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Abstract: A method based on ensemble empirical mode decomposition (EEMD) is proposed for accurately
detecting the time varying pitch of speech in tonal languages. Unlike frame-, event-, or subspace-based pitch
detectors, the time varying information of pitch within the short duration, which is of crucial importance in speech
processing of tonal languages, can be accurately extracted. The Chinese Linguistic Data Consortium (CLDC)
database for Mandarin Chinese was employed as standard speech data for the evaluation of the eﬀectiveness of the
method. It is shown that the proposed method provides more accurate and reliable results, particularly in estimating
the tones of non-monotonically varying pitches like the third one in Mandarin Chinese. Also, it is shown that the
new method has strong resistance to noise disturbance.
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1 Introduction
Detection or estimation of the time variation of
pitch is of crucial importance in speech processing of
such tonal languages as Chinese (Wang and Seneﬀ,
1998; Chang et al., 2000), a language spoken by over
1.3 billion of people in the world. Among the characters of Mandarin Chinese are the four speech tones,
which are the manifestation of temporally varying
patterns or contours of pitch and often bewilder foreigners who try to learn this language. Other than
oﬃcial Chinese, there are roughly seven dialects in
Chinese, each still spoken by vast populations in different parts of China. These dialects are character*

Project supported by the National Natural Science Foundation of China (No. 10574070) and the State Key Laboratory
Foundation of China (No. 9140C240207060C24)
c Zhejiang University and Springer-Verlag Berlin Heidelberg 2012


ized by, among others, their intricate and yet unique
tonal patterns or contours of time varying pitch. In
addition, China, as one of the most ancient civilizations, has a plentiful poetic literature inherited particularly from Tang and Song dynasties. The beauty
of the classical poetry lies not only on the elegantly
arranged words and the artistic conceptions that are
conveyed, but also on their cadent rhythmic expressions in the format of voicing patterns of pitch.
Existing methods for pitch detection can
roughly be divided into three classes: frame-, event-,
and subspace-based pitch detectors. Most framebased pitch detectors (Noll, 1967; Talkin, 1995; Li
et al., 2000; de Cheveigne and Kawahara, 2002;
Chan and So, 2004) are based on the assumption of invariability of pitch over a speech segment of short duration, consisting of several pitch
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periods. Thus, the time varying information of
pitch within the short duration cannot be accurately
extracted. Event-based pitch detectors (Ananthapadmanabha and Yegnanarayana, 1975; Cheng and
O’Shaughnessy, 1989; Kadambe and BoudreauxBartels, 1992; Boersma, 2002) are based on pitch
marking or epoch detection. These methods detect
the event of a glottal cycle, for example, the instants
of glottal closure, from which the duration of each
pitch period can be derived. However, event-based
pitch detectors are sensitive to shapes of the speech
waveform, which may cause the detectors to fail in
cases where instances of glottal closures are not very
obvious (Resch et al., 2007). Recently, subspacebased pitch detectors (Christensen et al., 2007; 2008;
Zhang et al., 2010) have been shown to have good
estimation performance with a high accuracy in low
signal-to-noise ratio (SNR) conditions, and these detectors also provide ﬂexibility for robust estimation
on inharmonic signals and multi-pitch signals. However, the main disadvantages of subspace-based pitch
detectors are the high computational complexity of
the subspace decomposition process, which would
make these detectors not very eﬀective for fast processing in many real-time applications.
All these factors necessitate a reliable and accurate speech processing algorithm that can extract
the time varying pitch information for applications
such as speech synthesis and recognition of tonal
languages. The Hilbert-Huang transform (HHT)
(Huang et al., 1998) seems competent for completing the task. HHT is built essentially on empirical
mode decomposition (EMD). With EMD, any signal,
whether linear or nonlinear, can be disintegrated into
a sequence of intrinsic mode functions (IMFs) that
characterize the underlying dynamics and evolution
of the system generating the signal. These IMFs act
as base functions, like those in Fourier analysis, but
are totally data or signal speciﬁc. These features
further make HHT not only capable of coping with
non-stationary signals, but also highly adaptive in
general signal processing (Huang and Wu, 2007). Although still in its developing state, HHT has already
demonstrated its remarkable power in a number of
applications (Liang et al., 2000; Huang et al., 2001;
Schlurmann et al., 2001; Jánosi and Müller, 2005;
Goska and Krawiecki, 2006; Qi et al., 2007; Pai and
Palazotto, 2008; Bekara and Baan, 2009).
Recently, EMD was applied to pitch detection
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(Huang and Pan, 2006). At ﬁrst view, it seems
promising, since EMD is believed to decompose a
speech signal into IMFs, including the one that contains pitch information. However, EMD suﬀers from
the mode mixing eﬀect (Huang et al., 1999; Hong
et al., 2009; Xu et al., 2009) and instability against
noise disturbance (Lin et al., 2009). The mode mixing eﬀect usually causes the pitch information to be
scrapped into pieces in an indeﬁnite number of IMFs
in an anomalistic way. Consequently, it becomes
diﬃcult to perfectly merge the scattered pitch information into a single piece. In this work, we propose
a novel pitch detection algorithm based on EEMD
(Wu and Huang, 2009) to avoid these problems and
capture the time varying pitch information.

2 Formulation and algorithm
2.1 Summary of ensemble empirical mode decomposition
EEMD actually is a remarkable improvement of
the original EMD for disintegrating any signal s(t),
even non-stationary and nonlinear signals, into a sequence of IMFs:
s(t) =

N


IMFn (t).

(1)

n=1

s(t) is decomposed by ﬁrst constructing an ensemble
of signal samples sm (t) by adding to s(t) M independent copies of ﬁnite amplitude white noise nm (t), i.e.,
sm (t) = s(t) + nm (t), m = 1, 2, · · · , M,

(2)

decomposing every sample sm (t) into IMFs,
sm (t) =

N


IMF(m)
n (t), m = 1, 2, · · · , M,

(3)

n=1

in exactly the same way as in the original EMD
(Huang et al., 1998), and then calculating the ensemble means
IMFn =

M
1 
IMF(m)
n , n = 1, 2, 3, · · ·
M m=1

(4)

as the ﬁnal IMFs. A large number (M ) of samples
and a white noise of ﬁnite amplitude are required to
force the ensemble to exhaust all possibilities in the
sifting process.
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In this way, possible mode mixing, an unfavorable eﬀect in the original EMD, is eﬀectively avoided,
and the components of diﬀerent time scales embodied
in the original signal are well collated in proper IMFs,
whose frequency bands essentially approximate those
dictated by the dyadic ﬁlter banks (Wu and Huang,
2009). For speech signals sampled at 16 000 Hz, the
frequency bands of the decomposed IMFs are approximately 4000–8000 Hz, 2000–4000 Hz, 1000–2000 Hz,
· · · , in sequence. Pitch either falls most possibly in
one of these bands, say, the band of the 6th or 7th
IMF, or transits among several bands belonging to
the neighboring modes, usually ranging from IMF5
to IMF8 . By the decomposition, we therefore are
provided with an opportunity to accurately extract
time varying pitch from few individual IMFs that are
remarkably simpler than the original s(t).
2.2 Time varying pitch detection algorithm
based on EEMD
Our steps to detect the pitch of a speech signal
s(t) can be illustrated in Fig. 1.
Speech signal

Consonant segmentation

Manual marking pitch detection

Ensemble EMD

IMFs selection

Computation of
instantaneous frequency

Pitch combination

Smoothness
Pitch frequency
estimates

Fig. 1 Block diagram of the proposed pitch detection
algorithm

First, s(t) is pre-processed by consonant segmentation, so as to remove those segments that
are identiﬁed as being silent or unvoiced. In general, vowels and consonants appear alternately in
Mandarin Chinese. Energy alteration occurs when
the sounds change from vowels to consonants or
from consonants to vowels. Here we adopt the
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short-term energy algorithm to realize the consonant segmentation (Deller et al., 1993). The preprocessed s(t) then is decomposed with the EEMD
technique, yielding a set of IMFs from IMF1 (the
highest frequency component) to IMFN (the lowest
frequency component), from which the four IMFs
(IMF5 –IMF8 ) that may contain the pitch information are picked out and their instantaneous frequencies f˜i (t) (i = 5, 6, 7, 8) are calculated via Hilbert
transform (Huang et al., 1998). Based on the reference contour fˆr (t) (which will be described later),
the pitch contour F (t) can be attained from the four
candidates, f˜i (t) (i = 5, 6, 7, 8), by
F (t) = {f˜k (t)| 5 ≤ k ≤ 8, k ∈ N, |f˜k (t) − fˆr (t)|
≤ |f˜i (t) − fˆr (t)|, i = 5, 6, 7, 8}. (5)
That is, the f˜i (t) that is the nearest to fˆr (t) for
i = 5, 6, 7, 8 is taken as F . Finally, a smoothing operation is applied to F (t) so as to eliminate the possible ﬂuctuation induced by noise and computational
errors, yielding a smoothly varying instantaneous
frequency F0 (t) taken as the contour of pitch. For
simplicity, the moving windowed average is adopted
here:

1 +T /2
F0 (t) =
F (τ )W (τ − t)dτ,
(6)
T −T /2
where W (t) is a rectangular window function of
width T and height 1, with T being set to be multiple
times the dominant oscillatory period of the selected
IMF.
Two issues about the procedure should be further elucidated as follows:
1. To ensure success, one needs to determine
which of the decomposed IMFs actually contains
pitch information. Perhaps the most simple and stable solution, as adopted here, is using manual marking in parallel with EEMD processing to extract the
so-called primary pitch frequency fˆp (p = 1, 2, 3, ...).
To ensure the resolution, fˆp is interpolated by means
of cubic spline, thereby yielding a smooth frequency
curve, which is used as the reference fˆr (t) to locate
the pitch-bearing IMFs.
2. The number of ensemble members and the
amplitude of the added white noise are two crucial
parameters that need to be set when the EEMD
method is used. In this study, we set the ensemble
number for each case to 100 in algorithm implementation, and the added white noise amplitude is set to
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tected using the new scheme for two Chinese monosyllables taken from the CLDC database: (a) /á/ in
Chinese, meaning ‘surprise’ in English and (b) /yǎo/
in Chinese, meaning ‘bite’ in English. Also plotted
in the ﬁgure for comparison are those evaluated using the autocorrelation function (ACF) method. For
/á/ (Fig. 3a), essentially the same results are obtained using the diﬀerent methods, except that the
new scheme greatly improves the frequency-resolving
power. For the third tone /yǎo/, however, the ACF
method is totally unable to capture the pitch frequency on the trough of the tone contour f (t), causing a gap of vanishing pitch frequency, or provides
the misleading information that would cause the confusion of the monosyllable /yǎo/ as a disyllable in
tone recognition. The emergence of the gap is most
likely due to the non-monotonic variation of the third
tone. Nevertheless, the new method gives an encouraging result that correctly delineates the temporal
variation of this tone (Fig. 3b).
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Fig. 2 The time domain signal of speech /á/ (a), the
four IMFs (IMF5 –IMF8 ) decomposed using EEMD
(b), and the time varying pitch detected using the
proposed algorithm (c)

3 Performance and comparisons
Now we attempt to apply the proposed method
to practical speech signals to further demonstrate its
performance and eﬀectiveness.
The speech data used are from CLDC, a standard Mandarin Chinese speech database, whose samples, all recorded at a sampling rate of 16 000 Hz with
16-bit amplitude resolution, were acquired from 30
speakers (15 males, 15 females) in a typical quiet
environment.
3.1 Chinese monosyllable
As we know, the monosyllable is the essential
unit in Mandarin Chinese. We applied the proposed method to monosyllable processing to examine whether it could extract the time varying pitch
information. Fig. 3 presents the pitch contours de-

Frequency (Hz)

Amplitude

be 0.02 times the standard deviation of the speech
signal (Lei et al., 2009).
An illustration of the operation is shown in
Fig. 2. Here we take as an example the decomposition of Chinese monosyllable /á/ (sampled at 16
kHz). Fig. 2a displays the time domain signal of
speech /á/, and Fig. 2b shows the four IMFs (IMF5 –
IMF8 ) decomposed using EEMD. Fig. 2b shows that
only IMF7 includes the pitch information. Assuming
F (t) = f˜7 (t), the time varying pitch contour F0 (t) is
captured successfully (Fig. 2c).
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Fig. 3 Time varying pitch of two Chinese monosyllables detected using the proposed method (solid
line) and the autocorrelation function (ACF) method
(dotted-line connected circles).
(a) For Chinese
monosyllable /á/; (b) For Chinese monosyllable /yǎo/

To further demonstrate the eﬀectiveness of the
proposed method, intensive tests were performed
for 3052 third-tone monosyllables drawn from the
CLDC database, and comparisons were made with
existing methods including the ACF method, the
cepstrum method (CEP), the YIN pitch estimation
method, a state-of-the-art frame-based pitch detector (de Cheveigne and Kawahara, 2002), the get-f0
method of ESPS (Talkin, 1995), a benchmark routine for pitch detection, and the pitch marking algorithm of Praat, a state-of-the-art event-based pitch
detector (Boersma, 2002). When evaluating the candidate methods, the case in which more than 5%
evaluated values diﬀer by more than 20% from manual marking pitch estimates is counted as a ‘gross
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error’ (de Cheveigne and Kawahara, 2002). Table
1 summarizes the gross error numbers and rates for
each method. Since the proposed method can extract time varying pitch information, it performs better than other methods. In addition, the occasional
erroneous detections with our method are largely ascribed to an incautious combination of pitch contours
when several IMFs contain the pitch information.
Table 1 Gross error numbers and rates over 3052
third-tone monosyllables
Gross error number

Gross error rate

240

1221
946
824
611
494
184

40%
31%
27%
20%
16%
6%

120

ACF
CEP
YIN
Praat
get-f0
Ours

0

From Section 3.1, we ﬁnd that the new algorithm has advantages in the pitch detection of monosyllables, particularly in estimating the tones of nonmonotonically varying pitch like the third one. As
an extension, here we consider Chinese disyllable and
continuous speech signal.
Fig. 4 presents the pitch contours detected using
the new scheme: (a) Chinese disyllable ‘/mō é/’ in
Chinese, meaning ‘touch goose’ in English and (b)
continuous speech signal ‘/tā qù wú xī shì/’ in Chinese, meaning ‘He went to Wuxi city’ in English. For
the Chinese disyllable, the new algorithm greatly improves the frequency-resolving power (Fig. 4a). The
new scheme also gives an encouraging result for the
continuous speech signal (Fig. 4b).
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method in rhythm extraction, we present in Fig. 5
the estimated tonal patterns of a Chinese ancient
poetry, entitled ‘Gu Lang Yue Xing’ (‘The Classic
Bright-Moon Melody’ in English), which was written
by one of the most famous poets, Li Bai, who lived
from 701 to 762 A.D. in the Tang Dynasty. The
English translation of the poetry is: Too childish to
understand the moon bright, I called it a jade-disk
in white. It looks like a mirror in the paradise, ﬂying
high in the blue sky.
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Fig. 4 Time varying pitch of Chinese disyllable and
continuous speech signal detected using the proposed
method. (a) For Chinese disyllable /mō é/; (b) For
continuous speech signal /tā qù w ú xī shì/

To further show the excellent performance of our
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Fig. 5 Time varying pitch of a Chinese ancient poetry
from Li Bai. From the top to the bottom are the four
rows of the poetry in sequence

3.3 Noise robustness
An added beneﬁt with the present algorithm is
the enhanced tolerance with respect to noise disturbance. This is largely ascribed to the remarkably improved stability of EEMD. Note here that the noise
in a noisy signal is irrelevant to the artiﬁcially added
white noise in forming the ensemble of the signal.
Unlike the original EMD, the ensemble decomposition is able to cancel out the noise eﬀect to a large
degree. The reason is that the noise in a signal will
blend with the additive noise in each ensemble copy,
and the noise eﬀect in diﬀerent ensemble copies counteracts each other by the ensemble average.
By contrast, both frame- and event-based pitch
detectors are sensitive to noise. For instance, both
ACF and CEP fail to extract the pitch information from the Chinese monosyllable /á/ that is contaminated with Gaussian noise, with SNR ≈ 3 dB,
but the present method successfully detects the time
varying contour (Fig. 6a). The noise-resistance ability, together with the adaptability of the EEMD
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method, makes the present algorithm widely applicable in processing real speech signals with noise contamination. Fig. 6b shows the encouraging performance of the new scheme in extracting the time varying pitch for the Chinese continuous speech signal in
Fig. 4b, polluted by an additive Gaussian white noise
with SNR ≈ 7 dB.
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Fig. 6 Time varying pitch detected by the proposed
method from two noise-contaminated speech signals.
(a) For noisy Chinese monosyllable /á/, with SNR ≈ 3
dB; (b) For noisy Chinese continuous speech signal /tā
qù w ú xī shì/, with SNR ≈ 7 dB

4 Conclusions
In this paper, we have developed a novel pitch
detector that is able to accurately detect and estimate the time variation of pitch. Extensive tests
on Mandarin Chinese speech signals show that the
proposed method outperforms the existing methods,
this being largely ascribed to the powerful timefrequency analysis tool, ensemble empirical mode
decomposition. Also, its robustness against noise
interference ensures its applicability in the speech
processing for tonal languages.
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