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COMMUNICATIONS

AUTOREGRESSIVE AND CEPSTRAL PARAMETRIZATION

IN HARMONIC SPEECH MODELLING

Anna Madlová
∗

Two methods for coding the amplitude and minimum-phase spectra of the speech signal are compared. Autoregressive
(AR) and cepstral parametrizations of the same spectral envelope use the same number of parameters. Computational
complexity of the analysis is compared for the two methods. Using both AR and cepstral parametrization the harmonic
synthesis is compared for concatenation of pitch-synchronous frames and overlap-and-add (OLA) of consecutive pairs of the
same pitch-synchronous frames. Quality of synthesis is compared using the RMS log spectral measure. The mean value of
the spectral measure is rather similar for all the four combinations of analysis and synthesis methods. However, the standard
deviation of the spectral measure is lower for the OLA synthesis.
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1 INTRODUCTION

The harmonic speech model [1], [2] is performed as
a sum of harmonically related sine waves with frequen-
cies given by pitch harmonics, and amplitudes and phases
given by sampling the transfer function of the vocal tract
model at these frequencies. For voiced speech, using a
minimum-phase assumption of the vocal tract as well as
the glottal pulse contribution, the logarithm of the mag-
nitude frequency response and the phase frequency re-
sponse form a Hilbert transform pair. The phases are ran-
domized for unvoiced speech and for voiced speech above
the voicing transition frequency. The harmonic model has
already been used with autoregressive (AR) parametriza-
tion [3], and with cepstral parametrization [4]. Compar-
ison of AR and cepstral parametrization together with
concatenation and OLA synthesis is presented here.

2 HARMONIC MODEL

The speech signal synthesized by the harmonic model
during one pitch period is given by

s(l) =

M
∑

m=1

Am cos(ωml + ϕm) , (1)

where frequencies ωm are given by pitch harmonics, and
amplitudes Am and phases ϕm are given by sampling
the transfer function of the vocal tract model at these
frequencies. For voiced speech, the voicing transition fre-
quency is computed from the magnitude spectrum com-
paring the frequency distances between the pitch harmon-
ics and the spectral local maxima. The phases are ran-
domized for unvoiced speech and for voiced speech above

the voicing transition frequency. The harmonic speech
model is drawn in Fig. 1. Input parameters for the vo-
cal tract transfer function are represented by pitch and
AR or cepstral parameters.

3 SPEECH SPECTRAL ENVELOPE

Before describing AR and cepstral parametrization let
us introduce a speech spectral envelope which is used to
compute AR and cepstral parameters. First, each speech
frame is weighted by the normalized Hamming window.
Then, the staircase log spectral envelope is determined
using steps of a pitch-frequency width. In each of the in-
tervals of a pitch width the local maxima are found by
detection of the slope change from positive to negative.
The mean value of their amplitudes is chosen as the am-
plitude of the step. If no local maximum is found in the
interval using this algorithm, the mean value of the in-
terval boundary amplitudes is chosen as the amplitude
of the step. The resulting staircase envelope is smoothed
using the weighted moving average having the shape of
the normalized Blackman window. Block diagram of the
method can be seen in Fig. 2.

4 AUTOREGRESSIVE PARAMETRIZATION

Using N parameters of the AR model, its magnitude
frequency response is written as

∣

∣PA

(

ejω
)
∣

∣ =
G

∣

∣

∣
1 +

∑N−1

n=1
an exp(−jnω)

∣

∣

∣
, (2)

where the coefficients an and the gain G are com-
puted using the standard autocorrelation method, how-
ever, applied to the time-domain signal corresponding to
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Fig. 1. Block diagram of the harmonic speech model.
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Fig. 2. Block diagram of the speech spectral envelope determina-
tion.

the speech spectral envelope, described in Section 3, in-
stead of the original speech signal. Sampling the func-
tion

∣

∣PA

(

ejω
)∣

∣ and the Hilbert transform of its logarithm

at frequencies ωm , gives the amplitudes Am and phases
ϕmin

m necessary for the harmonic model implementation
using (1) and Fig. 1.

5 CEPSTRAL PARAMETRIZATION

Using N cepstral coefficients, the magnitude fre-
quency response of the vocal tract model can be written
in the following way

∣

∣PC

(

ejω
)∣

∣ = exp
(

c0 + 2

N−1
∑

n=1

cn cosnω
)

. (3)

Here, the cepstrum cn is given by the inverse Fourier
transform of the logarithm of the spectral envelope de-

scribed in Section 3. Sampling the function
∣

∣PC(ejω)
∣

∣ and

the Hilbert transform of its logarithm at the frequencies
ωm , gives the amplitudes Am and phases ϕmin

m neces-
sary for the harmonic model implementation using (1)

and Fig. 1. However, instead of sampling
∣

∣PC

(

ejω
)∣

∣ , ex-
plicit analytic relations may be used

Am = exp
(

c0 + 2

N−1
∑

n=1

cn cosnωm

)

, (4)

ϕmin

m = −2

N−1
∑

n=1

cn sin nωm . (5)

6 EXPERIMENTAL RESULTS

It had been found out by simulation that the mini-
mum number of 26 cepstral coefficients is necessary for
sufficient log spectrum approximation at 8-kHz sampling
[5], and 51 cepstral coefficients are necessary for sufficient
log spectrum approximation at 16-kHz sampling [6]. For
that reason 26 parameters were used for autoregressive
as well as cepstral parametrization using the sampling
frequency of 8 kHz.

Comparison of the speech spectra obtained from the
AR and cepstral parameters is shown in Figs. 3 and 4.
Figure 3 shows the vocal tract model magnitude fre-
quency response using the same number of 26 parameters
computed from the same speech spectral envelope deter-
mined by the method shown in Fig. 2. It can be seen that
sampling the AR model magnitude frequency response
approximates the original spectral peaks more properly
than sampling the cepstral model magnitude frequency
response. However, increasing the number of model pa-
rameters the frequency responses of the AR and cepstral
vocal tract models are rather similar and they both con-
verge to the real spectral envelope. It can be seen in Fig. 4
for 42 AR as well as cepstral parameters.

Apart from two methods of analysis (AR and cepstral
parametrization), two methods of synthesis were per-
formed: concatenation of pitch-synchronous frames and
overlap-and-adding (OLA) of consecutive pairs of the
same pitch-synchronous frames. Prior to OLA each pair of
frames was weighted by an asymmetric Hanning window.
For every pair of consecutive pitch-synchronous frames
the pitch period of the first frame is used for determina-
tion of the pitch harmonics. The AR or cepstral parame-
ters of the first and the second frame of the pair are aver-
aged. The harmonic parameters are determined according
to Section 4 or 5. Speech is synthesized as a sum of sine
waves during two consecutive pitch-synchronous frames.
Then, this pair of frames is weighted by an asymmetric
Hanning window with its left and right parts correspond-
ing to the pitch periods of the first and the second frame
so that the left part of the current asymmetric window
has the same length as the right part of the previous win-
dow, and the right part of the current window has the



48 A. Madlová: AUTOREGRESSIVE AND CEPSTRAL PARAMETRIZATION IN HARMONIC SPEECH MODELLING

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
-100

-90

-80

-70

-60

-50

-40

-30

-20

-10

Frequency (kHz)

Spectrum (dB)

AR parametrization
Cepstral parametrization

Fig. 3. Comparison of the spectra obtained from 26 parameters of
the AR and cepstral model with prior spectral envelope for a 24-ms

frame of a vowel “U” spoken by the male voice.
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Fig. 4. Comparison of the spectra obtained from 42 parameters of
the AR and cepstral model with prior spectral envelope for a 24-ms

frame of a vowel “U” spoken by the male voice.
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Fig. 5. Computational complexity for the harmonic model with AR
and cepstral parametrizations of 26 parameters using concatenated

and OLA synthesis.

same length as the left part of the next window, and the
overlapped asymmetric windows are complementary. For
the final synthesis the weighted overlapped consecutive
pairs of pitch-synchronous frames are added to avoid dis-
continuities at the frame boundaries.

The computational complexity of the methods was
measured in the number of floating-point operations per
sample. The computational complexity of analysis using
AR as well as cepstral parametrization and synthesis us-
ing concatenation as well as OLA is shown in Fig. 5.
In each case voiced and unvoiced frames are evaluated
separately. It is evident that cepstral parametrization
is computationally less expensive than AR parametriza-

tion. Computational complexity of analysis using cepstral

parametrization is lower because it needs only simple

IFFT for cepstral parameters determination while AR

parametrization needs transform of the logarithmic en-

velope into a linear spectral scale and application of au-

tocorrelation method apart from IFFT. During synthesis

with AR parametrization the frequency response must be

computed and sampled and thus its computational com-

plexity is higher than that of the cepstral parametriza-

tion where explicit analytic relations are used instead of

sampling the frequency response. The highest computa-

tional complexity is required for voiced speech with AR

parametrization because of computation of logarithm and

its Hilbert transform. OLA is rather computationally ex-

pensive when compared with simple concatenation be-

cause an asymmetric window used for weighting pairs

of frames must be computed for every frame pair, and

multiplication of the window and pair of frames must

be performed. The highest total computational complex-

ity is necessary for AR parametrization with OLA, and

the lowest total computational complexity is necessary

for cepstral parametrization with concatenation.
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Fig. 6. RMS log spectral measure between the original and syn-
thetic speech (concatenated and OLA) for the harmonic model with

AR and cepstral parametrizations using 26 parameters.
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Fig. 7. Listening tests comparing 20 words synthesized using
pitch-synchronous concatenation and OLA with AR and cepstral
parametrization.
AC = AR parametrization with concatenative synthesis
AO = AR parametrization with OLA synthesis
CC = cepstral parametrization with concatenative synthesis
CO = cepstral parametrization with OLA synthesis

The RMS log spectral measure [7] was used to com-
pare the smoothed spectra of original and resynthesized
speech. The speech material consisted of about 450 sta-
tionary parts of 5 vowels and 2 nasals. The spectral mea-
sure was computed for the spectra of the speech frames
weighed by a 24-ms Hamming window zero padded to
2048-point FFT. In Figure 6 we can see that the highest
mean RMS log spectral measure as well as the highest
standard deviation is given by AR parametrization with
concatenation. The lowest mean value is observed for AR
parametrization with OLA, while the standard deviation
is almost the same for AR and cepstral parametrization
with OLA.

Listening tests were performed in order to compare
four combinations of the methods: AR parametrization
with concatenative synthesis, AR parametrization with
OLA synthesis, cepstral parametrization with concatena-
tive synthesis, and cepstral parametrization with OLA
synthesis. Twenty words synthesized by these methods
were grouped into pairs of the same word synthesized by
two methods. The words of the pairs were grouped in a
random order and listeners had to choose the word with
better resemblance to the original. Eight independent lis-
tening tests were performed. Scores given by the listeners
are summarized in Fig. 7. We can see that the listening
tests results are corresponding to the results of the RMS
log spectral measure in Fig. 6, ie the highest score of lis-
tening tests corresponds to the lowest RMS log spectral
measure and vice versa. It means that the use of the RMS
log spectral measure is justified for determining percep-
tual resemblance of two speech signals.

7 CONCLUSION

Experiments have shown that the harmonic model

with AR parametrization and OLA using an asymmetric

Hanning window outperforms the cepstral parametriza-

tion and simple concatenative pitch-synchronous synthe-

sis. However, it is achieved at the expense of increasing

the computational complexity. In real situation a com-

promise must be found between speech quality and com-

putational complexity.
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