is a node number. The grow 
decision for WP tree based on the given WTE is being taken 
in terms of allowing the further decomposition of the WP tree. 

Other function gives us the information about required 
number of bits for coding wavelet coefficients in each nodes 
of WP tree structure (l,n) ∈ E based on the perception entropy 
calculated in wavelet domain 
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where SMRl,n,k is a relation of mean square value wavelet 
coefficients Xl,n,k in a subbabnd of tree Ej node (l,n) to 
corresponding masking threshold Tl,n, which is linearly spread 
between Kl,n coefficients Xl,n,k, k = 0, Kl,n of node (l,n). SMRl,n,k 
is defined as: 

nlnlknlknl KTXSMR ,,,,,, 12 ⋅= , (13) 

where √12⋅Tl,n/Kl,n is a maximum quantization step Δl,n of 
wavelet coefficients in the node (l,n) ∈ Ej. The significant 
magnitude SMRl,n,k determines a minimal quantity of 
quantization level. In this case the decomposition tree grows.  

It shows the precision of time-frequency resolution of the 
analysis filter bank according to the WP tree structure used for 
localizing the signal’s nonstationarities. The basis of the WP 
tree structure grow algorithm is contained in a masking 
threshold calculation procedure. 

 
Figure 3. Critical Band Wavelet Packet Decomposition (l,n) ∈ ECB 
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3.4. The construction procedure of the adaptive dictionary 
based on the WP tree 

Let the split decision of dividing the parent node (l,n) on the 
two children (l+1,2n) and (l+1,2n+1) be referred as a split(l,n) 
where l is a transformation scale level, n is n-th node of the 
level l. 
 
 
Step 1. Let l = 0, split(l,n) = YES, i.e. given root node (0,0) 
of decomposition tree E0 – input frame of audio signal with 
perception entropy PE0,0 and information density WTE. 
Step 2. Perform the decomposition of the input signal based 
on the cell presented by two wavelet filters. 
Step 3. Compute the PE and WTE in the nodes of 
decomposition. 
Step 4. l = l+1. 

IF l-1 > maximum of CB-WPD tree scale level, 
THEN STOP – the WP tree structure grow halts. 

Step 5. For each node n of level l the WP tree El grow 
process is going as follows: 

• perform the decomposition of the parent node (l,n); 
• compute the PE in the child nodes: PEl+1,2n and 

PEl+1,2n+1; 
• estimate information density WTE for the current El. 
IF PEl,n ≥ PEl+1,2n + PEl+1,2n+1, 

THEN split(l,n) = YES 
ELSE split(l,n) = NO. 

Step 6. Go to step 4. 
 
 

In that way, for each frame of the input signal, the current 
node (l,n) is split on two child nodes (l+1,2n) and (l+1,2n+1), 
if and only if the sum of the cost functions PEl+1,2n and 
PEl+1,2n+1 in the child nodes less than in the current node PEl,n. 
The result of this algorithm is a suboptimal WP 
decomposition. The algorithm of dynamic WP tree structure 
grow based on the Johnson’s function (perceptual entropy) [6] 
as a cost function which is computed for the each node of WP 
tree scale level in the wavelet domain. The main advantages of 
the abode algorithms in contrast to the known ones are 
summarized as follows: tree grow process corresponding to 

this algorithm is performed top-down without return to the 
lower decomposition levels; there is no need for full WP tree 
structure computation.  

4. Matching pursuit with adaptive WP based 
dictionary 

The block diagram of the MP with a dictionary based 
psychoacoustic adaptive WP is shown on a figure 4. 

At the first stage m = 0, according to the (1) rm(n) is 
decomposed by adaptive WP analysis to get perceptually 
optimized WP tree structure Ej that will be used on a next 
stages and the current stage wavelet coefficients X0

l,n,k. WP 
tree structure optimization is going under controlling the 
estimated parameters PE and WTE. MP algorithm is applied to 
the result wavelet coefficients for seeking the optimum 
function gγ(0)(n) and weight αγ(m). At the other stage when m 
more then 0 the residual signal are formed according to the (1) 
and be used for the next stage. 

The high inner product is selected from the linear 
expansion of WP using the rules described by expression 

{ } ( ){ }l
m

nljknl
m

knl WTEPEEnlDgg min,0,,, ,,,,, >∈∈= , (14) 

where WTEl is information density function that helps to adapt 
WP tree structure, PE is a m-th iteration perceptual entropy at 
the node {l,n}∈Ej  that is recalculated every time for 
estimating the subband hearing properties and removes the 
subband from consideration. The masking threshold T0

l,n,k at 
each subband is computed at the first iteration and does not 
changed until the residual signal rm(n) to be formed. 

Finding the best approximation of the analyzed signal x(n) 
by the functions gγ∈D is computationally very complex. 
Number of the atoms on over-complete WP dictionary 
depends on the applied WP decomposition levels and signal 
segment length. According to the human hearing system that it 
is very sensitive to the low frequency and less to the high, 
very important to select perceived subbands for analysis.  

In this case, the proposed algorithm significantly reduces 
WP dictionary to achieve sub optimal solution. When a well-
designed WP dictionary is used in MP, the nonlinear nature of 
the algorithm leads to compact signal representation. 
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Figure 4. Block diagram of a MP with adaptive WP based dictionary 
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5. Performance evaluation 

5.1. Results of transient modeling by matching pursuit 
with a psychoacoustic adaptive WP-based dictionary 

We here present some simulation experiments to assess the 
performance of the proposed method for transient modeling. 
The system was implemented and tested on PC using 
MATLAB software. The sampling frequency was 8 kHz. 
Input samples were partitioned into frames of length 256. The 
transient detector is realized as it described in [9] using 2 
levels of full WP tree structure. 

The transitional speech segments (see figure 6a) modeling 
results with psychoacoustically optimized for the given speech 
segment dictionary of wavelet functions (see figure 4 and 
figure 5) are depicted in the figure 6 and table 2. Here, the 
transient can be well modeled with the lower number of 
atoms, mainly because sharp edge smoothing is no longer 
required. In the experiments, 40 - coefficient Daubechies 
filters are considered. 
 

 
Figure 4. Adapted WP tree structure applied for source signal 
 

 
Figure 5. WP filter bank created based on the WP tree 
structure shown on a figure 5. 
 

Table 2 
WP atoms αγ(m) at each iteration m in (l,n)∈Ej and k∈Z 

m αγ(m) l n k m αγ(m) l N k 
1 1.7318 5 1 7 19 0.1690 5 1 3 
2 1.3048 5 1 5 20 -0.1621 4 6 1 
3 1.1899 5 1 4 21 0.1571 5 2 4 
4 1.0691 5 3 4 22 -0.1522 4 5 10 
5 0.9415 5 1 6 23 -0.1453 4 7 9 
6 -0.5655 5 3 3 24 0.1266 4 5 14 
7 0.5157 5 2 7 25 0.1202 4 7 6 
8 -0.4198 5 1 1 26 -0.1148 4 2 1 
9 0.4132 5 3 7 27 0.1130 5 3 1 
10 -0.3841 5 2 5 28 0.1110 4 2 6 
11 -0.3728 5 2 8 29 0.1021 4 6 15 
12 0.3399 5 1 2 30 -0.1436 5 0 1 
13 -0.3160 5 3 6 31 0.3806 5 0 8 
14 -0.3077 5 2 2 32 0.1919 5 0 2 
15 -0.2983 5 3 5 33 -0.1774 5 0 6 
16 -0.2257 5 1 8 34 0.1691 5 0 5 
17 -0.2026 4 2 9 35 -0.1489 5 0 3 
18 -0.1921 4 2 8 36 -0.1017 5 0 7 

 
a) 

 
b) 

 
c) 

 
d) 

 
e) 

 
f) 

Figure 6. Process results of MP algorithm: a) source signal; b), 
c), d) is a intermediate results with 3, 10, 25, atoms, e) is a 
final result; f) is a residual signal 

5.2. Instrumental and perceptual measures 

Sound pressure levels and masking threshold for the given 
transitional speech segment (figure 6a) and residual signal 
after MP modeling (figure 6f) are shown on the figure 7. In 
figure 8, the perceptual distortion associated with the residual 
signal is shown as a function of the number of WP atoms that 
have been extracted for a short segment (figure 6a). As can be 
seen (figure 6b – 6e, figure 8) the perceptually most relevant 
components are selected first, resulting in a fast reduction of 
the perceptual distortion for the first components. 

Speech distortions have been measured using 
segmental/total signal ti noise ratio (SNR) where the noise is 
interpreted as a difference between original and modeling 
signals, and also, we have been used for the given purpose 
segmental/total noise to masking threshold ratio (NMR) [10]. 
Here, the noise is the residual speech signal, and the negative 
value of NMR shows the lower boundary of perception 
threshold and the positive value of it – the energy estimation 
of the audible distortions.  
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a) 

 
b) 

Figure 7. Sound pressure level + masking threshold: a) source; 
b) residual signal after MP modeling 

 
Figure 8. Distortion associated with residual signal after 
transient modeling with WP based dictionary as a function of 
number of WP atoms that were extracted 

Table 3 
Objectives test value depends on the m-th iteration 

m Total 
NMR 

Seg. 
NMR 

Total 
SNR 

Seg. 
SNR MBSD 

 [dB] [dB] [dB] [dB]  
3 -0.74 1.13 -3.36 -0.17 4.35 

10 -1.77 0.61 -2.56 0.22 1.89 
25 -2.29 0.35 -2.14 0.43 1.85 
36 -3.8 -0.44 -0.63 1.18 1.25 

 
The major drawback of the instrumental measurement is 

that it is relatively low correlated with the speech perception. 
From this reason, to quantify only audible difference between 
the original and modeling signals, perceptual measures are 
needed. For our experiments, Modified Bark Spectral 
Distortion (MBSD) [11] measure has been used with 
simplified calculating the loudness levels (non-linearity and 
sensory smearing was not taken into account). The results are 
shown in table 3. The estimated values give us information 
that the reconstructed signal has a good quality and estimates 
as near transparent from the signal coding point of view. 

6. Conclusions 
The transitional speech segments modeling by matching 
pursuit with psychoacoustic adaptive WP-based dictionary has 
been presented as an alternative to of matching pursuit with an 
over-complete WP-based dictionary. The major advantage of 
this method is that the WP-based dictionary is 
psychoacoustically optimized for the each transient speech 
segments. It is obtained to reduced the number of atoms 

required to achieve a given perceptual distortions. 
Furthermore, the proposed approach reduces the 
computational complexity of the transient modeling. This 
method has been successfully applied to transient modeling of 
speech signals, showing that synthesized transitional segments 
are precisely located at the part of the speech signal where the 
energy burst is. 
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