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ABSTRACT

In this paper, we present a new speech coding al-
gorithm with variable bit rate for telephonic domain.
The properties of the Discrete-Time Wavelet Trans-
form and several human psycho-acoustic features are
integrated in order to obtain a high quality of coded
signal, close to original. This approach allows to re-
duce the mean bit rate in the range of 10 kbit/s.

We describe there the main steps of the coding al-
gorithm. More specifically, we provide the solutions
to the following specific problems: choosing the type
of the Wavelet Transform, selecting the wavelets co-
efficients to send, quantifying all sending information
(coefficients values and auxiliary) and generating the
associated codes.

1. INTRODUCTION

The transform coding is an efficient compression
tool for the signals such as speech or images [5]. The
goal of a coding method is to reduce the intrinsic
redundance of signals and this can be obtained by
using an orthogonal transformation. Moreover, an
efficient integration of psycho-acoustic properties can
be performed, provided that the transformation was
choosen to have a good frequency interpretation.

An objective criterium is available in order to com-
pare the performances of the different transforma-
tions: the coding gain [5]. Tt is well known that the
theoretic Karhunen-Loéve Transform (TKL) produce
an optimal value for the coding gain [5]. Unfortu-
nately, the TKL cannot be used in practice because
of two major drawbacks: first, the associated basis of
signals depends on the original signal and, secondly,
it seems to be difficult to give a satisfactory frequency
interpretation of the coefficients. Accordingly, in the
practice, another transformations are used, like the
Discrete Cosine Transform (DCT) [4] or the Discrete-
Time Wavelet Transform (DTWT) [10]. These trans-
formations produce a sub-optimal coding gain, but
they are easy to implement and offer a suggestive fre-
quency effect: the signal spectrum is splitted in an
uniform or non uniform set of sub-bands.
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The coding algorithm described below is based on
the use of the DTWT. The major properties of the
wavelets allowed us to integrate a model of the human
auditory system [11] in order to increase the compres-
sion factor.

2. CODING ALGORITHM DESCRIPTION
2.1 On the Discrete-Time Wavelet Transform

The finite supported discrete-time wavelets [10]
have a lot of interesting properties, very useful for the
speech coding. In fact, these properties comes from
a particular structure of the discrete-time finite en-
ergy signals space [2, who reflects the multiresolutive
structure of the corresponding continuous space, L?
[3], [2]. These wavelets are orthogonal, recursive gen-
erated and the regularity of the corresponding con-
tinuous wavelets [3] varies proportional to the sup-
port dimension. Accordingly, the associated DTWT
is orthogonal (invertible), and it allows a non uni-
form (and even uttiform) frequency segmentation of
signals spectrum. The control of the regularity and
this specific frequency effect are particularly impor-
tant features for a good compresion of the redundant
non stationary signals such as speech.

The DTWT definition is based on a I? opera-
tors pair (Fy, F}) and on the corresponding adjoints
(Fg, F}) bellow:

[ (Fos)ln] 2 Y hlp— 2n] slp]
pEZ
(Pl S alp-2mlsl] g, ep
wr A (1)
(Fgs)ln] E Y hn- 2]l vnez
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Here, h,g € [?> are the wavelet-father and the
wavelet-mother respectively (the impulse responses of
a Quadratic Mirror Filters pair, in fact). Accordingly,
this operators are quadratical ones:

REF=RFZS, RE=RE=0,
FF,+F}F, =S .
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(S is the identity operator.) If the original signal
(s € 12) have 2L samples, then the direct DTWT is
defined by the following set of recursive relations:

citie = F 00 Ci% = F,CiE
[ cit = RO | ¢ = p oIk )
T - a1 o 3
. Vkel,2L-i-1 1
Vj€0,L~1 Al
7€ Vie0,L=2
Here, C%° = 5, Ok 4/ {C{;’k}pez are the wavelet

coefficients corresponding to the k** sub-band of the
j*" octave [10] and L points to the coarsest time reso-
lution accepted in the multiresolution analysis. If all
above coeflicients are computed, then the frequency
segmentation performed by the DTWT is uniform. It
is sufficient to stop the computation before the end
to obtain a non uniform spectrum splitting.

The inverse DTWT is defined as follows:

Cik = FpCink 4 Froi2h+l
Yke2l-i-1—1,1,VjeL-20 (4)
Cit = FpCitO 4 FrCit VjeL —1,0

The recursive relations (3) and (4) show that
the DTWT could be implemented by means of a
quadratic operators banks pair: an analysis bank for
the direct transform and a synthesis bank for the in-
verse one.” The binary tree structure of the analy-
sis bank maps to an unique frequency splitting con-
figuration. Thus, the choice of a DTWT could be
performed according to a predefined frequency seg-
mentation. A such segmentation is suggested by the
Hertz-Bark map (the barks scale) [11]. Consequently,
the properties of the human auditory system can be
used to choose the transformation.

The human aconstic perceptive model [11] express
the noise selectivity of the ear. Thus, the frequency
band of the audible sounds is splitted in 24 non uni-
form critical (sub-)bands. For the telephonic domain
speech, only the first 17 critical bands are selected.
Accordingly, the less complex analysis bank who per-
form the closest frequency splitting to the 17 band
structure is represented in the Figure 1. This bank is
a 32 operator block and 17 output tree. The label 0
or 1 points to the operator Fy or F} respectively.

We have allready shown [7] that the Daubechies
class of wavelets [3] have a much good coding proper-
ties than other classes, so the coding algorithm works
with the discrete-time bases wavelets choosen from
this class. Before the wavelet coefficients computa-
tion, the speech signal was first sampled at 8 kHz
and then segmented in frames of 32 ms. Every 2 ad-
Jacent frames overlap for 1 ms, in order to eliminate
the marginal effects.

2.2 Wavelet coefficients selection

After the coeflicients computation, an efficient se-
lection of the sending ones is possible, thanks to the
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Figure 1: The quadrature operators bank associated
to the Hertz-Bark map in the telephonic domain.

frequency effect of DTWT and to the properties of
the human auditory system. This selection is based
on a more and more refined classification of coeffi-
cients, described bellow.

First, the signal frames are classified in 3 classes
as follows [4]: if a frame have the energy less than a
threshold, then it represents a silent part; otherwise,
the frame is either unvoiced (if the first terme of au-
tocorrelation is less than 0.6 or if the samples sign
changes more than 100 times in 10 ms), or voiced.

Then, the coeflicients of every frame are classified
according to the frequency masking phenomenon [11],
[8]. This phenomenon express the noise masking ca-
pacity of the ear, depending on the intensity and fre-
quency range. More specifically, all noises with the
spectrum bellow a so called ”masking curve”, are in-
audible. A staircase approximation of the masking
curve could be constructed using the Johnston al-
gorithm [6]. Thus, for each critical band i € T,17,
a masking threshold SJ[i] is evaluated. In order to
present the thresholds evaluation procedure, we will
change the coefficients notations: hereafter, C;; will
stand for C'If;’k (it is obvious that every pair (j, k) maps
to an unique sub-band 7).

1. The construction of energetic spectrum

First, the signal energy of the sub-band ¢ € T, 17
(with m; coeflicients) is expressed as follows:

=3 [cif 5)

The set {£[i]};c177 is a staircase approximation of
the signal spectrum, called ”energetic spectrum”.

2. The construction of auditory spectrum

The energetic spectrum is then used to construct
the ”auditory spectrum” A, as follows:

Al = (E*xB)[i] = Z En] Bl —n] (6)

In this convolution formula, ¢ € 1,17 and B is an ap-
proximation of the basilar membrane spreading func-
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tion, as expressed bellow [8]:

; 10727 p<0
Bn Y {1 , n=0 )
10— , n>0

Actually, the real auditory spectrum was approxi-
mated on its turn by A, under the simplifying hy-
pothesis that in every sub-band ¢ € 1,17 only a mid-
dle centered frequency of power £[i] is present [6).

3. The construction of masking thresholds

The staircase approximation of the masking curve,
8, is constructed by aplying the following correction
to the auditory spectrum:

[Slillap = max{[A[i]lyp — SMR[], Sali]},  (8)

where i € 1,17 and [z]4p points to the value in dB
of z. For each i € 1,17, SMRJ[i] is an offset (in dB)
called ”signal-to-masking ratio” and S,[] represents
the absolute auditory threshold (in dB too).

The SMR. depends on the spectral nature of the
signal (noise or tone) [6] and on the current sub-
band. The behaviour of the SMR is correlated with
the coarse classification of coeflicients, stated above
[4]. Thus, for the silence and the unvoiced frames,
the SMR is constant (8dB), but a variable offset is
necessary for the voiced ones:

20dB , 1€1,8

SMR[i]Z{(%—i)dB Ciesm O

The absolute auditory thresholds was evaluated ex-
perimentally. Finally, the masking thresholds was
normalized [6].

¢/ dB N
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Figure 2: Original signal spectrum (a), staircase ap-
prozimation of masking curve (b) and quantification
noise (¢) for coefficient bit allocation.

An example of the staircase masking curve associ-
ated to a signal frame is illustrated in the Figure 2.
Practically, every masking threshold S[i] represents
the maximum noise quantity who could be added in
the i** sub-band without affecting the quality of the
original signal. In order to refine our classification,
we have supposed that the value S[i] is uniformly
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distributed between the m; coefficients of the ith
sub-band. Consequently, the value M[i] = S[i]/m;
(i € 1T,17) is the maximum variance admissible for
the noise induced by the quantification of coefficients.
These remarks allow to evaluate the set of steps
corresponding to an uniform quantificator:

Ali] = 12 M[i], VYieII7. (10)

According to this, the classification can be refined as
follows: for each frame, all the coefficients localized
in the sub-band ¢ € 1,17 who verify the restriction:

cil > 51 (1

are “unmasked” and cannot be eliminated from the
synthesis algorithm. The other ones are ”masked”
and they could be either eliminated or quantified with
a small accuracy. Practically, we have found that
the masking coefficients represent about 40% of every
unvoiced frame and even 60% of every voiced one or of
the silence. This result is due to the joint properties
of the DTWT and human auditory system.

2.3 Quantification and bit allocation

An uniform quantification method was used for bit
representation of unmasked coefficients. To perform
the bit allocation, two methods was compared.

1. Coefficient bit allocation and Huffman coding
In this method, the number of levels necessary to
quantify every coefficient is first evaluated as follows:

. e 1 —
N! = oL . Z,Viel,17. (12
P lA[i]+2J» VpeZ, Vie (12)
Here, |z]| is the integer part of x. Then, for each
coeflicient C’;;, two types of sending informations are
specified: main (the number N; above) and auxiliary
(the step Alé], the sign and the masking type).

0.5 —T T T T
+B.3F :
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Figure 3: The histogram of levels number required in
the Huffman codes gencration.

The Huffman method {5] was selected to coding all
sending informations. We have found that the his-
togram of coefficients percentage depending on the
number N;; shows like in the Figure 3. This graph
was obtained for a set of 1 minute French sentences
pronounced by either men or women. It shows that
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more than 40% of coefficients are masked. The levels
distribution is non uniform, so that the use of an en-
tropic coding method (like Huffman one) is justified.

Beyond the bits to represent the number of levels
~ and the sign, a bit of masking type was reserved in
every Huffman code. A supplementary code is sent for
each sub-band in order to indicate the quantification
step (10). This code could represent not the step, but
either the masking threshold (8) or the energy (5) and
even the characteristic sub-band dispersion instead.
We have decided to represent the sub-band dispersion
o?[i] = £[i]/m, in order to exploit the silence in a
bit rate decreasing approach. Every dispersion was
uniformly quantified in the logarithmicscale, by using
4-5 bits.

Finally, we have evaluated the mean bit rate at
18 kbits/s and the mean signal-to-noise ratio (SN R)
at 20dB. The quantification noise is well masked, as
we can see in the Figure 2. The hearing tests showed
that the auditors have not found the differences be-
tween the original signal and the coded one.

2. Sub-band bit allocation

In this approach, all the coefficients localized at

the sub-band 7 € 1,17 are represented with the same
number of bits, R[i]:

. eld) ofi]

R[] = log, ok (13)
Here, €[7] is a performance factor depending on the
quantifier type and on the statistical distribution of
the entity to quantify. [5]. In this case, we have se-
lected an optimal Max-Lloyd quantifier [9]. The co-
efficients values was normalized by the corresponding
sub-band dispersion and quantified. The same cod-
ing rule above was preserved for the sub-band disper-
sions.
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Figure 4: Original signal spectrum (a), staircase ap-
prozimation of masking curve (b) and quantification
noise (c) for sub-band bit allocation.

The mean bit rate is 18 kbits/s too and the SNR
was evaluated at 19.2dB. In the Figure 4, we have
illustrated the same frame like in the Figure 2. As we
can see, the new quantification noise is well masked
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too. Meantime, the quality of the coded speech is
slightly affected because of bit allocation method (the
great amplitude coefficients was coded with an accu-
racy less than the little amplitude ones).

2.4 Using the silence to decrease the bit rate

In despite of the transparent quality, the coder
works with a high bit rate, so that an improvement
is necessary. In [1] was showed that about §0% of the
conversation time is spended with the silence. This
suggested us to use a different coding method for the
sending information concerning the silence. In fact,
any silence frame is just a background noise and the
human auditory system perceives only his spectrum
envelope. Consequently, the corresponding coefficient
codes may be removed, only the sub-band dispersion
codes being sent. At the decoder, we reconstruct the
silence with a gaussian noise generator by varying
the noise variance depending on the sub-band dis-
persions. Finally, the bit rate decrease to 10 kbits/s
and the quality is preserved transparent.

3. CONCLUSION

In this paper, a research path was opened towards
the applications of the Wavelet Transform in speech
coding. A new speech coding algorithm for the tele-
phonic domain was presented. The obtained results
are due to the efficient compression capacity of the
Discrete-Time Wavelet Transform and to the proper-
ties of the integrated human auditory model.
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