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Abstract

For application in mobile communication and store-and-foreward systems,
we would like to transmit speech signals at low bit rates. For this purpose a
RELP vocoder using Regular Pulse Exitation was developed, which works
at ~ 7 kbit/s.
In order to reduce this bit rate to values below 4.8 kbit/s, we considered
several strategies. Two strategies, which can be applied simultaneously or
apart, seem to be very suitable. They are (a) Vector Quantization of the
residual signal, and (b) Time Scale Modification (TSM) of the input speech
signal. With TSM we reduce the number of speech samples at the trans
mitter, and invert this operation at the receiver.
In this thesis we focus on two TSM algorithms, the Time Domain Harmonic
Scaling (TDHS) algorithm which uses pitch prediction, and the Synchro
nized Overlap and Add (SOLA) algorithm. Both algorithms are imple
mented and result in a 50% reduction of the bit rate of the speech signal.
This might yield an output bit rate of the vocoder of about 3.5 kbit/s. In
combination with vector quantization the resulting bit rate might even go
below 2 kbit/s.
Both TSM algorithms produce well intelligible speech reproductions and
preserve the speaker's specific voice characteristics. In perceptual tests
however, the TDHS program outperformed the SOLA program.
A first implementation of TDHS on a microprocessor showed that both
the TDHS and the pitch prediction algorithms can be realized on a single
processor.



ACF
ANUSC
DFT
FFT
FUSC
LP
LPC
Q
RELP
RPE
SCCC
SOLA
STF
STFT
STFTM
TDHS
TSM
VQ
voicefile

List of abbreviations.

AutoCorrelation Function
Adaptive Non-Uniform Sign clipping
Discrete Fourier Transform
Fast Fourier Transform
Filtering with Uniform Sign Clipping
Linear Predictive
Linear Predictive Coding
Quantizer
Residual Excited Linear Predictive
Regular Pulse Excitation
Segmented CrossCorrelation Function
Synchronized OverLap and Add
Short Time Fourier
Short Time Fourier Transform
Short Time Fourier Transform Magnitude
Time Domain Harmonic Scaling
Time Scale Modification
Vector Quantizer
file containing samples of voice signals

Remark: H we use the term 'output bit rate', we mean the bit rate at
the output of the RELP vocoder.
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Chapter 1

INTRODUCTION.

Development in voice coding during the last years shows roughly two ten
dencies. One tendency is towards a higher reproduction quality by using
more bandwidth which becomes available with the increased availability
of fiber optics. On the other side we see the need for reasonable quality
speech coding at low bit rates, below 10 kbit/s, for applications such as
mobile communication and store-and-foreward systems. While high qual
ity by using more bandwidth usually decreases the coder complexity, we see
an increased complexity for good quality coders working below 10 kbit/s.
A large class of coders working at low bit rates uses the specific charac
teristics of the voice signal to derive a suitable signal for transmission. As
a particular case of this class, the linear predictive vocoder tries to model
the voice signal by an all-pole filter excitated by a pulse-train. Both filter
coefficients and excitation signal are adaptively derived from the voice sig
nal. With a vocoder based on this principle, we have been able to reduce
the bit rate for good perceptual quality down to 7 kbit/s using bit saving
strategies like Regular Pulse Excitation and Vector Quantization.
In this thesis we will study some methods to even more reduce the bit rate l

of the vocoder while preserving the characteristics of the speaker. We will
deal with extensive algorithms which reduce the bit rate of the original voice
signal before the vocoder input. These algorithms are known as Time Scale
Modification algorithms. Reducing the input bit rate of the vocoder has
a double effect: it will reduce both the computational load of the vocoder

1 With bit rate we will indicate the output bit rate of the codec without the redundancy
which might be necessary for error detection/correction.
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and the output bit rate.
Since the algorithms have to be implemented on a microprocessor, we have
to pay attention to both the complexity and the quality of the algorithms.
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Chapter 2

MODELLING THE SPEECH
WAVEFORM.

In this chapter we will first describe a model of the speech waveform with
which we can understand the principles on which the vocoder and time
scale programs are based.
In 2.2 we will give the basics of linear prediction (LP) as used by the vocoder
to model the speech waveform. In 2.3 we will describe another technique
for the modelling of the speech waveform. This technique is based on
short-time Fourier (STF) analysis and serves to understand the time scale
modification algorithms that we will discuss in sections 3 and 4.

2.1 MODEL OF THE SPEECH WAVEFORM.

The human speech production mechanism can be described in terms of an
acoustic tube which is excited by an appropriate source, an air flow, to
generate the desired sound. It is common to use the term vocal tract (fig
2.1) for the acoustic tube. Different sounds are produced by changing the
shape of the vocal tract, whereas the pitch (the tone) is determined by the
periodicity of the excitation signal. We can see the vocal tract as a filter
that is excited by an air flow.

H we discard the silent parts in a speech waveform, we can distinguish
between two kinds of speech sounds referred to as voiced- and unvoiced

3



Figure 2.1: Cross-sectional view of the vocal mechanism (from [32]).

4



1-------- 200 msec -----------4·...1
~-----~-----~-----~-- -
I I I I

: I : :

I
I I

, I I I I I I IL L .J 1. L -' 1 J

1 f 1 u 1 d 1

~-----~-----~-----------I-------------------------,
I I I I I: I I
I I I I I I I I

I I

w 1

~ - - - - - i- - - - - - ~ - - - - - -1- - - - - - 1- - - - - - r - - - - - -1- - - - - - ., - - - - - -"l

I I I I I I I I !

I I • : I I I ,
I, , I

I

: I
I I I I I I I I IL J ~ 1 J L 1. ' ..J

1 If 1 e

,,, ,
'- J_

;-- - - - - - - r - - - - - ., - - - - - -i- - - - - -1- - - - - - I~ - - - - -,- - - - - - ,- - - - - - ~

: t I I t I I I I

: I I I t

,
I,

I • I I I___ L J 1 -1 J

1 s

Figure 2.2: Example of a speech waveform with voiced segments u/d/w/i/e
and unvoiced segments I It I I8 (from [32]).

5



e (I) S(t)=e(t)*v(t)

Vocal
- tract f-

v(t)

(a)

E(w) V(w)

l1llluuww~
(b)

2.".
T

S(w)=E(w)V(w)

ih. ,'f. __

Figure 2.3: Model of speech production in (a) time-domain, and (b) fre
quency domain (from [32]).

speech. In the case of voiced speech, the excitation of the vocal tract
consists of a quasi periodic pulse train representing the air flow through
the vocal tract cords. With unvoiced speech the excitation is generated
by forcing air through a constriction in the vocal tract. This creates a
turbulent air flow which produces a noise like excitation of the vocal tract.
In figure 2.2 we see both classes of speech sounds. We can clearly distinguish
between the quasi periodicity of the voiced speech sound as opposed to the
noise like unvoiced speech.
The above discussion suggests that the speech waveform can be modelled as
the response of a linear time-varying system, representing the vocal tract,
to an appropriate excitation. In the case of a fixed vocal tract shape, the
output of the system would be given by the convolution of the excitation and
vocal tract impulse response. As observed before however, the vocal tract
shape changes slowly in time. This makes it reasonable to approximate the
output of the model by considering the output on a short-time basis as the
convolution of the excitation and vocal tract impulse response. Figure 2.3
shows this model both in time- and in frequency domain.
For a periodic excitation (as with voiced speech) the output spectrum is a
line spectrum with harmonics spaced by 211"IT and with an envelope reflect
ing the vocal tract response. Since the vocal tract represents an acoustic
cavity, it is characterized by resonances corresponding to the resonant fre-

6



quencies of the acoustic cavity. These resonant frequencies are referred to
as formant frequencies. As the vocal tract shape changes to generate dif
ferent sounds and the excitation period changes with the tone, we will have
to view the spectrum of the speech signal on a short-time basis.

Many basic techniques for speech analysis and synthesis can be de
scribed in terms of the model that we have presented. In general, speech
analysis systems try to separate the excitation function from the vocal tract
characteristics. The excitation can for example be represented by whether
it is periodic and , if periodic, its ground frequency. The vocal tract char
acteristics can be described by a parametric model which represents the
impulse response or by samples of its spectrum.
The synthesizer configuration is of course highly dictated by the analyzer
and will normally use the parameters provided by the analysis together
with the excitation characteristics.

2.2 PRINCIPLES OF LINEAR PREDIC
TION.

The speech analysis and synthesis technique known as Linear Prediction
(LP) uses a parametric model to represent the vocal tract. Let us consider
a general rational function H(z) to model the vocal tract, with

H(z) = G 1 + Z;r=l bIZ~'l: (2.1)
1 - El:=l al:Z

We will need the numerator and denominator coefficients together with the
gain factor G to specify the model. In general (2.1) will represent a nonlin
ear function which requires the solution of a set of nonlinear equations in
order to estimate the parameters. H however the denominator or numer
ator order is zero, the determination of the parameters based on a mean
squared error criterion can be reduced to the solution of a set of linear
equations. For the case where the order of the numerator polynomal is
zero, corresponding to an all-pole model,.we obtain linear equations if we
minimize the mean squared error of the inverse filter H(Z)-l.
The importance of the all-pole model will be clear if we remember that the
vocal tract transfer function is mainly characterized by resonances, which
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are well represented by poles. This is the reason that in most speech anal
ysis applications the all-pole model has been used to model the vocal tract,
although even the function 2.1 will not be adequate to exactly represent
the complex speech waveform.
We will proceed here by giving an introduction to the mathematics involved
with the LP all-pole model.

2.2.1 The all-pole model.

The transfer function of the all-pole model is given by l

1
H(z) = G1 _ E" a Z-1 (2.2)

1=1 1

In order to estimate the parameters of the pth order all-pole model eq. 2.2,
we consider the impulse response v(n) of H(z) :

or

"v(n) = G6(n) + L a1v(n - k), n ~ 0
1=1

"v(n) = L a1v(n - k),n > 0
1=1

(2.3)

(2.4)

From eq. 2.4 we see that the response v(n) is a linear combination of
its previous p values.
Unless the data to be modelled corresponds exactly to the response of
an all-pole filter, the linear prediction from past samples will only be an
approximation to v(n). H we denote this approximation by v(n),

,
.v(n) = L a1v(n - k), n > 0

~1

(2.5)

then we can describe the error e(n) in the prediction, commonly referred
to as the residual, by

1 In the literature we often see the definition of A(I) as the inverse filter, here H(z) =
1/..4(z).
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(2.6)
- v(n) - v(n)e(n)

- v(n) - Et=1 akV(n - k), n > 0
H we choose the prediction coefficients ak so that they minimize the mean
squared value of the error given by

N-l N-l[ P ]2
ET =]; e2(n) =]; v(n) - Eakv(n - k) (2.7)

where N specifies the number of available data samples, then we can de
termine the parameters ak by setting

aET .-a = 0, 1= 1,2, ..,p
ai

(2.8)

with the result that

P

l: aktPik = tPiO, i = 1,2, .. , P
k=1

(2.9)

where

N-l

tPik = l: v(n - i)v(n - k)
ft=1

(2.10)

When all samples are available, N - 1 can be taken as infinite, and eq. 2.10
becomes

00

tPik = l: v(n - i)v(n - k), k = O,I, ..,p, i = 1,2, ..,p
"=1

(2.11)

And the coefficients in eq. 2.11 are the autocorrelation coefficients of v(n).
The differences between the equations 2.10 and 2.11 have resulted in two
different procedures for the estimation of the ak parameters [29,30]. The
first, referred to as the autocovariance method, uses a finit length segment
of the speech signal on which it applies the analysis specified by eq. 2.9 and
eq. 2.10. In the second method, a long windowed part of the speech signal
is used to approximate the autocorrelation function. With this method
we substitute the approximated autocorrelation coefficients directly for the

9



(2.13)

coefficients <Pik of eq. 2.9. This method is known as the autocorrelation
method. Both methods are applied to successive segments of the speech
signal so that the coefficients of the model are continuously updated to
account for the changes of the vocal tract2 •

The autocorrelation method is more often used in practice since there are
some efficient techniques available for the solution of the resulting equa
tions [29,30,32]. The vocoder as we will describe in section 1.3 uses this
autocorrelation method.
With equations 2.9 and 2.10 we are able to specify the filter coefficients ak,
but we still have to specify the gain factor G.
Let h(n) be the impulse response of the all-pole filter H(z) with ak solutions
of eq. 2.9, then h(n) satisfies

p

h(n) = L akh(n - k) + G6(n) (2.12)
k=1

Let furthermore R(k) be the autocorrelation function of h(n), then, by
multiplying eq. 2.12 with h(n), summing over n and recognizing that h(O) =
G, we obtain

p

R(O) = L akR(k) + G2

k=1

Which gives the following expression for the gain G

P

G2 = R(O) - L akR(k)
k=1

We still have to determinate the excitation signal which, in the syn
thesizer, will excitate the filter characterized by the linear prediction pa
rameters. This excitation signal is generally derived from the error signal
obtained by filtering the original speech with the inverse filter, and is an
approximation of the excitation component of the speech waveform. Sev
eral techniques are known to derive useful excitation parameters from this
error signal [2-8].

2To avoid the effect of large changes in parameters due to the continuously updated
coefficients, it is generally necessary to provide a smooth transition between the parameters
by interpolation between frames.
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Figure 2.4: System for determining the STFT.

2.3 SHORT TIME FOURIER ANALYSIS
AND SYNTHESIS OF SPEECH.

In 1.1 we saw that, in the frequency domain, speech can be represented on
a short-time basis as the product of a spectral envelope, characterizing the
vocal tract, and an excitation.
Since the excitation parameters are reflected in the frequency spacing of
the pitch harmonics (for voiced speech) and the vocal tract is dominated
by the formant frequencies, it is convenient to base speech analysis on a
frequency domain representation. Due to the changes in time of both the
excitation and vocal tract, the spectral representation has to be based on
a short-time Fourier transform (STFT).

Let s(n) be a sequence of speech samples, the short-time Fourier tran
sform S(w, n) is defined as

+00
S(w, n) = L s(k)h(n - k)e-;w1:

1:=-00

(2.14)

Equation 2.14 represents the Fourier transform of a windowed segment of
the speech waveform s(n) as the window h(n) slides in time. The STFT
can be represented by a filter bank by writing eq. 2.14 as the convolution
of h(n) with s(n) modulated by e-;wn, that is

S(w, n) = [s(n)e-;i.m] • h(n) (2.15)

which is depicted in figure 2.4. Here h(n) is a lowpass filter.

11



I

Jwn
.(n)----.~ h(n)e

Jwn
r------~~S(w,n) "

Figure 2.5: Alternative system for determining the STFT.

An alternative form of eq. 2.15 is given in eq. 2.16 and figure 2.5 , where
h(n)e'"wn represents a bandpass filter with center frequency wn.

S(w, n) = e-;wn {8(n) * [h(n)e'"wn]} (2.16)

Evaluation of the STFT at equally spaced frequencies Wr _ 2;;, r =
0,1, .. , N - 1, can be done using the fast Fourier transform (FFT). H we
define Sr(n) so that

we get

+00 . d
Sr(n) = L 8(k)h(n - k)e-,2lr 11

6:=-00

H we substitute k =1+ n in equation eq. 2.18, we obtain

Sr(n) - Et~oo 8(1 + n)h(-1) e-;2lrr f7f

- e-;2frr; Et~oo 8(1 + n)h(_1)e-;2fr~

(2.17)

(2.18)

(2.19)

We can devide eq. 2.19 into intervals of length N, and, summing over all
contributions, we get

+00 .N+N-l
Sr(n) = e-;2lrrg L L 8(1 + n)h(-l)e-;2lr~

m=-oo l=mN

(2.20)

By changing the variables on the inner sum and using the periodicity of
·2 !!. •e-' fr 11 , we can rewrIte eq. 2.20 as

12
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Figure 2.6: Computation of the STFT using the FFT algorithm.

with
+00

s(k,n) = L s(n + k + mN)h(-k - mN), k = 0, 1, ..,N-l
m=-oo

(2.21)

In eq. 2.21 we recognize the N-point discrete Fourier transform (DFT), for
a fixed n, of the sequence s(n). The procedure to obtain Sr(n) from s(n)
according to eq. 2.21 is depicted in figure 2.6.
For analysis purposes we can use the following set of formules derived from
eq. 2.18 in the same way as we derived eq. 2.16 from eq. 2.14

13
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Figure 2.7: Filter bank implementation of the STF analysis.

where

h,.(n) = h(n)e;2lf 'N (2.23)

Here h,.(n) can be seen as a complex bandpass filter with center frequency
w = 2;;. So eq. 2.22 and eq. 2.23 can be depicted as a bank of complex
bandpass filters as in figure 2.7.

H the sum of the frequency responses of the filters in figure 2.7 is a constant,
then s(n) can be reconstructed by summing the outputs of the filter bank
as follows

1 N-l

s(n) = N L S,.(n)e;2lfI}f, forall n,
r=O

if h(n) is chosen such that

{
h(O) - 1

h(n) - 0, n =±N, ±2N, ...

14

(2.24)



Since the analysis and synthesis method based on the STFT as described do
not strongly depend on the speech model of section 1.1, its use for band
width reduction is limited. It has however shown to be useful in speed
transformation of speech. Furthermore, if we introduce elements of the
discussed speech model in the STFT analysis, e.g. the pitch period, we
can increase the achievable bandwidth reduction. This will be discussed in
sections 3 and 4 where we describe the time scale algorithms.
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Chapter 3

THE REGULAR PULSE
EXCITED VOCODER.

A vocoder working at low bit rates, based on the principles of section 2.2,
will shortly be described here as it forms the body of the presented work.
In this section we will not deal with the mathematics involved with the
vocoder concept. We are mainly interested in the reduction of the out
put bit rate and therefore we will concentrate on the ways in which the
RPE-vocoder realizes bit rate reduction. A more mathematical approach
is presented in [31].
In the discussion we will use I/A(z) in stead of H(z) of section 2.2 since
this is more commonly used in literature about vocoders. Thus l

1 p

A(z) = H(z) = 1 +Eatz-
t

With the results from section 2.2 we can design the basic structure of a
linear prediction trans~itteras in figure 3.1a. We can briefly describe the
codec principle as follows.

The voice signal x(n) is filtered by the inverse filter A(z), which is used as
an analysis filter. With this filter we try to find the optimal filter coeffi
cients at as discussed in section 2.2. These filter coefficients, together with

1 Note that we changed the sign with respect to eq. 2.2, this is not significant since the
Ok coefficients are still free to be chosen.
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Figure 3.1: Basic LP codec structures: (a) transmitter, (b) receiver.
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the excitation signal, will then be used by the synthesis filter A(Z) for the
reconstruction y(n) of the speech signal. The optimal filter is that filter
A(z) which gives the lowest residual energy.
At the receiver we use the filter coefficients and the excitation signal to
synthesize the approximated speech signal s(n) as depicted in figure 3.1b.
With this concept, we need to transmit the p filter coefficients together with
a representation of the excitation signal. The bit rates involved depend on
the coding strategies and, for the filter coefficients, on the segment length
after which they are updated.
For the basic vocoder realized at the Telettra DSP Laboratories we used
scalar quantization of the filter coefficients which, with the parameters of
table 1.1, results in a bit rate of 1250 bit/s for the transmission of the filter
coefficients.

Table 9.1: Basic vocoder parameters.

sampling frequency 8 kHz
LP filter order p 10
update rate filter coefficients 24 IDS

quantizer for filter coefficients 3 bit

For determining the bit rate involved with the residual or excitation signal,
we have to introduce the concept of Regular Pulse Excitation (RPE).

3.1 REGULAR PULSE EXCITATION.

The RPE method is a special form of the Multi-pulse excitation model. In
the multi-pulse model, the excitation of the synthesis filter consists of a
pulse train with pulse positions and amplitudes chosen so, as to minimize a
certain difference between the original and reconstructed signal (fig. 3.2).
The quality achievable with multi-pulse excitation is high, but this at the
expense of a large computational burden involved with the determination
of the pulse positions and amplitudes.

18
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Figure 3.2: Selection of the multi-pulse excitation signal.

With regular pulse excitation we reduce the computational complexcity by
restricting the possible pulse positions to a small, fixed set of configura
tions. The set of possible configurations consists of so called downsampled
sequences. Downsampled because the sequences have only non- zero am
plitudes at regular subsets of the original sample amplitudes as depicted in
figure 3.3.
The downsampled sequences are characterized by there phase ~i, i =
0,1.., N, with N the number of sequences. For transmission purposes it
is of course convenient to choose N as a power of 2. An accepted choice for
N is N = 4 as in figure 3.3 (downsampling factor of 4).
The length of one downsampled sequence, and with that the update period

of the phase, is limited by both the quasi stationarity of the speech signal
and the increasing number of computations for increasing lengths. We use
a RPE frame length of 32 samples (4 ms).

Computation of the excitation signal by using downsampled sequences
thus consists of the proper selection of the phase and the amplitudes of the
non-zero samples of the sequence. The amplitudes of the non-zero samples
are quantized with a 8 level scalar quantizer which uses a normalization
factor (gain) to increase the accuracy. Table 3.2 gives the resulting para
meters of the RPE-vocoder with the involved bit-rates shown in table 3.3.
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Figure 3.3: Downsampled sequences, N = 4.

Table 9.t: Basic RPE-vocoder parameters.

sampling frequency 8 kHz
LP filter order p 10
update rate filter coefficients 24 ms
quantizer for filter coefficients 3 bit
quantizer for normalized pulses 3 bit
quantizer for gain 6 bit
RPE frame length 4 ms
downsampling factor 4

Table 9.9: Basic RPE-vocoder bit rates.

LP filter coefficients 1250 bit/s
phase 500 bit/s
pulse amplitudes 6000 bit/s
gain 250 bit/s
total 8000 bit/s
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Figure 3.4: Scalar quantizer (Q) versus vector quantizer (VQ).

3.2 VECTOR QUANTIZATION OF THE
FILTER COEFFICIENTS.

The first step made to further reduce the bit rate was the introduction of
Vector Quantization (VQ) [5,30,32] of the filter coefficients instead of scalar
quantization.
With vector quantization we take a group of N values (a vector of dimen

sion N), which we quantize in one step by searching that vector of length
N from a code book, that has the lowest distance to the original vector.
This is opposite to scalar quantization where we quantize the N values one
by one (fig. 3.4). Vector quantization of the filter coefficients has shown to
give good results [33], this also because the coefficients have rather limited
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and peaked distribution functions, which allow the creation of a good fitting
code book . The gain in bit rate of vector quantization is achieved by the
fact that we do not have to transmit the quantized values for every sam
ple (Q(an )), but only the adress of the selected codebook entry (code(n)).
Thus, the number of bits per vector depends on the codebook length.
For reasons stated before, we are not interested in the techniques for the
creation of a codebook and the best search algorithm. For the interested
reader we refer to [5,30,32,33].

Since we use a 10th order LP filter, we use 10 dimensional vectors and,
as in most literature, a codebook with 1024 entries. This means that we
have to transmit 10 bits for every quantized vector. In order to reduce the
computations involved with the search of the optimal vector, the codebook
is organized in a tree structure with 4 branches per node (fig. 3.5). This
configuration results in the bit rates as given in table 3.4.

Table 9.-1: Bit rates of RPE-vocoder with VQ.

with VQ without VQ
LP filter coefficients 416 bit/s 1250 bit/s
phase 500 bit/s
pulse amplitudes 6000 bit/s
gain 250 bit/s
total 7166 bit/s 8000 bit/s

A further modification that has been implemented in order to reduce
the bit rate, is an adaptive scalar quantizer for the pulse amplitudes, which
does not need the transmission of the gain. This saves other 250 bit/s,
resulting in an over-ali bit rate of 6916 bit/so

3.3 FURTHER REDUCING THE TRANS
MISSION BIT RATE.

To further reduce the bit rate of the described vocoder, we can choose
between various strategies. Choises made in the vocoder concept limit the
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Figure 3.6: Vocoder signals and points of interest for bit rate reduction.

effect of some of these strategies. Specially the Regular Pulse Excitation
(RPE) method used, reduces the effect of residual interpolation techniques.

Figure 3.6 indicates the points where we might be able to effectively
reduce the bit rate. We will briefly describe the apropriate strategies that
can be applied at these points in the following section.

1. reduction of the input speech bit rate:

• Time Scale Modification (TSM) ,

• periodically repeating or discarding sections of the speech signal.

2. change of the prediction filter used :

• change of order,

• different type of filter (Kalman).

3. vector quantization (already implemented).

4. processing the residual signal :

• vector quantization,

• change of the ratio used for the upsampled sequence,
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• periodically repeating or discarding sections of the residual sig
nal,

• pulse reduction techniques (already implemented: RPE),

• self excited vocoder (no excitation signal).

In the next sections we will describe the basics of the bit rate reduction
strategies as indicated in figure 3.6. The strategies are grouped as above:
(1) processing the speech signal (3.3.1) , (2) changing the prediction fil
ter characteristics (3.3.2), (3) vector quantization and (4) processing the
residual signal (3.3.3). For (3) we refer to [29].

3.3.1 Processing the speech signal.

H we have a look at the speech waveform (a.e. fig. 2.2) we see that speech
consists of strongly periodic parts, the voiced speech sections, and noise
like parts, the unvoiced speech sections. Two groups of bit rate reduction
strategies have been formulated based on these observations.
The first group uses the strong periodicity and similarity between specific
sections of voiced speech by regarding only one representative section which
will be periodically repeated at the receiver. The representative section
typically has a duration of one pitch-period. Great difficulties arise at the
boundaries of the sections due to discontinuities, and at unvoiced sequences
due to the noiselike nature of these sections.
A more subtile technique for the reduction of the input bit rate is Time
Scale Modification (TSM). With TSM we reduce (and afterwards increase)
the number of speech samples by shifting and averaging overlapping frames
of the signal. The harmonic structure of the signal during voiced sequences
is exploited by using an appropriate synchronization mechanism. This syn
chronization mechanism introduces a certain shift between the overlapping
frames that makes the algorithms average samples of similar sections. This
will be discussed in detail in chapters 3 and 4.
TSM performs also with unvoiced speech and is has less problems with
discontinuities at the frame boundaries. Bit rate reduction factors of up to
3 have prooved to be feasible with these TSM strategies.
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3.3.2 Changing the prediction filter.

The vocoder uses a 10th order LPC-filter which results in an output of 10
filter coefficients every frame of 192 samples. Using lineair quantization this
would result in a bit rate of 1250 bit/sec. Application of a vector quantizer
[5,9,29] reduces the bit rate involved to about 400 bit/sec.
Changing the order of the LPC-filter would reduce the bit rate proportion
ably. Experimental results [30] have shown that filter orders downto 7 (
280 bit/sec) yield acceptable speech quality.
Applying a Kalman filter [25,26,27,28] instead of a LPC- filter could sig
nificantly reduce the bit rate. At this moment however the computational
burden of the matrix manipulations involved with the Kalman approach is
too heavy for a real time implementation.
Due to the comparatively low bit rate involved with transmission of the
filter coefficients after vector quantization, further reduction is given a low
priority.

3.3.3 Processing the residual signal.

Most bits are allocated to the coding of the residual signal: 6000 bit/sec. A
significant reduction could be achieved by effectively representing the resid
ual signal. Several techniques have been proposed in the literature: vector
quantization [5,9,30,32], periodical repeating representative parts [22,23,24]
and self exciting vocoders [8]. The latter have no residual excitation at all.
Since the vocoder concept as described in section 2.1 already uses a residual
reduction technique, Regular Pulse Excitation (RPE), best results can be
expected by applying vector quantization to the residual signal. The self
exciting vocoder concept is expected to give comparatively poor quality
due to the spectral folding [8] excitation method used.

H we use a Time Scale Modification technique to reduce the input bit
rate, we obvioUsly also reduce the residual bit rate by the same factor.
As an extra advantage, we implicitly reduce the computational load of the
vocoder since the input bit rate will be reduced. So a reasonable approach
to the problem of bit rate reduction seems to be the combination of TSM
with Vector Quantization (VQ) of the residual signal. With TSM only we
could reduce the bit rate to ~ 3.5 kbit/s, TSM with VQ of the residual can

26



volo.

x'(nT)

x(nT) -------...-, ,
( 1

TSM- I codlDI i TSM-
'hlsloD l----~-·I traDsmlssloD 1-.----i... multlpllcatioD1...._---..... X(nTlq). 'ecodlDI IX'(nTlq)

l ·, J........ _.-.---<#

r.con.truct.d vole.

Figure 3.7: Time scale modification model.

result in a bit rate below 2 kbit/s. Since the concept of vector quantization
in the case of the residual signal is quite similar to vector quantization of
the filter coefficients as described in [30,32], we will concentrate on Time
Scale Modification of the original (sampled) speech signal.

3.4 TIME SCALE MODIFICATION STRATE
GIES.

The objective of Time Scale Modification (TSM) is to compress the speech
waveform in time with a certain factor q (q < 1) prior to coding at the
transmitter, then to expand to its original speed at the receiver (fig. 3.7).
This procedure results in a signal with q times less samples compared to
the original signal. In order to reduce the bit rate we transmit the TSM
signal at a speed of q times the original bit rate thus giving a signal with
the same time duration as the original signal, but with a different spectrum.

The first step, the compression of the speech signal, is in fact a time-scale
operation in which we change the time-scale (the signal duration) while
leaving the signal spectrum unchanged. By transmitting this time-scaled
signal at a lower rate, we perform a frequency scale modification in that
we change the signal spectrum. Considering this, the difference between
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time scaling and frequency scaling is expressed by the bit rate at which
we transmit the processed signal. Figure 3.8 shows the signals which are
typically for time scaling procedures.

Several strategies for the time scaling of a signal have been proposed
[10-18], most of them result in algorithms for time- domain time/frequency
scaling based on a kind of shifting and averaging speech samples in a syn
chronized fashion. Synchronisation is introduced in order to average speech
samples with resembling samples at a distance determined by a certain shift.
Due to the characteristics of the speech signal, the pitch period seems to
be the natural choice for synchronizing the algorithms. The Time Divi
sion Harmonic Scaling (TDHS), [14,16] algorithm as described in chapter
3 uses pitch estimation for synchronization purposes (fig. 3.9) Although
using pitch-estimation is expected to yield the best results, an alterna
tive synchronisation mechanism, Synchronized OverLap and Add (SOLA),
[10,11], will be studied in order to reduce the computations involved with
the pitch estimation procedure.

In the following chapter we will describe the principles and implementa
tion of TDHS and, in chapter 5, of the SOLA algorithm. Both algorithms
are based on frequency domain analysis but result in time domain opera
tions.
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Chapter 4

THE TIME DOMAIN
HARMONIC SCALING TSM
ALGORITHM.

The first time scale modification algorithm we will discuss, is the Time
Domain Harmonic Scaling algorithm which, see alse figure 3.9, uses pitch
prediction for synchronisation purposes. The TDHS algorithm as proposed
in [14] is based on frequency scaling by reducing (for compression) or in
creasing (expansion) the interharmonic spectral gaps of the pitch. This is
achieved by frequency shifting the pitch harmonics as shown in figure 4.l.
From the same figure we can see that the width of the interharmonic gap
will put a limit on the compression factor. H the compression factor is too
high, untolerable aliasing will occur. Factors upto 3 however are feasible
with acceptable interharmonic aliasing.
In principle the frequency shifting operations can be performed by using

a filter bank with center frequencies at multiples of the pitch harmonic and
using modulation/demodulation to move the center frequencies to their new
location (fig. 4.2). We will use this filter bank approach, as in [14] from
which we also took the formulas, in the following derivation of the TDHS
algorithm.
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4.1 PRINCIPLES OF THE TDHS ALGO
RITHM.

H we consider the L causal bandpass filters of figure 4.2 to be equally spaced
with center frequencies Wj: and unit-sample responses given by

(4.1)
hj:(nT) = 2h(nT)cos(wj:nT), k = 1,2, ... , L

Wj: = kli.w

The filter spacing li.w is chosen so, that the filter bank covers a frequency
range of [-f' f]' with T being the sampling interval.
The output signal from the kth filter (k > 0), for q = 1, is given by

Yj:(nT) - 2E:_oo z(rT)h(nT -'rT) cos [wj:(nT - rT)]

- 2Re {e;wl;nTX(wj:, nT)} , k = 1,2, ... , L
(4.2)

where

32



x(nT)

Figure 4.2: Filter bank model of TDHS.
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n

X(Wk' nT) A 2: x(rT)h(nT - rT)e-iwi;rT
r=-oo

(4.3)

X(Wk' nT) is called the Discrete Short-Time Fourier Transform (DSTFT)
of the input signal x(nT).
Let IX(Wk' nT)1 be the magnitude and 4>(Wk, nT) be the phase of X(Wk' nT),
then eq. 4.2 can be rewritten as

Yk(nT) = 2IX(Wk, nT) Icos [WknT + 4>(Wk, nT)] (4.4)

Frequency scaling the input sigal x(nT) by a factor q, where q < 1 for
frequency division and q > 1 for frequency multiplication, can be achieved
by scaling the instantaneous frequency of eq. 4.4. That is each carrier
frequency Wk and phase derivative 4>' (Wk' nT) multiplying by q and summing
up all the L frequency scaled filtered signals.
We define

!:1F. ~ IFp - Fa I (4.5)
p F.'

p

where Fp = the pitch period estimate and Fa = the real pitch period, as
a merit of the pitch estimation.
Let further the fundamental frequency 0 , be equal to 27rlFa and W" the
center frequency of the Ith subband, be given by W, = 27rlFp •

It can be shown [14] that 1!:10,1 = 10, - wli = 27rl!:1Fp and the phase
derivative 4>' (Wk' nT) is given by !:10, being the frequency deviation from
the center frequency of the lth subband.
The phase derivative 4>'(Wk' nT) will be small if !:1Fp is sufficiently small. IT
we are able to obtain a accurate estimate Fp of the real pitch period Fa ,
then a good approximation of frequency scaling is obtained by scaling only
the center frequencies Wk while neglecting the effect of the phase derivative.
By using this approximation we can derive the frequency scaled signal from
eq.4.2

(4.6)

In [14] is shown that for correct frequency scaling, division and multiplexing
with the same factor C, the Lth harmonic is restored in the original subband
if the error in the pitch estimation €p is limited by
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Thus for restoring M signal harmonics we need an estimation of the pitch
period Fp with an accuracy within

1
~ <-
p- 2CM

4.1.1 Derivation of the TDHS algorithm.

We assume the frequency scaling factor q to be real and expressed by q = r
where JJ. and 0 are integers. Furthermore we assume that the sampling T'
interval of the input signal is given by

T' = T (4.7)
JJ.

where T ~ Nyquist interval for the bandlimited speech signal. This is done
in order to prevent aliasing of the frequency scaled signal.
In the case of frequency-division q < 1 so if we choose JJ. = 1 and 0 > 1,
we get T' = T. For expansion of the original signal however, T' has to be
smaller then the Nyquist limit (I. > fNl/qui.t).

IT we rewrite eq. 4.6 with T changed to T' and if we add the channel for
k = 0, we obtain

k=I,2..,L,

k = o.
(4.8)

Let the frequency range [-?' ?] be divided into N (N is assumed to
be odd) equally spaced subbands with a spacing Ow = (;;'r The center

f . k 0 ±1 ±(N-l) . b 2drequencles Wja =, ,.., 2' are given y W" = (NT')·

By replacing T with T' and utilizing the periodicity in r of e-;wkrT' = e -i~""r
with period N together with the fact that all channel filters are frequency
shifted versions of the low-pass filter h(nT'), we obtain
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(4.9)

where

and

N-l
'~'"" ' , krG(k, nT ) = L..J g(rT , nT )WN

r=O

(4.10)

(4.11)

which is the DFT representation of the Npoint sequence g(rT', nT') given
by

00

g(rT',nT') = Lx(nT' - rT' - iNT')h(rT' + iNT'), r = 0, 1, ..,N-l
i=O

(4.12)
H the filter h(nT') is a FIR filter with h(nT') = 0 for n < 0 and n ~

M, M = mN with m a positive integer, then we can write eq. 4.12 as

m-l

g(rT', nT') = L x(nT' - rT' - iNT')h(rT' + iNT'), r = 0,1, .. , N - 1
i=O

(4.13)
Letting the number of channels L be equal to N;l we obtain from eq. 4.8,4.9
and 4.10

9 ' {2Re{W:k
(9-

1)G(k,nT')}' k=I,2, .. ,(N-l)/2
Yk(nT) = .

G(O, nT'), k = 0
(4.14)

To obtain the approximate frequency-scaled output signal y 9 we have to
sum the outputs of the L + 1 channels Y%

y' (nT) = G(O, nT) + 2Re {~W;'('-')G(k, nT) }
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By using the fact that the complex conjugate of G(k, nT') is given by
G*(k,nT') = G(N - k,nT') we can write

where

N-l

y9(nT') = L {W;k(9- 1)G(k, nT')} + Aq(nT')
k=O

(4.16)

(4.17)

l!.=..J.
2

Aq(nT') = [1- W;N9] L G*(k,nT')W;nk(9-1
)

k=1

We can simplify the equation 4.16 by forcing W;N9 to 1 and thus making
A9(nT') = o. This can be done by sampling y9 (nT') at time interval 6T'.
This is done by replacing n in eqA.16 and eqA.17 by n6 so that W;N9
becomes W;NI' = 1 since ~ is an integer value. By doing so we reduce the
number of samples of y9(nT') and have to be aware of aliasing. Since we
assumed T' to be ~ and q = r~ IJ we can operate without aliasing. If q is

an integer W;N9 will be equal to 1 even without the described procedure.
We now have

T N-l T
y9(n6T') = y9(~) = L G(k, ~)W;k(~-6) (4.18)

q k=O q

We will now proceed by first deriving a formula for frequency-division (or
time-scale compression) and next the formula for frequency multiplication.

• Frequency-Division.

We define C to be the frequency-division factor, C is rational and given by
~ = q = r (C > 1 so IJ > 6). Let Pc be given by

Pc A n(6 - IJ) mod N, O'~ Pc ~ N - 1 (4.19)

then we can rewrite eq. 4.18, by using the fact that WN is periodic in x
with period N, as
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N-l

yt (nCT) = L G(k, nCT)wNl:pe, (4.20)
~=o

which is the inverse DFT (scaled by N) of G(k, nCT) evaluated at r = Pe
as can be seen from eq. 4.11. So, with g(.,.) given by eq. 4.13,

1 , T
yo(nCT) = Ng(PeT ,nCT) = Ng(Pe-,nCT), (4.21)

p.

The speech band [-f' f] has been divided into Np subbands with center
frequencies w~ at mult~.les of the estimated pitch period as discussed ear
lier. The band [-?'? ' T' = ~, has been assumed to be divided into N
subbands, so we have = p.Np • With this we can rewrite eq. 4.19 as

with

where

IT we furthermore introduce Te

we get

PeT' = n (mod Ne)Te

and with T' = ~, C = ~ we obtain the next formula for the frequency
division of a signal x(nT):

m-l

y!(nCT) = L x(nT+aeNpT-iNpT)hN(iNeTe+n (mod Ne)Te) (4.22)
i=O
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where hN (.) = Nh(.).
From eq. 4.22 we see that the input signal x(nTl sampled at an interval
T has been transformed into an output signal ye (nCT) with sample in
terval CT. This does not cause aliasing since the frequency-divided signal
yiJ (nCT) has a C-times reduced bandwidth. As the input signal is given
in terms of nT, no oversampling with T' is necessary.
The signal yt (nCT) has the same time duration as the input signal x(nT)
if it is transmitted at a rate CIT. This is the signal we want. When the
same signal is transmitted at the original bit rate ~, yt(nCT) represents a
time- compressed signal which contains the same spectrum as the original
signal.
The term CleNpT shifts the input signal Np samples after every N e samples
of the input signal. In the time NeT we have computed N e output samples
but we have shifted N e + Np samples. The division factor is thus given by

N ..!:!.L 1
e C-l---- N =-

N e + Np if!J. - Np C

Furthermore, since (Ne+ Np)T = NeCT, the processing can be done con
tinuously on line.
The term -iNpT determines the distance Np between, and the number (i)
of input samples we use to average in order to compute yt(nCT).
The weighting window hN (n) is zero for InI 2:: N e and is repeated every
Np +N e (input-) samples. We shall discuss the window function hN lateron.

• Frequency Multiplication.

The derivation of the formula for frequency multiplication consists of the
same steps as for division. We now define the multiplication factor 8 =
q = i (8 > 1, Il > 1) and see that Il- 6 < o. Therefore we define P. instead
of Pc as

P. A n(ll- 6) (mod N), 0 ~ P. ~ N -1

So from eq. 4.18 we get
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, nT T nT
y (s) = Ng((N - p,) Po'S)·

IT we define the counterparts of Qc, N c and Tc to be

Q, ~ [NT [;.J
~ S

N, = Np -
S
-
-1

T, ~ T Np = T S - 1
N, S

we get the following formula for the frequency multiplication of a signal
x(nT)

y,(nT) =t x(nT - Q,NpT - iNpT)hN(iN,T, - n (mod N,)T,) (4.23)
S i=l

From eq 4.23 we see that we compute N, output samples by averaging m
weighted input samples at distance Np and then shift N, - Np samples of
the input signal. So the multiplication factor is given by

N, = S
N,-Np

Since (N,-Np)T = N,~, the processing of eq. 4.23 can be done continuously
on line.
We now still have to determine the window function hN and to introduce
the ANUSC pitch estimation algorithm.

4.2 THE WEIGTHING WINDOW FUNC
TION.

A basic requirement for the filter bank is that it has a linear phase and
uniform amplitude response in the speech band.
Phase linearity is obtained by requiring h(t) to be symmetrical
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mN.T
h(t) = h(mNpT - t), 0:5 t :5 2P

Here h(t) is the impulse response of an analog filter from which we can
derive hN (.) by sampling at the correct time instants.
A second requirement is that a periodic input signal, with period NoT and
Np set to No, should result in exact frequency scaling. This is obtained. [14,
page 127] by requiring that

m-l

L h(t + iNpT) = 1, 0:5 t:5 NpT
.=0

where we used x(nT) = x(nT - iNpT) (due to the periodicity of the input
signal) and eq 4.22 or 4.23.
In [14, page 127] it is shown that the group of filters described by

lin(n'l_
m line r,:. ),, ,
lin(n )cot(~)

m '

o

modd

m even

It'l > !f

(4.24)

where t' tt. Nt T' satisfies all the requirements. Thus the shape and length of
the filter dep~nds on m. Figure 4.3 shows some of the filters of eq. 4.24. For
m = 1 we have a rectangular filter, m = 2 results in the Hanning window
function.

The choise of m depends on several factors. First, m is limited by the
quasi-stationarity of the speech signal in order to prevent errant averaging
of samples. This limits m to take on values below at most 6. Next, the
number of computations increases linear with m, so we would prefer a low
value for m. A last aspect is that we have to be careful that the output
signal be continuous at the segment boundaries, this even with changing
windows. From eq. 4.24 we see that, for m odd, the window functions have
discontinuities at the end points which are undisirable.
A good compromise for m, is to use m = 2 which results in the Hanning
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Figure 4.3: Weighting window functions.

window. In the literature [14,16] the Hanning window often has been re
placed by a simple triangular window (fig. 4.3) without a significant loss
of quality while reducing the computations involved.

4.3 PITCH ESTIMATION.

Voiced speech, as discribed in section 1.1, is approximately periodic on a
short time basis. The objective of pitch estimation! is to measure the fun
damental frequency or pitch period. For exactly periodic signals, straight
forward time-domain measurements can be made to determinete the fun
damental frequency. When the waveform is not precisely periodic, as is the
case with speech waveforms, such simple methods will not be sufficiently
accurate.
The requirements for the pitch estimator regarding the TDHS algorithm
are not so high that we have to use a highly sophisticated algorithm as for

1 Here we use the tenn 'pitch estimation' in stead of the more commonly used tenn
'pitch prediction' since what we actually do is not to predict the pitch period, but to
estimate the pitch period from available speech samples.
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example described in [22]. For example the TDHS algorithm can do without
voiced/unvoiced decision or, when a voiced/unvoiced decision is made, the
value of N p can be set arbitrarily for the unvoiced parts. Most pitch estima
tion algorithms use a certain maximum of the short-time autocorrelation
function of the speech signal. H the length of the autocorrelation window
contains several pitch periods, the autocorrelation function will show peaks
at multiples of the pitch period. For good results the speech signal has to
be preprocessed before the computation of the autocorrelation function.

A common preprocessing method is low pass Filtering with Uniform
Sign Clipping (FUSC). FUSe has the disadvantage that it often fails at
the on- and offset of voiced speech segments due to the fixed (and more fit
to voiced segments) thresholds of the sign clipping algorithm used. For the
TDHS time scale operations these transition regions in the speech signal
are particularly difficult, so we would like to have the best possible pitch
estimation in these transitions. Another disadvantage of Fuse is the need
to store a whole frame before the sign clipping levels can be computed so
we cannot clip the samples directly on line.
The Adaptive Non-Uniform Sign Clipping preprocessor (ANUSC) as de
scribed in [21] uses variable thresholds which improve the performance of
the pitch estimation algorithm at the expense of a higher complexity. With
ANUSe it is also possible to clipp the samples as they become available.
We will first discuss the application of the autocorrelation function for pitch
detection and next the role and implementation of the ANUSe preproces
sor.

4.3.1 The autocorrelation function periodicity detec
tor.

For the pitch estimation we try to find the maximum of the normalized
autocorrelation function Rn(i) over Na. samples every Ni samples. Rn(i) is
given by

Rn( ') = R(i)
I R(O)

with R(i) the autocorrelation function (ACF)
N..

R(i) = L x(n)x(n - i)
n=i
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Figure 4.4: Ideal ANUSC thresholds (from [21]).

and R(O) the normalization factor given by

299

R(O) = L x2(n)
.-=0

(4.25)

The search for the maximum Rn(m) has to be extended over the range of
all possible values for the pitch period which is taken to be from 20 to 160
samples at a sampling frequency f. = 8000 Hz. So 20 ~ i ~ 160 thus
covering the range from 2.5 to 200 ms. For a voiced/unvoiced decision2 we
introduce a threshold for Rn(m) below which we consider a frame to be
unvoiced.

4.3.2 The ANUSC preprocessor.

The preprocessor used by pitch estimation algorithms has to remove redun
dant information from the speech signal which might detoriate the perfor
mance of the pitch estimator.

The objective of the ANUSC preprocessor is to clip all secondary wave
form excursions to zero and reducing the influence of the higher resonance
signal by clipping the main excursions to -lor +1. The main excursions
are those parts. of the speech signal which exceed a threshold. The ideal
ANUSC preprocessor would have a zero threshold during main excursions
and an threshold higher than the highest signal sample during the other

2For the TDHS TSM program we do not need a voiced/unvoiced decission but per
formance may be improved by introducing the voiced/unvoiced threshold. H we set the
threshold to lero, we avoid the voiced/unvoiced decision.
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Figure 4.5: ANUSC thresholds (from [21]).

part of the waveform as in figure 4.4. This can however only be imple
mented if we already know the position of the main excursions and thus
the pitch period. The adaptive sign clipper as proposed in [21] yields the
ideal ANUSC algorithm in that it has a constant (low) threshold during
main excursions and a decaying higher level during the other parts of the
signal as indicated in figure 4.5. The formal desciption is as follows

BEGIN

1. Initialize threshold levels (MAX and MIN) and decrease the thresh
olds until the signal exceeds a threshold

CL+ - MAXe--yt
CL- - MINye-..,t, t ~ 0,

where CL+ is the positive and CL - the negative threshold.

2. do a. and b. until end of voice

a. clipping a main excursion: if the' signal level is higher than CL +
(lower than CL-) then keep the threshold CL+ (CL-) constant while
decreasing CL - (CL+) and store the highest (lowest) signal level in
MAX (MIN).
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CL+ - constant
CL - - MINe--rt

update MAX

(CL- - constant)
(CL+ - MAXe--rt)

(update MIN)

b. after a main excursion has been clipped we again use the following
thresholds

CL+ - MAXe-..,t
CL- - MINye--rt

END.

The parameter "y depends on the average pitch Pov and is given by

1
"y =-

{3Pov

p _ Pov + P
ov - 2

(4.26)

with initialy {3 = 0.72 as in [21] and P the actual pitch estimate. The flow
chart of the ANUSC program is given in figure 4.6.

4.4 THE TDHS PROGRAM.
The TDHS program we realized consists of the TDHS algorithm as de
scribed above and the ANUSC pitch estimator. The flow chart of the
TDHS (time division) program is given in figure 4.7. We see in the straight
line from begin'to end the time scale procedures an on the left, separated,
the ANUSC and pitch estimation procedures. Separated because ANUSC
can be done on the arrival of a single sample but for the pitch predictor
we need a whole frame. Since we need a pitch estimate before we can start
with the time scaling process, we first have to read one frame for the pitch
estimator thus introducing a processing delay of 300 sample times.
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Figure 4.6: ANUSC flow chart.
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Figure 4.7: TDHS flow chart.
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The main problem in the realization of the ANUSC-TDHS algorithms is
caused by the (fast) changes of the pitch estimate. Ifwe have a look at figure
4.8, we can see that in the case of frequency multiplication we need to store
the two last pitch estimates due to the overlap of the windows. This effects
the number of samples we have to shift at the end of one multiplication
cycleS. If N, is the forelast and NNp the last pitch estimate, the shift for
frequency multiplication is given by

shift =m(N. - N,) ..:.' (NN. - N Np )

'With cycle being the computation of output lamples using one frame of input lamples.
For a multiplication cycle this meanl the computation of N. output lamples from N. - Np

input lamples.
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with

S
NN.=NNp -

S

-1

We would like to make two observations here:

- The shift will be negative if N Np < 2Np • This has no special meaning in a
mathematical sense, but requires the programming of two shift procedures.

- H the pitch estimate N Np « Np then, after completing the last cycle with
the large Np , we can complete several cycles with N Np • An other strategie
could be to complete as many cycles with N Np before even starting with
the last cycle with Np • This results in a more effective use of processing
time at the expense of higher complexity and more memory.
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Chapter 5

THE SOLA TSM
ALGORITHM.

The TDHS algorithm uses pitch estimation for synchronizing the averaging
process. Although this is probably the best strategy, it could make sense to
use a synchronisation mechanism which could do with less computations.
The Synchronized-OverLap-Add (SOLA) algorithm [10,11] uses a simple
autocorrelation function to determine the averaging interval.
The SOLA algorithm as discussed below allows furthermore for arbitrary
scaling factors and analysis windows (the analysis window of the TDHS
algorithm has to be a multiple of Np ).

The introduction to the SOLA algorithm is based on enforcing equality
of the Short Time Fourier Transform Magnitude (STFTM) of the origi
nal and frequency/time-scaled signal. Since both pitch period and spec
tral envelope are contained within the STFTM, it can well be used to
describe the speech waveform. An algorithm based on this principle is the
LSEE-MSTFTM algorithm as developed by Griffin and Lin []. The LSEE
MSTFTM algorithm produces successive signal estimates whose STFTM's
are monotonicaly closer to the required STFTM. An obvious drawback
of this method is the large computational burden caused by the iterative
nature of the algorithm. In [10] Roucos and Wilgus tried to reduce the
computations involved with the LSEE-MSTFTM algorithm by choosing
a good initial estimation that would require few iterations (5). The re
sulting SOLA algorithm turned out to give initial estimates which yield
high-quality time-scaled speech without any iterative application of the
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LSEE-MSTFT algorithm.

5.1 Derivation of the algorithm.

Let the speech signal be given by x(n) and the modification factor by a,
where a < 1 for frequency division and a> 1 for frequency multiplication.
We introduce two 'shift factors' : So is the analysis interframe interval and
S. the synthesis interframe interval. S. is related to So by S. = aSa' The
SOLA algorithm consists of taking overlapping frames of length N every So
samples of x(n), computing a shift offset factor km and constructing y(n)
every S. + km samples. The formal description is as follows

BEGIN

1. Initialization:

y(j) = x(j), 0:::; j :::; N - 1, m = O.

Repeat 2 and 3 until end of speech

2. Compute synchronization factor km ; km is the lag which maximizes
the cross-correlation Rm(k) between x(mSa+j) and y(mS.+j) where

and L the number of points of overlap between y(mS. + k + j) and
x(mSa+ j).

3. Compute output values: y(mS. + km +j) is constructed by weighting
and averaging x(mSa+j) with y(mS. T km +j) along there points of
overlap, and setting y(.) equal to the input signal for Lm :::; j :::; N -1:
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y(mS, + km + j) = (1 - f(j))y(mS, + km + j)+

f(j)x(mSa+ j), 0 ~ j ~ Lm - 1

y(mS, + km + j) = x(mSa+ j), Lm ~ j ~ N - 1
(5.1)

END.

Here f(j) is a weighting function with 0 ~ f(j) ~ 1 and Lm is the
range of overlap between y(mS, +km +j) and x(mSa+j). To prevent
erronous synchronization caused by high correlation between nearby
samples, we restrict Lm to values > ~.

As in [10] we take Sa to be equal to If when a < 1 and set Sa = ::
when a > 1. S, is in both cases aSa. For the filter f(j) we can use a
simple function given by f (j) = t.
It is useful to pay attention to the fact that, although the mean time
scale modification factor will be equal to a, the instantaneous scaling
factor depends on km and thus is not constant.

5.2 The SOLA program.

The realization of a program based on the SOLA time scaling algo
rithm as described in section 3.1 is rather straightforward. The main
problem is encountered by the determination of the synthesis frame
boundaries.

For updating the' output y(mS, + km T j) signal we need a number
of previous samples determined by km • Figure 5.1 shows the con
struction of frames used by the SOLA algorithm. H we take km to
be limited by - ~ ~ km ~ ~, we need the past - ~ samples from
y(mS,). We maintain two limits HUm.iC and LUmic which indicate the
maximum and minimum valid index of the y-array in order to deter
mine the number of samples for the overlap L and Lm •

First we modify the equations 5.1 to a frame to frame basis by setting

53



x(.1

k=O

N
•

Sa
~.

• • • • • •

)'(,1

k>O

k<O

---';km-..... ;

-km:"-

-...;km

•

-km:-
•

....-- km ---. ....-- km ---.

k=-N/2 • • • • • • • , • • • • • • .;
Cm-1IS. mS.

S. =old .ectlon

• • • • =update .ectlon

- - =new .ectlon

.Figure 5.1: Construction of frames fot SOLA.

54



mSa and mS, to 0 for x(.) resp. y(.), so we obtain

y(km+ j) - (1 - f(j))y(km + j) + f(j)x(j), 0 ~ j ~ Lm - 1

y(km+j) - x(j), Lm~j~N-l

(5.2)

To update the frames after completion of a cycle, we have to shift
x(.) Sa samples and y(.) S, samples. The value of HUmit will be
given by

HUmit = max(Humit - S" N + km)

and

L - min(Humit - km - k, N)

Lm min(Humit - km, N)

A flow chart of the SOLA Time-Scale Modification program is given
in figure 5.2.
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BEGIN

Initialize
parameters

shift x-frame

read new samples
read x-frame

copy x-to y
frame

Hlimit=N.Llimit=O

store y-samples
shift y-frame

Hhmit=Hhmil-Ss

L1imit =min<Lhmlt-Ss.-Nl2l

compute
cross-correlation

compute new
y-samples

Hhmil=maxQ-thmlt.N+W

N end of
voice

Figure 5.2: SOLA flow chart.
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Chapter 6

TESTS WITH THE TSM
ALGORITHMS.

The objectives of the tests we will describe are twofold: 1) establish
ment of the parameters of the programs and 2) selection of the most
suitable program for implementation or. a microprocessor. Most suit
able means that the quality of the processed speech must be as good
as possible while the complexity of the program must be so, that the
program can be run in real time on a microprocessor. With the best
program we will indicate the program which gives the best quality
while discarding the complexity.
The only meaningful way to determine the best program is to have
listening tests. In those tests, a number of listeners judge about the
quality of processed speech signals, and compare the results with the
original speech signal. For convenience and in order to obtain a more
objective performance measurement, we will also use the Segmented
Cross Correlation Function (SCCC) as proposed in [18] as a measure
of performance.
For both kinds of tests we can use a database of 73 sentences with dif
ferent speakers, or we can create our own testsequences (a.e. sinus).
The test files from the data base contain samples of speech signals
sampled at 8 kbit/s quantized with a 12 bit quantizer. Both test files
as programs are available on a VAX system.
For all tests we will describe we used a time scaling factor of 2 which,
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as reported in the literature, should yield good quality reconstruc
tions at acceptable complexity of the algorithms.
Before we have a look at the test results we will first define the SCCC
measurement method.

6.1 The Segmented Cross-Correlation Co
efficient.

In choosing a objective performance measure for TSM algorithms we
have to be aware of the fact that these algorithms do not reproduce the
input signal at the output but more or less substitute the input signal
by a similar signal. In this process, delays are introduced which are
difficult to cope with in objective performance measurements. Some
measurements have been proposed in the literature: signal-to-error
ratio [12], segmented signal-to-noise ratio [5], and segmented cross
correlation coefficient [18]. All of these compute a certain mean per
formance over a finite length segment of the signal. We have mainly
used a modificated SCCC measurement since it gives a good insight
into the sort of distortion that occures. The segmented signal-to-noise
ratio which we have used occasionally, exhibits the same characteris
tics as the SCCC without giving extra information. The modificated
SCCC is given by the next formula:

sccc = Ef;-ol x(i)y(i + disp)

VEf;-ol x2(i)y2(i + disp)

where L is the segment length and disp a displacement which ac
counts for the eventual delays between original and reproduced voice
signal. This displacement is obtained by computing the maximum
of the cross- correlation function of x and y over one segment L (or
less).
With the above defined SCCC, we have a rather powerful tool for
analysing the TSM results. Apart from the bare SCCC performance
and mean SCCC, we can also analyse the distribution of the displace
ment disp which, preferably, should be as small as possible and ,more
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important, as constant as possible. By changing the segment length
L, we can make a more detailed (small L) or coarse (large L) analysis.

In the following section we will describe the determination of the
optimal parameters for which we used mainly the SCCC performance.
Next, we will discuss the perceptual tests.

6.2 DETERMINATION OF THE PARA
METERS.

6.2.1 Determination of the optimum SOLA pa
rameters.

The SOLA program as derived in chapter 4 has two parameters of
interest if we take a fixed scaling factor: the frame length N and the
range of the lag k",. In [10,11] the lag was bound by -~ ~ k", ~ ~,

with N in the order of 100. We initially chose N = 120 and perfor
med tests to determine the best range of k",. The results are given in
figure 6.1. We see that the results for -If ~ k", ~ ~ and 0 ~ k", ~ N
are very good, while for - N ~ k", ~ 0 the resulting TSM reconstru
ction is clearly degraded. This might be explained by the fact that
with -N ~ k", ~ 0 we synchronize with already processed (avera
ged) samples and not with new voice samples thus conserving initial
errors.

Figure 6.2 shows a reconstructed sinus (it looks like a cosinus due
to introduced delays) which shows clearly the high quality of the re
construction, even at the first samples.
The next step was to use the testfile sinsam.sam (see appendix A)
with sinusoids of different, increasingly lower, frequencies. Here we
have to face the problem of transitions, which are very abrupt in this
file. Figure 6.3 shows the SCCC performance of SOLA with N = 200
and - ~ ~ k", ~ ~. We have ch06~n N = 200 in order to be able
to synchronize correctly for the lowest frequencies (longest period is
lOOT) occuring in the testfile. The figure 6.3 shows clearly the diffi
culties the SOLA (and any other TSM) program has with transitions.
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-

quality speech. With 0 :$ km :$ N, the result becomes even better
(figure 6.4).
So we can conclude thusfar that for the range of the lag km , we can

choose from - ~ :$ km :$ ~ to 0 :$ km :$ N with a small preference
for the last, and that N should be chosen to be larger than the largest
pitch period which occurs in the signal. The test with voicefiles will
lead to a more precise specification of the parameters.

Table 6.1: Test file characteristics.

file name characteristics
FOl.sam female, many transitions, short pitch
F02.sam male, medium to long pitch
F03.sam male, medium pitch
MUC8F.sam female, sharp transitions

For practical reasons we used mainly 4 voicefiles from the larger data
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Figure 6.4: SCCC performance of SOLA with input file
sinsam.sam, 0 :$ km :$ N.

base. These files (table 6.1) have different characteristics and are rea
sonably representative for the data base.

A first series of tests was performed in order to determine the opti
mum value of N. From table 6.2 we can see that values for N in the
range of 180 to 200 may be considered good. With the parameter
N = 200 we performed a more extended test to determine the best
range for km • The results, which are given in table 6.3, demonstrate
a clear preference for the case 0 :$ km :$ N.
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Table 6.e: Determination of N.

mean SCCC over 8000 samples
N F02.sam F03.sam
100 0.594 0.757
140 0.673 0.770
180 0.678 0.772
200 0.644 0.788
240 0.662 0.765

-If ~ km ~ If

Table 6.9: Determination of km •

mean SCCC over all samples
file name -If ~ km ~ l'f o~ km ~ N
FOl.sam 0.653 0.798
F02.sam 0.637 0.796
F03.sam 0.668 0.830
MUC8F.sam 0.751 0.880

N =200

6.2.2 Determination of the optimum TDHS pa
rameters.

For the TDHS program we want to optimize three parameters (which
are in fact ANUSC parameters): (1) the voiced/unvoiced threshold
which we shall call the corrthres, (2) the minimum pitch period N pm•n

that we use in the pitch estimation procedure and (3) the {3 parameter
of equation 4.26 which determinates the exponentional decay of the
ANUSC thresholds. Tests with files containing samples of sinusoids
proved to be not useful for establishing the parameters. We used
voicefiles for the first tests.
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Table 6..4: Determination of {3,corrmin and Npmin

parameter mean SCCC over 8000 samples
{3 FOl.sam F02.sam F03.sam

0.4 0.680 0.669
0.5 0.680 0.676
0.6 0.704 0.766
0.7 0.689 0.680

corrmin
4 0.690 0.612 0.658
10 0.688 0.720 0.681
15 0.722 0.641 0.681
20 0.704 0.766 0.681
25 0.713 0.652 0.612

Npmift

0.10 0.697 0.662
0.15 0.704 0.766
0.20 0.691 0.665
0.25 0.679 0.593
0.30 0.692 0.587

Table 6.4 shows the results of the tests with variable {3, corrmin and
Npmin , figure 6.5 represents the results in a graphical form. While {3
and corrthres show a more ore less clear optimum, Npmin seems to be
less critical. However, setting Npmin to small values (less than ~ 10)
yields bad results probably due to high correlation between nearby
samples. We choose Npmin in the range of 15 to 20 samples.

In the next test we applied the TDHS program to the file with
sinusoids of varying frequencies. The SCCC result with parameters
{3 = 0.6, corrthres=0.15 and Npmin = 20 are given in figure 6.6. The
degraded performance for n ~ 6500 is due to the fact that the ANUSC
pitch-predictor was limited to pitch periods below 160T while the pe
riod of the sinus from 7000 to 8000 equals 160T. Figure 6.7 shows the
pitch-predictor output indicating the erroneous pitch for n ~ 7000.
Figure 6.8a shows a detail of the original file with two transitions,
6.8b shows the TDHS reproduction of this detail and 6.8c the corre
sponding ANUSC pitch-predictor output.
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Figure 6.6: SCCC performance of TDHS with sinsam.sam.

With the same voicefiles as used by SOLA we performed an extended
test with the parameters fJ = 0.6, corrthres=0.15 and NP_ in = 20.
Next we changed corrthres to zero thus avoiding the voiced/unvoiced
decision. The results are given in table 5.5.

Table 6.5: Test 01 TDHS with voicefiles.

mean SCCC over all samples
file name corrthres=O.15 corrthres=O
FOl.sam 0.801 0.806
F02.sam 0.741 0.764
F03.sam 0.780 0.792
MUC8F.sam 0.792 -0.850

From these results we see that the test with corrthres=O outperforms
the test with voiced/unvoiced decission. This is very convenient be.-
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Figure 6.7: ANUSC pitch-predictor output.

cause the program becomes somewhat less complicated and gains in
speed since we do not have to compute the normalisation factor R(O)
of equation 4.25.

At this point we can compare the SCCC performance of SOLA with
that of TDHS by comparing the best results of table 6.3 with those
of table 6.5, this is done in table 6.6. We see that the SCCC perfo
rmance of the SOLA program is about 0.03 points better than with
TDHS.

Table 6.6: Comparing SOLA with TDHS.

mean SCCC over all samples
file name SOLA TDHS
FOl.sam 0.798 0.806
F02.sam 0.796 0.764
F03.sam 0.830 0.792
MUC8F.sam 0.880 0.850
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reconstruction and (c) ANUSC-PP output.
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As a last test, we computed the spectra of the first 1000 samples of the
voice file MUC8F.sam and of the SOLA- and TDHS- reconstruction of
that file. The results are displayed in figure 6.9. We see that, although
both reconstructions seem to be quite good, the TDHS reconstruction
follows the original spectrum more closely.
So, since the SOLA algorithm yields better SCCC performance and
the TDHS seems to give a better approximation of the spectrum, we
have to do perceptual tests to decide which algorithm performs best.

6.3 PERCEPTUAL TESTS.

In order to listen to the voice files or processed files, we need a D/ A
converter with a low pass filter and ,optionally, a volume regulator
and amplifier (fig 6.10).
Since a suitable 12 bit D/ A-converter was available on a IBM-PC, we
transferred the files with the speech samples to the PC. A passive low
pass filter with cut-off frequency of 3400 Hz, together with a volume
regulator and amplifier, were designed and realised (Appendix B).
With the configuration of figure 6.10 and the components we used,
we achieved good quality output although a certain distortion was
noticed even with the original test files. This is however not too
important since we are mainly interested in comparing the quality of
processed and unprocessed sentences, and not in the absolute quality.

For the tests we used the four voice files as we described before (table
6.1), and the following algorithms:

• SOLA-I: SOLA with -100:::; km :::; 100.

• SOLA-2: SOLA with 0 :::; km :::; 200.

• TDHS-1: TDHS with corrthres=0.15, fJ = 0.6, Nil_in = 20.

• TDHS-2: TDHS with corrthres=O, fJ = 0.6, Nil_in = 20.
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Figure 6.10: Perceptual test configuration.

The SCCC performance of these algorithms are given in tables 6.3
and 6.5, and are summarized in figure 6.11. In figure 6.11 we added
the performance of the vocoder program for comparing purposes.

We first compared SOLA-l with SOLA-2 and TDHS-l with TDHS
2 in order to determine the best results, which will be used for the
confrontation between SOLA and TDHS.
From the SOLA programs we see that SOLA-2 clearly outperforms
SOLA-I, confirming the SCCC difference of ~ 0.2 points in favour
of SOLA-2. The SOLA-l program gives in fact unacceptable distor
tions and artificial sounds.
The confrontation between TDHS-l and TDHS-2 gives less differe
nce, as could be expected from figure 6.11. Still, TDHS-2 outperfo
rms TDHS-l significantly in that it , specially in the unvoiced parts,
yields clearer reconstructions.
Thusfar, the results from the perceptual tests confermed the SCCC
performances. In comparing SOLA-2 with TDHS-2 however, we see
a preference for TDHS-2 although the SCCC performance is less than
for SOLA-2. This preference is, more than to less noise, due to the
fact that, with SOLA-2 (and SOLA-I), the time scale reconstruction
is not constant. It seems as if, now and then, phrases are stretched
or compressed in time. This is probably due to the variable com-
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Figure 6.11: SCCC performance of SOLA and TDHS: (1) SOLA-I, (2)
SOLA-2, (3) TDHS-I t (4) TDHS-2 and (5) vocoder.

pression/expansion ratio of SOLA as observed in section 5.1. The
peaked distribution of the disp parameter (section 2.1.1) as shown in
figure 6.11, confirms this presumption.

In table 6.7 we try to give a representation of the results of the
perceptual tests. We seperated the performance for voiced and un
voiced/silent parts in order to give more details.
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Table 6.7: Results from the perceptual test.

SOLA-l SOLA-2
file

FOl.sam v +++
u +

F02.sam v - - ++
u -- +

F03.sam v -- - +
u -- - +

MUC8F.sam v - - ++
u -- - +

TDHS-l TDHS-2
FOl.sam v +++

u ++
F02.sam v + ++

u + +
F03.sam v ++ +++

u + ++
MUC8F.sam v +++ +++

u ++ +++
v=voiced, u=unvoiced

--- high distortion
- clear distortion
0 almost acceptable
+ low distortion

+++ good quality

75



Chapter 7

IMPLEMENTATION OF
THE TDHS PROGRAM
ON A
MICROPROCESSOR.

To be able to test the TDHS program in a real time situation, we
would like to implement the program on a Motorola DSP56000 mi
croprocessor. IT we have a look at the algorithms used by the TDHS,
ANUSC and pitch predictor programs, we can see that the computa
tionalload of the ANUSC pitch predictor program is far heavier than
that of the TDHS program. In the case of the ANUSC preprocessor
this is mainly caused by the computation of the thresholds. In the
case of the pitch predictor, we need to compute the autocorelation of
300 - N samples.for 20 ~ N ~ 200.

In a first stage, we want to see if a real time implementation using
one processor is feasible. Therefore, we start with the implementation
of the ANUSC preprocessor in combination with the pitch predictor
(section 7.1,7.2). In section 7.3 we will describe the time division
program running on the microprocessor. We will mainly describe the
programs by means of their flow charts.
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Figure 7.1: Time schedule of the TDHS program.

7.1 IMPLEMENTATION OF THE ANUSC
PREPROCESSOR.

As we mentioned in section 4.3.2, the ANUSC preprocessor can sign
clip the samples on their arrival while the pitch prediction and TDHS
procedures require frames of samples as input. We therefore intend
to run the ANUSC procedure on an interrupt basis. Interrupts are
created every time a new sample is received. After completion of the
ANUSC procedure, we continue with the interrupted pitch prediction
or TDHS procedure (fig. 7.1).

The main part of the ANUSC procedure, as given in figure 7.2, has
as input a speech sample S and as output a clipped sample OUT.
The multiplication S * 2//H is a scaling operation which increases
the accuracy.

If the sample S is greater then the higher threshold Cma (S ~

Cma) , then we have to decrease l the lower threshold, procedure
DECAY-MIN, and the clipped sample gets the value +1. If S :::;
Cmi, with Cmi the lower threshold, we have to decrease the higher
threshold and OUT becomes -1. In the last possible case, Cmi <
S < Cma, we decrease both the lower and the higher threshold and
OUT becomes o.
In figure 7.3 we see the flow chart of the DECAY-MAX procedure.

1 Make it less negative.
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Write OUT to memory

END

Figure 7.2: ANUSC-main flow chart.
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COMP_EXP

Figure 7.3: DECAY-MAX flow chart.

We first check if the sample S exceeds the lowest value encountered
during the actual excursion (S < mi). H this is the case, we store
S in mi and COmi. In the procedure COMP_EXP we perform the
computation of the exponent and we decrease the threshold (fig. 7.4).
For the equations of section 4.3.2 we need to compute an exponential

given by

(7.1)

which we will approximate by

y = 1 - 411 + 42--( (7.2)

with 41 =0.3536 and 42 = 0.9664.
We found this approximation accurate enough for the range of values
of the 1 parameter. In figure 7.5 we see some values of the thresholds
as created on a microprocessor.
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Figure 7.4: COMP-EXP flow chart.
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Figure 7.5: ANUSC thresholds generated on the microprocessor.

80



{Shift right AjoC----(
,RO+l=>RO}

until A < B N

Figure 7.6: DIVISION flow chart

In figure 7.4 we see furthermore a procedure DIVISION, in which we
compute the parameter 'Y. The output of this procedure is twofold
(fig. 7.6): the accumulator A contains a fraction and the register
RO a multiplication factor. This is necessary because the result of a
division must be a fraction. At the end of COMP_EXP we adjust the
result with the factor RO, so :

result division = A2RO

With this, we have described the ANUSC preprocessor and we will
continue with the pitch predictor.
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~------~ cnt>corrmax

Figure 7.7: Pitch predictor flow chart.

7.2 IMPLEMENTATION OF THE PITCH
PREDICTOR.

The implementation of the pitch predictor procedures are rather straight
forward as can be seen from figure 7.7. We compute the product (or
correlation) bet~een two shifted frames of sign clipped samples, in the
procedure PRODUCT (fig. 7.8), and compare the result in the pro
cedure COMPARE. The shift which gives the highest autocorrelation
(maxcoef in fig. 7.9) will be the new pitch.

We have however to be careful when implementing the pitch predic
tion procedures. The computation of the autocorrelation coefficients
requires ~ 36000 multiply-and-add'S2, and the fetching of two op-

2We compute the coefficients for 20 :s; n :s; 200 over 300 - n samples.
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#start_speech=>R1
#start_speech+B=>RO

A+s1(RO)*s2(R1) => A

Increase RO,
Rl,B

N
B > 300

Figure 7.8: PRODUCT flow chart.

N
A > maxcoef

y

Store A => maxcoef
Store B => pitch

Figure 7.9: COMPARE flow chart.
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Figure 7.10: Buffer configuration, SpU=Speech Update pointer,
SpR=speech Root pointer.

perands per multiplication. We have to minimize the time involved
with the execution of these instructions by using parallel data move
instructions for fetching the operands. This implies that we have to
store the sign clipped speech samples both in x- ·and y- memory
(see DSPS6000 documentation, appendix C).

As we mentioned before, we need a frame of 300 sign clipped samples
before we can do a pitch prediction, and we need to align the pitch
prediction procedure with the TDHS procedure, which uses the nor
mal speech samples as input.
We achieve alignment by using the same pointers for sign clipped and
normal speech samples. To address the speech samples, we add a
fixed offset (200hulThe buffers we use for the storages are circular
modulo-SOO buffers as depicted in figure 7.10. The size of the buffer
at this moment is more or less arbitrarily chosen, however, we need.
a certain margin to account for momentary speed differences and to
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Figure 7.11: RAM memory utilization.

obtain a good pitch estimations.
In figure 7.11 we see the (RAM-) memory utilization of the ANUSC
and pitch prediction programs.

7.3 IMPLEMENTATION OF THE TDHS
TIME DIVISION PROGRAM.

The implementation of the time division program realized at this mo
ment, is based on the flow chart of figure 7.12. We see that we do
not yet use interrupts to invoke theANUSC procedures, this will be
implemented later.

aWe can choose difFerent frames for the pitch prediction. For example around the SpR
pointer, or the last 300 lampIes before SpU.
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Figure 7.13: The SpU and SpR pointers and a pitch prediction frame.

We read and sign clip speech samples until a certain counter, de
Ita_TDHS, becomes greater than 80 + NNp. Samples at distance
N N p are needed for computing a time scaled sample, the offset 80 is
needed in order to obtain a meaningful pitch prediction (fig. 7.13).
We see also that we only perform a pitch prediction if we have com
pleted a TDHS cycle and if there are enough new samples.

First tests show that the TDHS TSM program could be implemented
and run in real time on one DSP56000 microprocessor at 20.5MH z.
However, we did not study the effects that occur in real time situation
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such as buffer (over-) load and synchronization problems. In a real
time implementation it might be usefull, or even necessary, to be able
to use different time scale factors in order to control the bit rates and
the load.
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Chapter 8

CONCLUSIONS.

We have derived Time Scale Modification programs from both the TDHS
and the SOLA algorithm, which give good quality speech reconstructions
at a bit rate of 32 kbit/s when applied to 64 kbit/s PCM coded speech.

In an objective quality test using the SCCC performance, the SOLA
program proved to outperform the TDHS program. This result was not
confirmed by perceptual tests where TDHS performed better. We found
that the SCCC gives a good insight in the errors introduced by the algo
rithms and that it is well suited for comparing different versions of the same
algorithm, but it is less useful for comparing different algorithms.

Since perceptual tests are the only meaningful means of classifying the
performance of the programs, we decided to implement the TDHS program,
with the ANUSC pitch predictor, on a microprocessor. The implemented
ANUSC pitch predictor does not perform a voiced/unvoiced decision since
this decision decreased the performance of the TDHS program.

Implemented on a DSP56000 (Motorola) microprocessor, the TDHS
time division program runs for about 80% in real time. A significant amount
of time can be saved by using a look-up table for the computation of the
exponential used by the ANUSC preprocessor. This might be interesting
for further studies. Another interesting item is the introduction of different
time scaling factors for voiced « 2) and unvoiced (> 2) speech.
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Appendix A

TESTFILE SINSAM.SAM.
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Figure A.I: Testfile sinsam.sam
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Appendix B

HARDWARE USED FOR
THE PERCEPTUAL
TESTS.

B.I PARTLIST.

R1 12.6k C1 61900
R2 630k C2 41200
R3 440 C3 97600
R4 1k C4 86600
R5 10k C5 oo0סס1

R6 10k C6 4.7/lF
R7 10k C7 3nF
R8 91k C8 3nF
R9 0.5
RIO 0.5 L1 25.8mH
Rll lOOk L2 18.3mH
R12 0.5 L3 24.9mH
R13 10k
R14 10k IC1 LM741
R15 0.5 IC2,IC3 LH0021CK
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Figure B.1: Scheme of the low-pass filter and amplifier.
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Figure B.2: SPICE analysis of the low pass filter.
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Appendix C

DSP56000 MEMORY
ORGANISATION AND
PROGRAMS.
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Fig. C1: Memory map of the DSP56000.
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