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Abstract
This paper presents an efficient pitch estimation
algorithm for noisy speech signal using ensemble empirical
mode decomposition (EEMD) based time domain filtering.
The dominant harmonic of noisy speech is enhanced to make
pitch period more prominent. The normalized autocorrelation
function (NACF) of the modified signal is then decomposed
into time varying subband signals using EEMD. In contrast to
the ordinary EMD, it does not introduce any mode mixing
during decomposition. The subbands containing pitch
component are selected and separated yielding partially
reconstructed signal. The pitch period is determined from thus
separated signals. The experimental results show that the
proposed algorithm performs better compared to other recently
reported algorithms in noisy environment.
Index Terms: ensemble empirical mode decomposition,
filtering, pitch estimation

1. Introduction
Pitch information is an important prosodic feature which
is used in many speech processing applications including
speech enhancement, automatic speech recognition, analysis
and modeling of speech prosody, low-bit-rate speech coding
[1]. Although there are many pitch estimation algorithms
(PEAs), the development of an efficient PEA is still
demanding.
Some PEAs implemented in time domain contained
poor accuracy of pitch estimation [2]-[5]. Autocorrelation
Function (ACF) based algorithm is introduced in [2]-[3]. The
performance of ACF method is basically depended on pitch
peak in the autocorrelation domain which may be quite
difficult to perform against noise, quasi-periodic nature of the
speech signals [6]-[7]. Normalized autocorrelation function
(NACF) based algorithm has been presented in [2] which
provides better results than ACF but suffer from robustness. A
weighted autocorrelation (WAC) based method has been
presented in [3]. It is easy to enhance pitch peak by dividing
ACF with the AMDF in a lower portion than succeeding peaks
but this leads the algorithm to cause a serious problem called
double pitch error. Signal reshaping technique with the
improvement of specific harmonic is presented in [6]-[7]. The
dominant harmonic (DH) of the noisy speech signals is
determined by using a DFT based method and boosted the
amplitude of DH in the analyzing signal which is called
dominant harmonic modification (DHM). This technique also
fails to perform under noisy environment. The data adaptive
techniques of pitch estimation are introduced in [8]-[11] using
EMD [12, 13]. The ordinary EMD suffers from the ‘mode
mixing’ effect decreases pitch estimation performance. To
overcome the mode mixing problem, Wu and Huang [14]
proposed a modification to the EMD algorithm what is termed
as EEMD.
In this paper, a novel pitch estimation algorithm is
proposed using the combination of DHM and EEMD. DHM
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plays an important role to overcome the double pitch error
while EEMD acts as data adaptive time domain filtering to
separate the signal containing only the pitch information
which minimizes the pitch estimation error.

2. Pitch Estimation Algorithm
The noticeable improvement of the EMD based PEA is
possible by overcoming the mode mixing problem. At first,
conventional low-pas filtering is performed on the noisy
speech signal. If s(n) and v(n) denote the speech and additive
noise signals respectively, the observed speech signal x(n) can
be represented as: x(n) s(n) v(n) .
The noise effect can be reduced significantly by prefiltering the observed signal x(n) in the Fourier domain. As the
pitch range of speech signal is well known to be 50-500Hz, a
significant portion of the high frequency components is
filtered out in frequency domain. The resultant signal is
termed as pre-filtered speech (PFS) and represented as (n)
which contains less noise. In the second phase of preprocessing, the DHM is applied to the PFS signal which is
described in the following subsection.

2.1. Dominant harmonic enhancement
The dominant harmonic (DH) can be estimated as the
one which has the largest amplitude in the Fourier domain [6].

Figure 1: Pitch peak enhancement using DHM for a
voiced frame of a female speaker with 0dB SNR.
NACF causes double pitch error but DHM resolves
that problem. The true pitch is 151 in samples.
Let ydh (n) denotes the DH present in the PFS signal
(n). The signal after dominant harmonic enhancement
denoted by y(n) is then given by:

y(n)

(n)

ydh (n)

where,
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ydh (n)

[ ydh (n)

A large number (M) of samples and white noise of finite
amplitude are required to force the ensemble to exhaust all
possibilities in the sifting process. In this way, possible mode
mixing is effectively removed, and 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 [14]. The effect of the
added white noise should decrease following the wellestablished statistical rule:

ydh (n) ]

and

ydh (n)

dh

cos(

dh

n

dh

)

where, dh, dh, dh are amplitude, frequency and
phase of the dominant harmonic respectively, is an
arbitrary constant, and |.| denotes the absolute value.
The parameter controls the mixing ratio to be chosen
appropriately. Figure 1 demonstrates the effects of the
DHM which shows that the conventional NACF of
(n) causes double pitch error while the use of DHM
to (n) overcomes such error.

n

or

ln

2.2. EEMD in pitch detection
EMD suffers from mode mixing effect which indicates
that the oscillations of different time scales coexist in a given
IMF, or that oscillations with the same time scale have been
assigned to different IMFs [14]. Due to this problem, EMD
does not guarantee the accurate frequency scale separation and
pitch information can be mixed between two successive IMFs
which degrades the pitch detection accuracy. EEMD utilizes
the scale separation principle of the EMD. The principle of the
EEMD is to add white noise into the signal with many trials.
The noise in each trial is different, and the added noise can be
canceled out on average, if the number of trials is sufficient.
Let (n) is the NACF of y(n). For signal (n), original EMD is
defined as [12]:
N

( n)

(8)

M

n

2

ln M

0
(8)

where, M is the number of ensemble members,
is the
amplitude of the added noise and n is the final standard
deviation of error, which is defined as the difference between
the input signal and the corresponding IMF(s) [14].
Mode mixing problem is illustrated in the left column of
Figure 2, where a clean speech segment of 100 ms length is
decomposed by EMD. The three IMFs with higher energy are
shown. The appearance of oscillations of dramatically
disparate scales in IMF3 is clear. Another example can be seen
in IMF4, where two oscillations are marked with circles. These
oscillations are very similar to those on IMF 5. On the right
side of Figure3, in IMF4 and IMF5 there is no mode mixing,
where M=50 and =0.1 were used for generating the resulting
IMFs decomposed by EEMD.

c k ( n)

k 1

where ck(n) is the kth IMF. EEMD decomposes (n) by first
construction an ensemble of signal samples m(n) by adding to
(n), M independent copies of finite amplitude white-noise
m(n), i.e.,

(n)

(n)

m

m

(n), m=

…

Applying EMD to m(n) and repeat until the trial
number with different added white noise series of the same
power at each time, the new IMF combination

ck(m )

is

obtained, where k is the iteration number and m is the IMF
scale.

m

( n)

N

ck( m ) (n),

Figure 2: A clean speech segment analyzed by EMD
(left col-umn) and EEMD (right column). The
corresponding IMFs 3 to 5 are shown. In IMF4 and
IMF5of EMD where “mode mixing” occurs are
marked with circles.

…

m

k 1

where, N is the trial number.
The ensemble means is calculated as:

c~ k (n)

1
M

M

ck( m) (n),

(k

m 1
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…

(7)

The pitch detection performance using DHM method
often reduced especially for low SNR speech signals [6]-[7].
To mitigate this shortcoming effects, EEMD based data
adaptive time domain filtering is applied to the NACF of the
DH modified signal y(n) (equation-2) and a partial
reconstruction is made from the EEMD domain to calculate
the actual pitch period. The reconstructed signal (n) is

Speech Prosody 7, 2014

535

SP-7

obtained as

Conference Programme

(n)

c~j (n) , where c~j (n) are the IMFs and

its fundamental periods are within the pitch range 50-500Hz.
Let (n) is the NACF of y(n). The NACF (n) and its
corresponding partially reconstructed signal (n) are shown in
Figure 3. It is observed that the pitch peak is more prominent
in (n) and overcomes double pitch error.

Find the next highest peak from the right half of the
reconstructed signal.
Calculate the pitch period from the difference between
the starting index and the next highest peak index.
The detected pitch response based on the proposed
algorithm has shown in Figure 4.

3. Experimental Results and Discussion

Figure 3: NACF of the signal after performing the DH
enhancement (above), the partially reconstructed
signal from NACF with DHM using EMD (bellow).
The double pitch error is eliminated (bellow).

The performance of the proposed method is tested using
the Keele pitch extraction reference database obtained from
ftp://ftp.cs.keele.ac.uk/pub/pitch/ which contains the sampling
frequency of 20 kHz with 16-bit resolution. Note that the value
of the parameter
in Eq. (3) was set to 0.5. Both male
(M2~M3) and female (F2~F3) mature speakers’ speech are
used here. There are 2650 ‘clearly voiced’ male frames and
3227 ‘clearly voiced’ female frames that is a total of 5877
analysis frames are used for experiment. White Gaussian noise
and babble noise are used to corrupt the test signal to
investigate the robustness. In the experiment, each 25.6 msec
analysis frame is weighted by a 512-point rectangular and 10
msec is used as frame shift to generate the reference pitch
values given in the database. If the estimated pitch for a frame
deviates from the reference by >20%, we recognize the error
as a gross pitch error (GPE).
The performance of the proposed EEMD based
algorithm is compared with recent four PEAs - EMD based
method [11], DHM based method [6], and conventional NACF
method [2] and WAC [3] in presence of white noise as shown
in Table I. It is observed that the proposed EEMD based
algorithm performs better and closer to the original reference
pitch (as shown in Figure 4) than all the mentioned PEAs for a
wide range of SNRs(-5dB to 30dB). Figure 5 shows the
average %GPE for male and female speakers respectively
from which we see that the proposed PEA improves pitch
estimation accuracy in noisy environment especially with low
SNRs.
Table 1. Performance comparison of EEMD algorithm
with recently reported PEAs for male and female data.
White noise is used to corrupt the speech signal.

Figure 4: Performance Comparison of pitch period
estimated by EEMD (proposed) and EMD method with
the reference pitch for female speech. The proposed
EEMD based method performs better than EMD.

2.3. Proposed pitch detection algorithm
The proposed algorithm for pitch estimation can be
summarized as:
Apply pre-filtering to the noisy speech signal to
remove a significant portion beyond the pitch range
50-500Hz.
Perform signal modification using DHM on PFS and
then apply NACF to the modified signal.
Apply EEMD to the obtained NACF.
Sum up the IMFs with fundamental period lies within
the specified pitch range for partial.
Take the right half of the reconstructed signal.
The amplitude at zero-lag is selected as the starting
index of the pitch period.
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SNR(dB)
EEMD
EMD
M2 DHM
NACF
WAC
EEMD
EMD
M3 DHM
NACF
WAC
EEMD
EMD
F2
DHM
NACF
WAC
EEMD
EMD
F3
DHM
NACF
WAC
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-5
6.72
13.78
14.26
22.36
25.20
3.12
7.77
12.28
23.37
24.29
5.51
10.98
10.97
21.48
23.05
5.51
11.67
11.38
21.49
21.78

0
5.51
7.69
7.45
14.74
15.23
0.99
2.40
4.73
11.51
12.07
1.98
5.85
6.39
11.91
11.58
2.97
5.37
6.01
12.16
7.85

10
2.02
4.13
2.99
6.96
7.37
0.21
0.35
1.12
3.38
3.38
0.93
1.32
1.93
4.24
3.97
0.98
1.49
2.05
4.73
4.38

20
1.54
2.92
2.26
5.26
6.17
0.14
0.14
0.56
1.69
1.20
0.88
1.05
1.15
2.04
1.93
0.28
0.50
0.70
2.19
1.64

30
1.53
2.67
1.94
4.94
6.07
0.07
0.14
0.35
1.27
0.98
0.55
0.72
0.93
1.70
1.59
0.21
0.49
0.49
1.69
1.62
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In the second phase of experiment, we evaluate and compare
the pitch detection performances of the proposed PEA with
EMD [11, 15] and DHM [6] in noisy environment with bubble
noise as illustrated in Table II. The proposed EEMD method
provides better results than EMD and DHM based methods for
the whole range of SNRs (-5dB to 30dB). The average
performance comparison for this experiment has been shown
in Figure 6 and it is clearly observed that the proposed PEA
exhibits better performance than EMD and DHM based
approach.

4. Conclusions
It is observed that the proposed method provides better
performance in terms of % GPE than other recently reported
PEAs in bubble and white noise environment for a wide range
of SNRs(-5dB to 30dB). The EEMD based filtering efficiently
extracts the signal components containing pitch information.
Then pitch period is determined from partially reconstructed
signal of EEMD domain. The pitch peaks become more
prominent in the reconstructed signal. The EEMD is being free
of mode mixing problem, pitch period does not overlap
between any two IMFs and in most cases the detected pitch
responses are almost closer to the original reference pitch.
This strategy proves the superioty of the proposed algorithm.
Also its performance in low SNRs is extremely better than
EMD, DHM, NACF and WAC based PEAs. Finally, all sorts
of experimental results prove the advantages of the proposed
algorithm.

Figure 5: Average performance results in terms of
%GPE for white noise (‘M’ and ‘F’ denote male and
female, respectively).
Table 2. Performance comparison of EEMD algorithm
with recently reported PEAs for male and female data.
Babble noise is used to corrupt the speech signal
SNR(dB)
EEMD
M2 EMD
DHM
EEMD
M3 EMD
DHM
EEMD
F2
EMD
DHM
EEMD
F3
EMD
DHM

-5
20.65
24.71
52.83
21.66
29.52
57.98
13.18
58.30
73.08
8.69
63.72
67.05

0
10.93
18.15
32.98
14.74
19.49
38.42
5.62
32.98
47.21
5.23
41.02
38.76

10
5.26
5.26
9.64
2.04
4.02
8.55
1.48
5.63
9.82
1.06
9.12
6.44

20
2.26
2.76
3.81
0.56
0.71
1.06
1.10
1.49
2.31
0.35
2.75
1.98

30
1.54
2.75
3.08
0.07
0.28
0.35
0.56
0.93
0.94
0.28
0.49
0.78

Figure 6: Average performance results in terms of
%GPE for babble noise (‘M’ and ‘F’ denote male and
female, respectively).
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