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ABSTRACT 
 

A novel approach has been described in this paper to find pitch markers (vocal tract excitation) using ensemble 

empirical mode decomposition (EEMD). EEMD is the method used for time-frequency analysis for any speech 

signal. Using EEMD, signal decomposed into intermediate function called IMF(Intrinsic mode function). This 

IMF is used to extract the pitch excitation in speech signal. This paper uses IMF 4 for experimentation.  To find 

out accurate pitch marker zero crossing points determined in IMF and after that to separate voiced, unvoiced 

and silence segment simple energy based threshold is applied. This proposed algorithm is giving very promising 

and convincing results.  
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I INTRODUCTION 

Speech is the output of a time-varying vocal tract system excited by a time-varying excitation. However, for 

analysis purpose, speech is assumed to be quasi-stationary when it is treated in blocks of 10-20 msec. Features 

are extracted from these blocks for further processing using signal processing techniques. Pitch marking (PM), 

is used to locate every vibration of the vocal chords.  That is, the beginning and end of each pitch cycle is to be 

located by timing markers. PM does not involve classifying speech into voiced or unvoiced regions but rather 

may use such pre-existing knowledge for locating pitch cycle markers. Broadly there are two approaches for the 

analysis of speech that is, pitch-synchronous and pitch-asynchronous. In pitch-synchronous analysis, pitch 

markers are detected from the speech signal and are used as anchor points for further processing. Alternatively, 

in pitch-asynchronous analysis no such pitch markers are used for processing. Generally it has been observed 

that pitch-synchronous analysis gives better performance compared to pitch-asynchronous analysis [1-4].The 

present study focuses on developing a new method for detecting pitch markers in a computationally efficient 

manner. 

 

1.1 Significance of Epochs in Speech Analysis 

Voiced speech analysis consists of determining the frequency response of the vocal-tract system and the glottal 

pulses representing the excitation source. Although the source of excitation for voiced speech is a sequence of 

glottal pulses, the significant excitation of the vocal-tract system is within a glottal pulse. The significant 

excitation can be considered to occur at the instant of glottal closure, called the epoch. Many speech analysis 



 

 

International Journal of Advance Research In Science And Engineering             http://www.ijarse.com  

IJARSE, Vol. No.4, Issue No.01, January 2015                                                       ISSN-2319-8354(E) 

347 | P a g e  

 

situations depend on the accurate estimation of the epoch locations within a glottal pulse. For example, 

knowledge of the epoch locations is useful for accurate estimation of the fundamental frequency (f0). Other 

potential applications of the markings of pitch period markers include analysis of jitter, prosody in speech [5], 

text-to-speech synthesis [6,7], analysis of voice quality and pitch synchronous speech analysis [8]. 

1.2 Review of the Existing Methods 

Normally, pitch markers are associated to the glottal closure instants (GCIs) of the glottal cycles. Most pitch 

marker extraction methods rely on the error signal derived from the speech waveform after removing the 

predictable portion (second-order correlations). The error signal is usually derived by performing linear 

prediction (LP) analysis of the speech signal [9]. The first contribution to the detection of epochs was due to 

Sobakin [10]. A slightly modified version was proposed by Strube [11]. In Strube’s work, some predictor 

methods based on LP analysis for the determination of the pitch markers were reviewed. Most of pitch marker 

determination methods are based on autocorrelation function Autocorrelation method [17], Cepstral method 

[18], AMDF [19], etc. But, all of these techniques face a few or all of these problems- windowing effect, low 

time resolution, low frequency resolution, etc. Later on Group delay based method [12,13] and zero frequency 

resonator based method developed [23,24]. Except zero frequency resonator based method all are short term 

processing. Only zero frequency resonator based algorithm can use on long duration signal.  

This paper work is an attempt to get rid of a few or all of these shortcomings. We can use Empirical Mode 

Decomposition (EMD) [20] to find the instantaneous pitch. The idea is that one of the Intrinsic Mode 

Frequencies (IMFs) contains the pitch information. To make sure that there is a unique IMF containing the pitch 

information, we need to get rid of “Mode-mixing” [22]. This problem can be solve by Ensemble Empirical 

Mode Decomposition (EEMD) [21]. 

New proposed method for finding pitch markers using EEMD can be apply on long duration signal (upto 1 sec.) 

and determine the pitch markers in very good manner as good as other method used for pitch markers.  

 

II BASIS FOR PROPOSED PITCH MARKER METHOD 

EMD algorithm has been recently proposed by Huang [14] for adaptively decomposing nonlinear and non 

stationary signals into a sum of well-behaved AM - FM components, called Intrinsic Mode Functions. This new 

technique has received the attention of the scientific community, both in its understanding and application. EMD 

based algorithms suffer the well-known “mode mixing” problem and they use a set of post-processing rules with 

the intention of alleviate it. The mode mixing is perhaps the major drawback of the original EMD. This effect is 

defined as a single IMF either consisting of signals of widely disparate scales (energies), or a signal of a similar 

scale residing in different IMF components [15]. Wu and Huang [15] proposed a modification to the EMD 

algorithm. This new method, called Ensemble Empirical Mode Decomposition (EEMD), largely alleviates the 

mode mixing effect. 

 

2.1 Ensemble Empirical Mode Decomposition 

Ensemble Empirical Mode Decomposition (EEMD) approach consists of sifting [25] an ensemble of white 

noise-added signal and treats the mean as the final true result. Finite, not infinitesimal, amplitude white noise is 

necessary to force the ensemble to exhaust all possible solutions in the sifting process, thus making the different 
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scale signals to collate in the proper intrinsic mode functions (IMF) dictated by the dyadic filter banks. As the 

EMD is a time space analysis method, the white noise is averaged out with sufficient number of trials; the only 

persistent part survives the averaging process is the signal, which is then treated as the true and more physical 

meaningful answer. The effect of the added white noise is to provide a uniform reference frame in the time-

frequency space; therefore, the added noise collates the portion of the signal of comparable scale in one IMF. 

With this ensemble mean, one can separate scales naturally without any a priori subjective criterion selection as 

in the intermittence test for the original EMD algorithm. This new approach utilizes the full advantage of the 

statistical characteristics of white noise to perturb the signal in its true solution neighborhood, and to cancel 

itself out after serving its purpose; therefore, it represents a substantial improvement over the original EMD. 

 

2.2 EMD Algorithm 

The standard EMD algorithm was derived using following steps [15]: 

(1) Identify all the extreme (maxima and minima) peaks of the signal (DC component of signal was removed 

before preprocessing), s(t). 

(2) Generate the upper and lower envelope by the cubic spline interpolation of the extreme peaks developed in 

step (1). 

(3) Calculate the mean function of the upper and lower envelope, m(t). 

(4) Calculate the difference signal, d(t)=s(t)-m(t). 

(5) If d(t) becomes a zero-mean process, then the iteration is stopped and d(t) is considered as the first IMF, 

named 
1
( )c t ; otherwise, go to step (1) and replace s(t) with d(t). 

(6) Calculate the residue signal, r(t)=s(t)- 
1
( )c t  

(7) Repeat the procedure from steps (1) to (6) to obtain the second IMF, named c2(t). To obtain ( )
n

c t  continue 

the steps (1)–(6) after n iterations. The process is stopped when the final residual signal, r(t), is obtained as a 

monotonic function. 

At the end of the procedure, a residue r(t) and a collection of n IMF were derived and named 

from c1(t) to cn(t). Hence, the original signal can be represented as: 

 
1

( ) ( ) ( )

n

i

i

s t c t r t



           (1)          

where r(t) is often regarded as cn+1(t). 

The low IMF scales were mainly the high-frequency components of signal, while the high IMF 

scales were the low-frequency components of signal. Thus, an EMD-based low-pass filter was 

developed using the partial reconstruction of the selected IMF scale, which is given as: 

1

( )

n

k i

i k

R E M D c t





                         (2) 

When k =1, the REMD1 was equivalent to the original noise-contaminated ECG. 
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2.3 EEMD Algorithm 

The EEMD algorithm is as follows [16]: 

(1) Add a white-noise series, n(t), to the targeted signal, x(t), in the following description, x1(t)=x(t)+n(t). The 

added noise power from 5 to 25 dB was used to investigate the EEMD performance. 

(2) Decompose the data x1(t) using the EMD algorithm, as described above. 

(3) Repeat Steps (1) and (2) until the pre-set trial numbers, each time with different added white-noise series of 

the same power. The new IMF combination ( )
i j

c t is achieved, where i is the iteration number and j is the IMF 

scale. 

(4) Estimate the mean (ensemble) of the final IMF of the decompositions as the desired output. 

1

( )

( )

j

n t

i j

i

c t

c t

E E M D
n t





 

where nt denotes the trial numbers. Similar to EMD, an EEMD-based partial reconstruction of ensemble IMF 

can be defined as: 

1

( )
j

n

k c t

j k

R E E M D E E M D





   

This method to determine IMF using EEMD is applied on a small segment of speech signal. The resultant IMFs 

are shown in Figure 1.  

 

Figure 1: Speech signal and its corresponding IMFs 
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Now, the idea is that one of the Intrinsic Mode Frequencies contains the pitch information.  The IMF having the 

highest energy is proposed as the IMF containing the pitch information. The amplitude of the Filtered IMF4 is 

high in the voiced region and is close to zero in the non-voiced part as shown in Figure 2. It can be observed in 

Figure 3, the plots of the speech signal, its IMF3, IMF4 that IMF 4 contains the pitch information, has the 

highest fraction of energy, lowest fluctuation and irregularity in the instantaneous frequency. These fractions 

also represent the confidence of the IMF chosen. The fraction should be as large as possible for the IMF that 

will be chosen and as low as possible for others. The fourth IMF is almost the full signal, which can produce a 

sound that is clear and with almost the original audio quality. All other components are also regular and have 

comparable and uniform scales and amplitudes for each respective IMF component, but the sounds produced by 

them are not intelligible, they mostly consist of either high frequency hissing or low frequency moaning. The 

results once again clearly demonstrate that the EEMD has the capability of catching the essence of data that 

manifests the underlying physics. 

 

Figure 2: Sample speech signal and its corresponding IMF 4 

Figure 3: Comparison between IMF 3, IMF 4 and IMF 5  
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2.4 Finding Pitch Markers Using EEMD 

Ensemble Empirical Mode Decomposition is a noise assisted data analysis to take care of mode-mixing. A white 

Gaussian noise is added to the input speech signal to avoid mode mixing. The same experiment is repeated N 

(>>1) times using N different sequences of noise. The corresponding IMFs from these N experiments are added. 

Because, the noise is random, it becomes negligible compared to the signal. Hence, we get only the signal 

component, ideally. We can thus avoid mode-mixing in Empirical Mode Decomposition. To determine the pitch 

markers in a speech signal using EEMD, the algorithm can be described as: 

Step 1: Initially low pass filter is applied to the sample speech signal with the purpose of eliminating spurious 

frequency components .This filter is centered in the frequency 0-4khz. 

Step 2: EEMD method has been used to decompose the filtered signal into a finite and often small number of 

frequency modes called Intrinsic Mode Functions (IMF). It defines the true IMF components as the mean of 

certain ensemble of trials, each one obtained by adding white noise of finite variance to the original signal. 

Step 3: Select the IMF having the highest energy , proposed as the IMF containing the pitch information. It can 

be observed that IMF 4 contains the pitch information, has the highest fraction of energy, lowest fluctuation and 

irregularity in the instantaneous frequency. 

Step 4: Find out zero-crossings in the selected IMF. The zero-crossings accompanied by positive to negative 

transition are detected as the candidates for pitch markers.  For convenience, the positive going zero crossings 

has been used in this study.  

Step 5: Some of the detected zero-crossings may also correspond to excitations like glottal openings in voiced 

speech and burst and frication in unvoiced speech and these are unwanted. To determine the desired zero 

crossings for finding the locations of the pitch markers, search back process is applied to the detected zero 

crossings. 

Step 6: Threshold is then applied to the signal to locate the desired pitch markers and to eliminate the unwanted 

zero crossings from the silent and unvoiced part. 

The proposed algorithm has been shown in the form of a block diagram in the Figure 4 according the steps 

described above. 

 

 

 

 

 

                                                     Figure 4: Block Diagram for proposed algorithms 

III RESULT AND DISCUSSION 

3.1 Experimental Setting 

According to the principle of the EEMD, the added white noise would populate the whole time-frequency space 

uniformly with the constituting components of different scales separated by the filter bank. When signal is 
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added to this uniformly distributed white background, the bits of signal of different scales are automatically 

projected onto proper scales of reference established by the white noise in the background. Of course, each 

individual trial may produce very noisy results, for each of the noise-added decompositions consists of the 

signal and the added white noise. Since the noise in each trial is different in separate trials, it is canceled out in 

the ensemble mean of enough trails. The ensemble mean is treated as the true answer, for, in the end, the only 

persistent part is the signal as more and more trials are added in the ensemble. In this study, the noise standard 

deviation used is 1.5 and ensemble size is 1000 i.e. no. of trials. These both parameters can vary upto their right 

combination. The noise standard deviation can vary from 0.2 to 2.5 or so on as per the no. of trials gives the 

appropriate results. 

3.2 Implementation of proposed algorithm 

EEMD method has been used to decompose the filtered signal into a finite and often small number of frequency 

modes called Intrinsic Mode Functions (IMF). It defines the true IMF components as the mean of certain 

ensemble of trials, each one obtained by adding white noise of finite variance to the original signal.IMF having 

the highest energy , proposed as the IMF containing the pitch information. It can be observed that IMF 4 

contains the pitch information, has the highest fraction of energy, lowest fluctuation and irregularity in the 

instantaneous frequency. The zero-crossings accompanied by positive to negative transition are detected as the 

candidates for pitch markers.  For convenience, the positive going zero crossings has been used in this study.  

 

Figure 5: Results from proposed algorithm for detection of pitch markers (a) A segment of 

speech signal, (b) corresponding IMF 4 of speech signal, (c) zero crossing points in IMF signal, 

(d) zero crossing points after applying threshold, and (e) pitch marker points corresponding 

speech segment. 
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Some of the detected zero-crossings may also correspond to excitations like glottal openings in voiced speech 

and burst and frication in unvoiced speech and these are unwanted. To determine the desired zero crossings for 

finding the locations of the pitch markers, search back process is applied to the detected zero crossings. 

Threshold is then applied to the signal to locate the desired pitch markers and to eliminate the unwanted zero 

crossings from the silent and unvoiced part. The result obtained by the proposed algorithm has been shown in 

the Figure 5. 

IV CONCLUSION 

This paper proposed a novel and effective approach for determining pitch markers in speech signal which 

operates using the Ensemble Empirical Mode Decomposition (EEMD) technique. The real data with a 

comparable scale can find a natural location to reside. The EEMD utilizes all the statistical characteristic of the 

noise: It helps to perturb the signal and enable the EMD algorithm to visit all possible solutions in the finite (not 

infinitesimal) neighborhood of the true final answer; it also takes advantage of the zero mean of the noise to 

cancel out this noise background once it has served its function of providing the uniformly distributed frame of 

scales, a feat only possible in the time domain data analysis. In a way, this new approach is essentially a 

controlled repeated experiment to produce an ensemble mean for a non-stationary data as the final answer. Since 

the role of the added noise in the EEMD is to facilitate the separation of different scales of the inputted data 

without a real contribution to the IMFs of the data, the EEMD is a truly noise-assisted data analysis (NADA) 

method that is effective in extracting signals from the data. The truth defined by EEMD is given by the number 

in the ensemble approaching infinity. But the number of the trials in the ensemble, N, has to be large. It is 

concluded that the EEMD indeed represents a major improvement over the original EMD. As the level of added 

noise is not of critical importance, as long as it is of finite amplitude to enable a fair ensemble of all the 

possibilities, the EEMD can be used without any subjective intervention; thus, it provides a truly adaptive data 

analysis method. By eliminating the problem of mode mixing, it also produces a set of IMFs that bears the full 

physical meaning and a time-frequency distribution without transitional gaps.It is concluded that the EMD, with 

the ensemble approach, may be a more mature tool for nonlinear and non-stationary time series (and other one 

dimensional data) analysis. 
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