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Abstract
Fundamental frequency (F0) or pich estimatin is important problem 
in speech recognition to extract the features of speech signal. It 
gives information about the speakers emotion and the gender 
specific analysis. Here an algorithm presented to estimate pitch of 
a speech signal using improved Auto-Correlation Function(ACF) 
method. The frequency present in the speech signal is harmonically 
related to the fundamental frequency and is the integr multiples 
of  F0.  Here energy present in the signal is calculated to find the 
positions where the pitch value is high or less. The fundamental 
frequency of speech can vary from 40 Hz for low-pitched male 
voices to 600 Hz for children or high-pitched female voices. This 
algorithm gives very accurate analysis for  the estimation of pitch 
variations according to voiced or unvoiced signal.
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I. Introduction
Automatic determination of the fundamental frequency, i.e., 
pitch or F0, in noisy speech is an important basic problem for 
speech enhancement, robust speech recognition and many other 
areas of speech research. The most commonly used approach 
towards robust pitch estimation is to use complementary pitch cues 
[12]. However, the estimation accuracy is generally considered 
unsatisfactory, particularly when signal-to-noise ratio (SNR) is 
low. Besides, a common shortcoming of most existing methods is 
the absence of confidence measures for evaluating the reliability 
of the estimation results.
Pitch is a perceptive quality that describes the loudness or lowness 
of a sound. It is related to the frequencies contained in the signal. 
Increasing the frequency causes an increase in perceived pitch. 
In comparison, the fundamental frequency, F0, is defined as the 
inverse of the pitch period length, T0, where the pitch period 
is the smallest repeating unit of a signal. For a harmonic signal 
this is the lowest frequency in the harmonic series [3]. The pitch 
frequency and the fundamental frequency often coincide and are 
assumed to be the same for most purposes. However, from these 
assumptions are lifted, and the differences investigated in order 
to improve the pitch detection rate [10]. Today there is a fairly 
universal standard for choosing a reference pitch when tuning an 
instrument. The A above middle C is tuned to 440 Hz. Tuning forks 
are often tuned to this frequency, allowing a musician to listen and 
tune to it. Moreover, since the introduction of the quartz crystal, 
electronic oscillators can be made to great accuracy and used for 
tuning as well. However, using an A of 440 Hz has not always 
been the 6 standard. Pipe organs throughout the ages were made 
withA’s tuned from 374 to 567 Hz. Handel’s tuning fork from the 
early 1700’s was reported to vibrate at 422.5 Hz and was more 
or less the standard for two centuries. This is the standard for 
which Haydn, Mozart, Bach and Beethoven composed, meaning 
that their masterpieces are often played nearly a semitone higher 
than intended. The pitch has risen over the years with musicians 
wanting to increase the brightness in the sound.

A. Pitch Estimation
Pitch is important aspect of a speech signal used in speech 
recognition. Speech signal can be voiced, unvoiced and silence 
regions. Uvoiced signal is like as hum or the sounds which are not 
so much important. The near periodic vibration of vocal folds is 
excitation for the production of voiced speech. The random like 
excitation is present for unvoiced speech. There is no excitation 
during silence regions where no sound is present. Most of speech 
regions are voiced in nature that contains, vowels semivowels 
and other voiced components. The voiced regions look like a 
near periodic signal in the time domain representation. In a short 
term we may treat the voiced speech segments to be approximate 
periodic for all practical analysis and processing. The periodicity 
associated with such segments are defined is ‘pitch period ‘T0’ in 
the time domain and ‘Pitch frequency or Fundamental Frequency 
‘F0’ in the frequency domain. Unless specified, the term ‘pitch’ 
called as the fundamental frequency ‘F0’. Pitch is an important 
attribute of voiced speech. It contains speaker-specific information. 
It is also needed for speech coding task. Thus estimation of pitch 
is one of the important issue in speech processing [9].
There are a large number of methods that have been developed 
in the speech processing area for the estimation of pitch. All of 
them the three mostly used methods are autocorrelation of speech, 
cepstrum pitch determination and single inverse technique (SIFT) 
pitch estimation [6-7]. One success of these methods is due to 
the involvement of simple steps for the estimation of pitch. Even 
though autocorrelation method is of theoretical interest, it produces 
a frame work for SIFT methods.

II. Proposed Work
The speech signal is processed through the filter for the removal 
of noise present in the signal. The information about pitch 
period ‘To’ is more pronounced in the autocorrelation sequence 
of voiced speech compared to the speech segment itsely. The 
‘To’ information is more pronounced in the autocorrelation 
sequence compared to speech. By that we mean, the second 
largest peak is the autocorrelation sequence, represents To and  
can be picked up easily by a simple peak picking algorithm 
compared to finding ‘To’ from the speech segment itself. 
The algorithm used here to calculate pitch of the voiced/
unvoiced signal is improved autocorrelation function method [1]. 
The autocorrelation of a signal is given by the equation given 
below:

 (1)

Where N is the length of the sample, x(n) is the input signal 
sequence and the x(n+m) is the lagged version of the input signal 
sequence.
For a non-stationary signal, such as speech, the concept of a 
long-time autocorrelation measurement as given by (1) is not 
actually meaningful [1]. Thus, it is sensible to define a short-time 
autocorrelation function, which operates on short segments of 
the signal as:
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 (2)

                   0≤m≤M0
Where w(n) is an appropriate window for analysis, N is the section 
length being analysed, N’ is the number of signal samples used in 
the computation of Ø(m), M0 is the number of frames.
When period T0 is calculated and the fundamental frequency is 
the inverse of the estimated period.

III. Setup Parameters
The algorithm utilizes a collection of variables for algorithm 
control, such frame size, FFT length, and dynamic programming 
loads. By choosing different variables, the algorithm may be 
tuned to calculate a pitch track with voiced/unvoiced decision 
for the minimum big error, or a track without voiced/unvoiced 
decision for the minimum gross error. The gross error is computed 
as the percentage of voiced frames, such that the pitch estimation 
of the tracker significantly deviates generally used through the 
pitch estimate of the reference, while the big mistake is equal 
to the number of voiced frames with gross errors in addition to 
the number of unvoiced frames erroneously labeled as voiced 
frames.

Table 1: Parameters of Simulation Setup

The F0 tracking algorithm presented in this paper performs F0 
tracking in both the time domain and frequency domain [4]. As 
summarized in the flow chart in Fig below, the algorithm can be 
loosely divided into four main steps:
1. Original speech signal is processed  non-linearly. An approximate 
F0 track is estimated by using a spectral harmonics correlation 

(SHC) technique and dynamic programming. The normalized low 
frequency energy ratio is also computed from the spectrogram as 
an aid for F0 tracking.
2. Filtered speech signal is plotted on the spectrum to finf the period 
T0. F0 candidate estimation based on the threshold: Candidates 
are extracted from both the original and nonlinearly processed 
signals with further candidate selection based on the spectral F0 
track estimated in step 2. 
3. Final F0 determination: the improved ACF algorithm is applied 
to the information from steps 2 and 3 to arrive at a final F0 track, 
including voiced/unvoiced decisions.
4. The algorithm incorporates several experimentally determined 
parameters, such as F0 search ranges, thresholds for peak picking, 
filter bandwidths, and dynamic programming weights.  

Original Speech

Preprocessing

Spectrum

Filtered Speech

Spectral F0
Tracking

F0 Tracking

Refined F0

Candidates

Final F0

Fig. 1: Flow Chart of Steps of used Algorithm

IV. Results and Comparative Analysis
Results of pitch estimaion algorithm presented are as shown below 
are shown below step wise step. The input signal is spoken by 
the speaker or it is given by sample and now this signal is passed 
through the band pass filter for the removal of noise present in the 
signal. The signal is then processed non-linearly as shown fig. 2. 
The filtered signal is processed further for pitch tracking. 
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Fig. 2: Filtered Original Speech Signal and the nonlinear Speech 
Signal

Now we will have to calculate the energy present in the signal and 
spectral pitch tracking. The energy is more at the points where 
the pith value is more as shown in below fig. 2.

Fig. 3: Spectra Pitch Track and Energy Overlaid Spectrogram

In the fig. 4 the pitches of various candidates such as noise or 
various other sounds due to environment is shown (here 6).

Fig. 4: Pitch Candidates for Speech “It’s a test”

The table below shows the average pitch of men, women and 
children in first three different formants depending upon vocal 
tract size [12].

Table 2: Typical First Three Formant Frequency Ranges F0 of 
Conversational Speech of Men, Women and Children 

Parameter Men Women Children

F1 Range 270Hz-
730Hz

300Hz-
800Hz

370Hz-
1030Hz

F2 Range 850Hz-
2300Hz

900Hz-
2800Hz

1050Hz-
3200Hz

F3 Range 1700Hz-
3000Hz

1950Hz-
3300Hz

2150Hz-
3700Hz

F0 Mean 120Hz 225Hz 265Hz

Here the final pitch of the voiced or unvoiced signal is shown. 
Above waveform in the fig. 5 is showing the pitch of original 
signal and the below waveform shows the pitch when the signal 
is processed non-linearly.

Fig. 5: Final Pitch Track Overlaid on Spectrogram

Fig. 6: Detected Pitch of Speech Signal

We are here compare the three methods of calculating pitch of a 
speech signal in terms of global Gross Pitch Error (GPE) by the 
given below graphical analysis [2]. We have calculated the true 
pitch value and the pitch value and the estimated pitch value as an 
error measure. Percentage gross pitch-error (GPE [%]) is defined 
as the is ratio of the number of frames giving ‘‘Incorrect’’ pitch 
values to the total number of frames. As reported in estimated 
F0 is considered as ‘‘Incorrect’’ if it falls outside 20% of the true 
pitch value. For a speaker group, the “global” error is calculated 
considering speech signals uttered by two male (or two female) 
speakers of the praat database.



IJECT Vol. 6, IssuE 3, July - sEpT 2015  ISSN : 2230-7109 (Online)  |  ISSN : 2230-9543 (Print)

w w w . i j e c t . o r g 44   InternatIonal Journal of electronIcs & communIcatIon technology

   (a)

   (b)
Fig. 7: Shows the GPE as a Function of SNR for (a) female and 
(b) Male Speaker Groups in the Presence of White Noise

We have evaluated the proposed pitch detection algorithm and 
compared its performance with that of the ACF and AMDF 
methods.

V. Conclusion
Pitch detection is very important for many speech processing 
algorithm. Speech recognition system of tonal language use pitch 
tracking for tone recognition, which is important in disambiguating 
the myriad of homophones. Pitch is also crucial for prosodic 
variations in text-to-speech systems and spoken language 
systems. The fundamental frequency (F0) is the main cue of the 
pitch. However, it is difficult to build a reliable statistical models 
involving fundamental frequency F0 because of pitch estimation 
errors and the discontinuity of the F0 space. Thus, a reliable Pitch 
Detection Algorithm (PDA) is a very important component in 
many speech processing system.
This paper describes the first step in a larger project to provide 
an automatic analysis of many aspects of sounds that would be 
of practical use. We set out to improve existing techniques for 
measuring pitch and its variations that can work well over a range 
of sounds, with the goal to develop a real-time tool which can aid 
many people. We believe these goals have been achieved, although 
we have not yet conducted formal studies. Our main contribution 
is in the development of algorithms to find the continuous pitch 
in a fast, accurate and robust manner. These algorithms have been 

shown to work well over a range of instruments through both 
systematic testing on sound data, and through their practical use 
by instrumentalists. 
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