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Abstract. An efficient noise-robust pitch detection algorithm is proposed in this paper. The algorithm is
based on time domain autocorrelation function (ACF). A bank of band-pass filters is used for competitive
contribution of periodicity to select primary pitch candidates. A weighting criterion that involves both
increase and decrease in merit is applied to the candidates by exploiting the presence or the absence of pitch
harmonics. Finally, a simple enhancement is integrated to smooth the pitch contour. The proposed algorithm
is evaluated on TIMIT database in different types and levels of noise in terms of pitch and voice activity
detection. The experimental results show the superiority of the proposed method over well known other

methods.

1. Introduction

The fundamental frequency of a sound, whose
percept is called pitch, has great importance in many
areas. Pitch detection is one of the oldest, yet
unsolved topic among the researchers of speech and
music. Accurate pitch detection is essential to areas
such as speech coding [1], speech synthesis [2], to
more recent topic of speaker emotion recognition [3].

The automatic tracking of pitch has multiple
applications in the field of speech processing and
speech technology. Pitch contour is useful in assisting
hearing impaired people [4]. Pitch determination
might facilitate the diagnosis of aphasia and
dysarthria as well as be integrated in computer aided
pronunciation teaching systems. One could continue
to enumerate many other potential applications based
on the automatic determination of pitch [5].

Consequently, a wide range of perceptual models
and algorithms using a variety of techniques and a
varying degree of accuracy to extract pitch exist [6].
However, the pitch detection algorithms (PDAs) face
a real challenge in the presence of noise [7].

There are three types of PDAs in the literature:
time-domain, frequency domain, and time-frequency

domain. Time domain method includes the short-time
average magnitude difference function (AMDF) [8],
short-term autocorrelation function (ACF) [6], etc;
frequency domain method includes harmonics
enhancement based on instantaneous frequency [9],
and cepstrum analysis [10]; while pitch detection
based on Hilbert-Huang transform [11] falls in time-
frequency domain method. Among all the methods,
ACF-based algorithms are simpler to implement and
robust against noise. However, AMDF-based
algorithms have less computational complexity and
are used in real time processing. In this paper, we
focus on an ACF-based pitch detection algorithm for
its accuracy against noise. Because of the periodic
nature of voiced speech, its ACF is also periodic with
period equal to the pitch value. ACF shows peaks at
pitch and its harmonics locations. Natural speech is
not absolutely periodic, rather it is quasi periodic.
Hence ACF produces the highest peak at pitch period,
and gradually decreasing peaks at its harmonics.
Thereby, the highest peak other than zero location in
ACF corresponds to the pitch period. However
conditions like presence of noise, quasi periodic
nature of speech signal, peaks due to detailed formant
structure of vocal tract affect the location of the
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highest peak in ACF. A weighted ACF method using
AMDF has been proposed in [7], but this method
suffers from double pitch error at low signal to noise
ratio (SNR). One bit ACF based on AMDF can be
found in [12], though it is not evaluated in noisy
condition. A modification to the basic autocorrelation
is termed as normalized cross correlation function
(NCCF) and it is introduced in [13]. As reported,
NCCEF is better suited for pitch detection than the
standard ACF as the peaks are more prominent and
less affected by the rapid variations in the signal
amplitude. In [14], the performance of NCCF is
further enhanced by exploiting the existing of a
second large peak at double the true pitch position.
AMDF-based methods have shortcoming associated
with the falling trend in minima, and have degraded
performance in noisy environments. Several
modifications of AMDF have also been proposed in
literature. For example, high resolution AMDF
(HRAMDF) [1] and circular AMDF (CAMDF) [15]
conquer the falling trend, but at the expense of
introducing new double pitch error. Despite many
methods have been proposed so far to extract true
pitch after tackling these issues [7, 14, 16, 17, and
18], a more noise-robust and efficient pitch tracking
method is necessary for advanced speech processing
algorithms.

In order to decrease the error rate in pitch detection
as well as to increase the performance of voice
activity detection (VAD) wunder severe noisy
condition, this paper proposes a new ACF based pitch
detection with several enhancements. The novelty of
this paper is as follows: (a) addition of ACFs from
different band-pass filters (BPFs), (b) increasing or
decreasing the weight of a pitch candidate
corresponding to the presence or the absence of pitch
harmonics at its multiple locations, and (c) a
sophisticated smoothing of pitch particularly at the
beginning and the ending of a voice segment.
Different BPFs are used to contribute relative amount
of periodicity at different frequency ranges. Increase
or decrease of weight is supposed to increase the
possibility of finding the true pitch, while suppressing
double or half pitch error. The weight assignment
uses the fact that a true pitch has other peaks at its
multiple integer locations in ACF. Under noisy
condition, pitch information is buried towards the
both ends of a voiced segment and hence a smoothing
technique is applied considering nearby pitch
information. A preliminary work related to this can
be found in [20], and the current version is an

extensive and more elaborative one comparing to
that.

This paper is organized as follows: Section 2
describes some basic features of pitch that include
time domain processing. Section 3 presents the
proposed pitch detection algorithm, and Section 4
gives experimental results with discussion. Finally,
Section 5 draws some conclusion.

2. Basic Features of Pitch

2.1. Pitch definition

Pitch or fundamental frequency is the lowest
frequency component of a signal that excites to a
system (for example, vocal system). The pitch period,
which is the inverse of fundamental frequency, is the
smallest repeating unit of a signal. One such period
describes the periodic signal (voiced part of speech)
completely.

2.2. Extracting pitch in time-domain

The fact that variations in voiced signal are so
evident suggests that the time-domain techniques
should be capable in detecting pitch period of a
voiced signal. Most of the time-domain pitch period
estimation techniques use auto-correlation function
(ACF).

2.2.1. Autocorrelation function

The basic idea of correlation-based pitch tracking
is that the correlation signal will have a peak of large
magnitude at a lag corresponding to the pitch period.

A short-time ACF for a signal s[m] is computed as:

N—k-1

Rk1= Y s[m]sm +k] (1)

m=0

where, N is total number of samples in a window, and
k is the lag index. The choice of window length N for
calculating R[k] has conflicting requirements:
- N should be as small as possible to show time
variation,
- N should be large enough to cover at least 2
periods so that periodicity can be captured by
R[k].

Properties of R[k] include:
a. Same periodicity as the s[m].
b. Maximum value at £ = 0 and R[0] is equal
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to energy of deterministic signal.

c. If s[m] is periodic with period of P
samples, R[k] has maximum at £ = 0, =P,
+2P,....

2.2.2. Center clipping
The ACF may contain too much information,
most of which is not related to the fundamental
frequency. For pitch detection, speech signal is
usually pre-processed to make the periodicity more
prominent and to suppress other distracting features.
Such techniques are often called spectrum flattening.
Center clipping is the most popular spectrum
flattening technique, and can be expressed as Eq. (2).
A choice of clipping level (C in Eq. (2)) should fulfill
the following criterion:
- should be high enough to eliminate all
distracting peaks, but
- cannot be too high so as not to lose desirable
peaks.

s(n), s(n)>+C
C{s(n)} =< 0, -C<s(n)<+C (2
s(n) s(n)<-C

Fig. 1. Block diagram of the preprocessing steps of the
proposed pitch detection algorithm (PDA).

Usually, the clipping level is chosen to be 60%-
80% of the maximum amplitude and is adaptively
adjusted according to the signal level.

3. The Proposed Pitch Detection Algorithm

3.1 Preprocessing using autocorrelation function
Figure 1 shows preprocessing steps for the
proposed PDA. Input speech is at first passed through
a bank of band-pass filters. Center frequencies of the
lowest and the highest bands are 50 Hz and 1 kHz,
respectively. It is known that pitch periodicity cannot
be observed in high frequency channels, and hence
the frequency components above 1 kHz are filtered
out. Each filter output is then half-wave rectified and
center-clipped. Half-wave rectification mimics phase-
locking property of human auditory system. Center
clipping is performed to simulate spectrum flattening.

For center clipping, the minimum of the maximum
amplitudes of the first one-third samples and the last
one-third samples in a frame is determined. Then the
clipping level is set to 75% of that minimum value.
Figure 2 shows a demonstration of half-wave
rectification and center clipping.

An ACF, shown in Eq. (3), where s; is the i-th filter
output of speech signal, N is total number of samples
in a frame, m and M are the lag index and the total
number of lag position, respectively, is then applied
to the center-clipped output to give an auto-
correlogram. A summary auto-correlogram is
obtained by summing up all the auto-correlograms
using Eq. (4), where I, corresponds to the total
number of filters used for pitch detection. The
summary auto-correlogram is normalized by dividing
the auto-correlogram values by that at lag 0 (Eq. (5)).
The value at lag 0 corresponds to energy level and it
is the maximum in a frame. A noise-robust, non-
delayed PDA is then applied to summary auto-
correlogram to extract pitches. In the algorithm, if the
pitch is equal to zero for a certain frame, the frame is
considered to be an unvoiced/silent frame, otherwise
the frame is a voiced frame.

Fig. 2. A demonstration of half-wave rectification and center

clipping.
1 N-m—-1
r[m]= o ;Si[n]xs[[n +m], m=01,.,M

3)

Ip
R[m]="> r[m] (4)

i=1

- R[m]
R[m]=—— 5

[m] RI0] (5)

Figure 3 shows an example of the summary auto-
correlogram and the auto-correlogram obtained when
ACF is applied directly to the speech signal without
filtering. From the figure, we can see that the
summary auto-correlogram has clearly distinguished
peaks at the lags multiple to the pitch period.
However, the auto-correlogram which is obtained
when ACF is directly applied to input speech has
many spurious peaks that can have negative impact in
pitch detection. Multi-band can fully exploit the
contribution of each channel to pitch, and thereby can
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enhance the true pitch and suppress the false
candidates. This is why multi-channel summary auto-
correlogram is preferred to single-channel auto-
correlogram.

Fig. 3. Illustration of advantage of using the summary auto-
correlogram, spanned over several filters, rather than
using ACF directly on the input speech without filtering.

3.2 Basic steps of the proposed PDA

The basic idea of auto-correlation based pitch
tracking is that the correlogram will have a large peak
at the lag corresponding to the pitch period. However,
in actual cases, many large peaks may exist at lags
corresponding to half or double pitch periods or at
random locations. A noise-robust PDA is proposed to
overcome the shortcomings for pitch detection. A
flow chart of the proposed PDA is given in Fig. 4.
Possible pitch candidates are extracted from the
summary auto-correlogram by using the four basic
steps (steps i-iv). An actual pitch is then detected by
using enhancement blocks (A) and (B). The frame
length is set to 35 ms to capture at least one large
peak at 2" multiple lag corresponding to the true
pitch period. The proposed PDA is designed to
extract any pitch within the range between 2.5 ms and
16 ms.

Fig. 4. Flow chart of the proposed pitch detection algorithm.

The basic steps of the proposed PDA are as
follows:

i. Find local maximums (L,,s) from the summary
auto-correlogram, while ignoring the peaks for the
first 2.5 ms. Any value in the summary auto-
correlogram, which is greater than the values at
13 lags, and higher than a threshold, 6, is
extracted as L.

ii. Find global maximums (G,,s) from the L,,s.
Any L, which is greater than the L,,s with
some threshold, &, at 2 ms, is selected as G,,,.
The L,,,, s that are below 6% of G,,,, within £2
ms are 'deleted'.

iii. G,,s are assigned merit values or weight as
confidence of their pitch candidacy. Initially, the
merit values of all the G,,,.s are set to zero. Then,
increase the merit of those G,,,s that have other
Gexs at their multiple (up to 4™ multiple) lags
with an offset. The merit is increased by 4/w,
where w is an integer (w = 2, 3, 4) that

corresponds to 2™ multiple, 3" multiple, or 4"
multiple. The presence of the G,,,s at the multiple
lags is evidence that the G, at lower lag is a
strong candidate for true pitch. The offset is set to

(p,/2)x(w/ f,), where p, is the lag for the
G, that is a pitch candidate, and f; is the

sampling rate of the speech signal in kHz. For
example, for a p, located at lag 159, the merit is

increased by4/3, if there is a G, at
lag (159x3) £((159/2)x(3/16))

lag 462 to lag 492], when the speech signal is
sampled at 16 kHz rate.

[between

The proposed PDA makes a good use of the peaks
located at multiple lags of a pitch candidate. An
intensive observation shows that, for noisy data, a
false pitch candidate may have other G,,s at its
2" 3 or 4™ multiple lags. To correctly detect a
pitch candidate, the proposed PDA not only
increases the candidacy of a G,, by
corresponding merit, regarding to the presence of
other G,,s at its multiple lag, but also decreases
the candidacy in the case where no G, is
available at any of its multiple lag. For example, if
a candidate does not have a G,,, at its 2™ multiple
lag, but has a G, at its 3™ multiple lag, the merit
of  that candidate will be  updated

by (—(4/2)+(4/3)).

iv. Find the G,,,, with the maximum merit value. The
lag of that G,,,, corresponds to the pitch period.

An example of extracting LS, G s and pitch
location is shown in Fig. 5. Fig. 5(a) shows a speech
segment with SNR = 5 dB. Corresponding summary
auto-correlogram, local maximums, global
maximums, and the extracted pitch are shown in Fig.
5 (b), (¢), (d), and (e), respectively.

Fig. 5. Illustration of the basic steps of the proposed pitch
detection algorithm.

3.3 Enhancements on the proposed PDA

The basic steps (steps i-iv) alone do not necessarily
provide much accuracy in pitch detection, particularly
in noisy environments. These steps can do a fair job if
we use information of only a single frame. However,
incorporating the result obtained from the previous
frame may further help. Hence, some enhancements
are adopted into the proposed PDA. The enhancement
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procedures are shown in blocks marked (A) and (B)
in Fig. 4.

The decision block marked (A) checks for any
undesirable pitches resulted from noise, or for any
half-pitch or double-pitch errors. If any half-pitch or
double-pitch error is found by comparing pitch period

of the previous frame, P_, the pitch is adjusted by

taking twice or half the current lag, respectively. We
choose pitch information of only one previous frame
to reduce complexity.

The decision block marked (B) eliminates the
possibility of finding 'no pitch' towards the end of
voiced segments. If a pitch is found in the previous

frame, but no pitch in the current frame, R , this block

checks whether there is a large G, in the current
frame at around (or twice) the lag similar to the pitch
position in the previous frame. If such a large G, is
found, then a pitch is set for the current frame. Figure
6 illustrates two examples of the enhancements
described above.

The proposed PDA adopts a non-delayed approach.
It means that while determining pitch at frame ¢, it
does not check for any information of succeeding
frames, i.e., frames #+1, 42, etc. As pitches do not
change abruptly in successive frames, the proposed
PDA checks only the pitch of the previous frame, #-1.

4. Experiments

4.1 Database

Ten English sentences spoken by 2 male speakers
and 2 female speakers each from dialect region 6
(dr6: New York City) in TIMIT Acoustic-Phonetic
Continuous Speech Corpus [19] are used for the
evaluation. White Gaussian noise is added to the
clean speech at SNR = 10 dB, 5 dB, and 0 dB. The
sampling rate is 16 kHz.

There are a total of 4212 frames of which 2992
are voiced and the rest are unvoiced / silent in the test
dataset.

4.2 Experimental setup

Six FIR Hamming BPFs of order 61 are used to
calculate the summary auto-correlogram. The center
frequencies of the filters range from 50 Hz to 1 kHz,
and are uniformly spaced on the Bark scale. Frame
length is set to 32 ms, and frame rate is 10 ms. The
proposed PDA is then applied on the summary auto-
correlogram to find out pitch periods. If a pitch
cannot be found for a certain frame, then the frame is

considered to be unvoiced or silent (U/S), otherwise
the frame is voiced (V). The reference pitch is
extracted manually from clean speech after a semi
automated method generates a gross approximation of
the pitch. The reference pitch is cross checked by four
individuals for a final decision. The values of & and
6 described in Section 3.3, are obtained by varying
the parameters with the range of 0.01 ~ 0.20 and 70%
~ 95%, respectively.

To verify the effects on the performance of different
enhancements of the proposed PDA, we performed
experiments using the following variations of the
PDA along with a baseline algorithm, which we call
RAPT (Robust Algorithm for Pitch Tracking) [17].

Figure 6: Examples for the enhancements of pitch
detection. (a) The pitch candidate, located at lag 100,
does not have G, near its 3" multiple lag 300, and
hence its merit is decreased. On the other hand, the
pitch candidate at lag 196 has a peak near its 2™
multiple lag 400, and 3™ multiple lag is out of frame.
So its merit is increased. Also, pitch candidate at lag
196 locates closely to the pitch of previous frame (lag
191). The enhancement eliminates half-pitch error
and detects the correct pitch. (b) A large Gy is
located around double the previous pitch lag, and it
helps to detect the current pitch at lag 202.

1) The proposed PDA.

2) PDA without the enhancement blocks (A) and (B)
from the proposed PDA. This approach does not
check pitch value of the previous frame. The
pitch of the current frame solely depends on the
information at the current frame.

3) PDA without blocks (A), (B) and 'decrease merit'
in step iii (see Fig. 4) from the proposed PDA.
The merit of a candidate is only increased in
presence of other Gy,s at multiple lags. This
approach becomes a rather conventional auto-
correlation-based pitch extraction method [14].

4) RAPT: The KTH’s WaveSurfer implementation
of a robust algorithm for pitch tacking [13], a
method based on normalized cross-correlation
and dynamic programming.

4.3 Experimental results and discussion

The experimental results are shown in Tables 1
and 2. The results are given in terms of %Gross Error.
'Gross error' is an error when the generated pitch is
not within 1 ms of the reference pitch for a certain
frame [6]. For example, if the proposed PDA
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generated pitch is 10 ms for a frame, while the
reference pitch is 3 ms, then a gross error is reported
for that frame. Gross error also includes error of
detecting voiced frames as unvoiced/silent frames (V
to U/S). The values of 6, = 0.03 and & = 90% are
found to give the best results and are fixed for the
evaluation.

Tables 1 and 2 depict the strength of the proposed
PDA for male and female speech, respectively. For
male clean speech, the proposed PDA misclassifies
only 0.11% of voiced frames as unvoiced or silent
frames, while it is only 2.78% for noisy speech with
SNR = 0 dB. Without enhancement blocks (A) and
(B), the performance is poor even in clean
environment. The performance is greatly affected in
voiced segments. Also, 'decrease merit', which is a
novelty of the proposed PDA, shows positive effect
in the experiment. For example, 5.97% of voiced
frames are found to have detected as unvoiced or
silent frames for wvariation (2), which includes
'decrease merit' for noisy speech with SNR = 0 dB,
while 6.96% of voiced frames are reported to have
detected as unvoiced/silent frames for variation (3)
that does not include 'decrease merit'. The proposed
method also shows superiority over the RAPT
algorithm. From Table 1, we can see that the
proposed method has only 2.65% gross error
compared to 8.11% obtained by the RAPT algorithm
at SNR = 0 dB. Similarly, Table 2 shows
corresponding improvements of the proposed method
for female speech. If we compare Tables 1 and 2, we
can find that the PDA performs better for female
speech. For example, in SNR = 0 dB condition, the
proposed method has 2.65% gross error for male
speech, while that for female speech is 2.54%. Figure
7 summarizes average % gross error for male and
female speech for different noisy conditions. From
Fig. 7 we can see that the proposed PDA has average
2.60% gross error comparing to 8.03% obtained by
RAPT.

Table 1. Performance of different methods of
pitch detection for male speech. Gross error, V to U/S
(voiced to unvoiced/silent error), and U/S to V
(unvoiced/silent to voiced error) are given in %.

Table 2. Performance of different methods of
pitch detection for female speech. Gross error, V to
U/S (voiced to unvoiced/silent error), and U/S to V
(unvoiced/silent to voiced error) are given in %.

Fig. 7. Average %Gross Error of male and female
speech for different methods.

Fig. 8. Mean FPE (fine pitch error) of different
methods for male speech.

Fig. 9. Mean FPE (fine pitch error) of different
methods for female speech.

Fig. 10. Comparison of extracted pitch between
RAPT and the proposed method. The utterance is
contaminated with white noise at SNR =5 dB.

Figure 8 and 9 show mean fine pitch error (FPE)
of male and female speech, respectively, at different
SNR. FPE is termed as pitch error of less than 1 ms,
and it is defined in Hz. From these figures, we can
see that FPE is more for female speech than for male
speech. Female voice pitch ranges from 250 Hz to
500 Hz, while that for male voice is from 60 Hz to
180 Hz. Therefore, it is obvious that FPE for female
voice pitch will be greater than FPE for male voice
pitch. These figures clearly indicate that the proposed
method outperforms all other methods in terms of
FPE at different noise levels.

Figure 10 shows a comparison of detected pitch
of a full length TIMIT sentence (dr6, SAl.wav)
contaminated with white noise at SNR = 5 dB. From
the figure we see better accuracy of the proposed
method in terms of pitch value and boundary
detection of voiced segments over RAPT.

5. Conclusion

A noise-robust pitch detection algorithm based on
autocorrelation function has been introduced. The
method includes several band pass filters to exploit
different level of periodicity at different frequency
range, weight assignment to pitch candidates based
on presence or absence of pitch harmonics in
autocorrelation function, and a smoothing technique
that suppresses any abrupt changes of pitch in
successive frames. Experimental results conclude the
followings:

a) Weight assignment is important not only in
terms of ‘increase merit’ when there is a presence of
peak at integral multiple position of a candidate, but
also in terms of ‘decrease merit’” when there is
absence of a peak at its integral multiple position.

b) Smoothening over multiple frames is necessary
for finding accurate pitch over the utterance.

The effect of other types of real noises on the
proposed pitch detection algorithm will be
investigated as a future study.
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(b) Case: eliminates ‘no pitch’ error.

Fig. 6. Examples for the enhancements of pitch detection. (a) The pitch candidate, located at lag 100, does not have G, near its 3™
multiple lag 300, and hence its merit is decreased. On the other hand, the pitch candidate at lag 196 has a peak near its 2"
multiple lag 400, and 3" multiple lag is out of frame. So its merit is increased. Also, pitch candidate at lag 196 locates closely
to the pitch of previous frame (lag 191). The enhancement eliminates half-pitch error and detects the correct pitch. (b) A
large Gy is located around double the previous pitch lag, and it helps to detect the current pitch at lag 202.
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Table 1. Performance of different methods of pitch detection for male speech. Gross error, V to U/S (voiced to unvoiced/silent error),

and U/S to V (unvoiced/silent to voiced error) are given in %.

SNR (dB)
Error (%) | Method
Clean 10 5 0
(1) 0.13 0.78 2.08 2.65
() 0.61 1.31 3.33 6.41
Gross error
3) 0.72 1.68 421 8.34
4) 0.70 1.51 4.14 8.11
(1) 0.11 0.53 1.79 2.78
() 0.52 1.25 3.08 5.97
Vto U/S
3) 0.69 1.51 3.92 6.96
4) 0.63 1.41 3.73 6.65
(1) 0.51 1.15 1.60 2.37
() 1.02 2.06 3.32 5.88
U/StoV
3) 1.06 2.42 4.03 6.96
4) 1.06 2.40 393 6.87

(1) The proposed PDA; (2) without blocks (A), (B);
(3) without blocks (A), (B), and ‘decrease merit’ at step iii. in Fig. 4 ;

(4) RAPT.
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Table 2. Performance of different methods of pitch detection for female speech. Gross error, V to U/S (voiced to unvoiced/silent
error), and U/S to V (unvoiced/silent to voiced error) are given in %.

SNR (dB)
Error (%) Method
Clean 10 5 0
(1 0.09 0.65 2.01 2.54
2) 0.49 1.17 3.22 6.30
Gross error
3) 0.60 1.59 4.13 &.11
4) 0.57 1.48 4.09 7.95
(1) 0.07 0.47 1.68 2.70
2) 0.41 1.13 2.94 5.81
V to U/S
3) 0.52 1.42 3.62 6.64
4) 0.49 1.37 3.51 6.45
(1 0.42 0.97 1.43 2.01
2) 0.83 1.91 3.11 5.32
U/StoV
3) 0.95 2.13 3.32 6.11
4) 0.91 2.02 3.16 5.84

(1) The proposed PDA; (2) without blocks (A), (B);
(3) without blocks (A), (B), and ‘decrease merit’ at step iii. in Fig. 4 ;
(4) RAPT.
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Fig. 7. Average %Gross Error of male and female speech for different methods.
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Fig. 8. Mean FPE (fine pitch error) of different methods for male speech.
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Fig. 9. Mean FPE (fine pitch error) of different methods for female speech.
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Fig. 10. Comparison of extracted pitch between RAPT and the proposed method. The utterance is contaminated with white noise at
SNR =5 dB.
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