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Abstract

Every human being has a distinct voice due to pitch association and it is almost like a finger print. Pitch is one of the important parameter
which is used in many speech processing applications. In reality speech is a complex combination of both voiced and unvoiced sounds
and cannot be separated subjectively. For the voiced speech, pitch is defined as the rate of change of vocal folds vibrations. In practice,
pitch is a subjective quantity and cannot be measured directly from the voice. It is a non-linear quantity, depends upon the spectral and
temporal content of the signal. Many pitch estimation methods have been developed but none can work efficiently in the presence of
additive noise. It is very essential to understand the effect of noise on the pitch estimation in dealing effectively with many speech pro-
cessing applications. Speech processing systems should be robust enough to counter the presence of noise to produce good quality
sounds. In non-intrusive speech quality measurement algorithms, pitch is one of the quality parameter for speech assessment. The accu-
racy of this feature in noisy speech is correlated with the subjective quality of speech. In this paper we have been evaluated the perfor-

mance of auto-correlation and cepstrum algorithms for pitch estimation and tracking.

Keywords: Auto-Correlation; Cestrum; Pitch; Speech Processing.

1. Introduction

Voice generation is like a sound from a musical instrument. Voice
is used for many applications i.e. identify people, verbal commu-
nications, singing, emotions, allows communication via computers
etc. Every human being has a unique voice and it is almost like a
finger print. Every voice is a complex combination of many dif-
ferent characteristics like pitch, formants, tone, speaking rate etc.
Voice is generated due to complex movements of muscles dictated
by the brain. Pitch is the most important critical component in the
voice characteristics. The pitch associated with the voice is de-
fined as the rate of vocal folds vibrations. The voice is dependent
on the pitch value. Higher the pitch value results more sound ef-
fect compared to lower pitch values. The pitch is dependent on the
geometry of the vocal folds and on the strength of the muscles
around them. The females have more pitch values because of
shorter vocal folds compared to males. Interestingly our pitch is
also affected due to other factors like emotions, moods, and inflec-
tion etc. For example if the person gets frightened, the muscles
around the voice box getting tense and produce higher pitch un-
consciously. So there is relation between feelings and pitch values.
So people try to control the vocal folds to produce different
sounds.

Pitch [1], [2] is perceived by human beings with the help of ears
and brain and is continuously varying quantity. Speech is a non-
stationary signal and has a bandwidth of up-to 8000 Hz approxi-
mately. Hearing loss of a person means unable to hear some of the
frequencies of the speech; it is usually comes in the old age. The
harmonic content produced by the vocal folds can be changed by
the shape of the vocal folds, which is controlled by many factors.
The harmonics considered to be the source of speech sounds. The
higher the harmonic frequency if the vocal folds get closer. The
harmonic content inside the vocal tract resonates due to the con-
tinuous movement of tongue, jaws etc. The resonant frequencies

are called as Formants. The modeling of Formants plays an im-
portant role in speech processing applications such as coding,
recognition, synthesis and enhancement etc. They contain higher
energies and they are slowly varying in time. They are difficult to
estimate rather than to find the peaks in the spectrum. They are
estimated from Short-Time Fourier Transform (STFT) or from
Linear Predictive Coding (LPC) analysis [3], [4]

The sounds i.e. speech, music or noise, are classified based on the
variations of pitch and intensity. Vowels are the low frequency
sounds which add richness, sexiness and identity to the speech
where as the consonant sounds are the higher frequencies which
add clarity to the speech. In this paper the pitch of male and fe-
male has been estimated using auto-correlation and cepstrum
methods. The effect of pitch in the presence of 0dB train noise is
estimated.

2. Short-term autocorrelation

The auto-correlation and cross-correlation tools are used to deter-
mine the similarity between the two sequences. The cross-
correlation is performed on two different sequences where as the
auto-relation is performed on the same sequence. Auto-correlation
computation is performed at different time lags and it tells the
similarity of the sequence with respect to the reference.

The auto-correlation is widely used in speech processing applica-
tions; however because of non-stationary nature of speech, a short-
time auto-correlation [5] is used. The auto-correlation of a se-
quence, s(n) is defined by Eqn. (2.1), whereas the short-time non-
stationary auto-correlation sequence given by Eqn. (2.2)

Tss (k) = Z%:—oo Sw (m) Sw (k + m)

Tes(M k) = Ym=—o(s(m)w(n — m).s(k + m).w(n — k + m)))

@1

(2.2)
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Where s_w (n)=s(m)w(n-m) is the window segment of speech
s(n). The short-time auto-correlation data is different for voiced
and unvoiced speech and is used to differentiate the voiced and
unvoiced. A minimum frame size of two cycles of voiced speech
signal is needed to auto-correlation computation. The frame size
should be in the range of 10-50 msec. In the case of voiced speech
the auto-correlation data shows periodic nature where as in un-
voiced speech no such periodicity can be observed. So from the
auto-correlation plot we can see the nature of the voiced and un-
voiced behavior. The pitch period is observed from the plot from
where we find a strong peak.

3. Cepstrum method

Speech is the result of excitation and vocal tract system compo-
nents. In many speech processing applications the models of exci-
tation and vocal tract components are necessary. The cepstrum
tool [6]-[8], is helpful to achieve the separation of these two com-
ponents independently without the prior knowledge of either the
source or system. Mathematically, speech can be considered as the
convolution of excitation and vocal tract components. If the exci-
tation and vocal tract sequence is represented by e(n) and h(n)
respectively then the speech sequence is denoted as s(n). The time
and frequency domain representations are shown in Eqn.(3.1) and
(3.2).

S(n)=e(n)*h (n) (3.2)

S (0) = E (0).H (0) (3.2)
Eqn. (3.2) shows the direct multiplication of excitation and system
components. It is possible to convert the two components in the
frequency domain into a linear combination of two time domain
components via the cepstral analysis. So the cepstral analysis
transforms the source and systems components into cepstral do-
main (time-domain) as follows:

Take the magnitude spectrum and apply the logarithm on both
sides to linearly separate the two components. The magnitude and
logarithm representations are shown in Egn.(3.3) and (3.4).

IS(w)] = |E(w)|. |H(w)I (3.3)

log|S(w)| = log|E(w)| + log|H (w)] 3.4)
The log transforms the speech spectrum into linear combination
(summation) of excitation and vocal tract components. The in-
verse discrete Fourier transform (IDFT) of Eqn. (3.4) results the
excitation and vocal tract information in cepstral domain or que-
frency domain, similar to the time domain. This is shown in Eqgn.
(3.5). The vocal tract represents the lower quefrency and the exci-
tation represents the higher quefrency region component.

c(n) = IDFT (log|S(w)|) = IDFT (log|E(w)|
+log|H(w)]) (3.5
The block diagram in Fig. 3.1 represents the various steps to be
followed to obtain the cepstrum of the given speech segment.
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Fig. 3.1: Block Diagram Representing Computation of Cepstrum.

Methods have to devise to separate the vocal tract and excitation
components in quefrency region independently. This is achieved
by using the liftering operation which is similar to the filtering
operation. The required frequency portion will be selected by lift-
ering similar to filtering operation. The vocal tract information is

selected by low-time liftering where as high-time liftering is per-
formed to get the excitation information.

4. Experimental conditions

We performed experiments on speech signals which are free from
noise. We took the Male and Female utterances “A good book
informs what you want to know” and “She has a smart way of
wearing clothes” using Matlab programming. The sampling fre-
quency selected as 8 kHz. The speech data took from the data base
NOIZEUS [9]. We selected different voice segments to determine
the pitch for male and female signals.
a) Pitch estimation and tracking via auto-correlation
The auto-correlation is performed by selecting the samples from
the male voice: sp25.wav file. The selected samples as follows:
i) 3600 to 4600
ii) 7000 to 7200
iii) 12500 to 13500 and the corresponding results are shown in
Fig. 4.1- 4.3. The observed pitch frequencies are as follows:
186 Hz, 111Hzand 103 Hz.
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tom).

For the female utterance: sp26.wav, the experiments are conducted
for the voiced segments (i) 4800 to 5600 (ii) 9600 to 10200 (iii)
12500 to 13500 and the corresponding results are shown in Figs.
4.4-4.6. The observed pitch frequencies are 421Hz, 210 Hz, and

200 Hz.
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Fig. 4.5: (II): Female Voice Segment and Auto-Correlation (Top to Bot-

tom).
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Fig. 4.7: Male Speech, Spectrogram and Pitch Tract (Top to Bottom).
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Fig. 4.8: Female Speech, Spectrogram and Pitch Track (Top to Bottom).

b) Pitch estimation and tracking via cepstrum
The samples from the segments of speech file (male): sp25.wav
file are as follows: (i) 3600 to 4600 (ii) 7000 to 7200 (iii) 12500 to
13500. The results are shown in Fig. 4.9-4.11. The observed pitch
frequencies are as follows: 186 Hz, 500Hz, and 98Hz.
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Fig. 4.14: (111): Female Voiced Segment and Cepstrum.
For the female utterance (sp26.wav) the results are as follows (i)
4800 to 5600 (ii) 9600 to 10200 (iii) 12500 to 13500. The results ~ The pitch tract for male voice is shown in Fig. 4.15. The voiced
are shown are shown in Fig. 4.12-4.14. The observed pitch fre-  parts are with constant pitch whereas the unvoiced parts have un-
quencies are 129Hz, 216 Hz, and 205 Hz. stable values,
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It is clear that the voiced part with constant pitch values whereas
the unvoiced parts having different pitch values.

c) Formats Estimation and tracking
The formats represent the resonance frequencies of the vocal tract
system. The male speech signal and tracking of the resonant fre-
quencies are shown in Figure 4.17. The LPC method is used to
extract the resonant values.

Table 4.1 and 4.2 shows the results of the auto-correlation and
cepstrum algorithms with respect to clean and noisy speech. The
clean and noisy speech data base selected from Noizus [9].

Table 4.1: Pitch Comparisons for the Clean and Noisy Speech (Train
Noise, 0db), (Female Speech)

Voiced segment Auto-correlation Cepstrum

Clean/Hz ~ Noisy/Hz Clean/Hz ~ Noisy/Hz
4800-5600 421 444 129 129
9600-10200 210 210 216 216
12500-13500 200 205 205 500

Table 4.2: Pitch Comparisons for the Clean and Noisy Speech (Train
Noise, 0db), (Male Speech)

Voiced segment Auto correlation Cepstrum

Clean Noisy Clean Noisy

3600 4600 186 181 186 500
7000- 7200 111 160 500 500
12500 13500 103 470 98 101

The simulations are conducted for clean and noisy speech (0dB
train noise). It is observed from Tables 4.1 and 4.2; the pitch is
increased in noisy speech compared to clean speech
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5. Conclusion

Pitch is one of the most important characteristic needed in many
speech processing applications. In this paper pitch is estimated
using auto-correlation and cepstrum methods. Male and Female
speech signal simulations are executed using Matlab program-
ming. The simulations are conducted at different voiced segments.
The methods are shown to be efficient in pitch estimation.

The representation or modeling of speech in terms of formants is
useful in several areas of speech processing, coding, recognition,
synthesis and enhancement. However estimating formants is more
difficult than simply searching for peaks in an amplitude spec-
trum.
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