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Abstract: Fundamental frequency is the primary 

acoustic cue to intonation and stress in speech. 

Estimation of pitch involves extraction of fundamental 

frequency from any audio signal. Signals can either be 

severely degraded by noise or be completely distortion 

free. Time-domain methods find peaks in the 

autocorrelation function whereas frequency-domain 

methods look for harmonic peaks in the power 

spectrum. Frequency-domain techniques are more 

resilient to noise and degradation of signal. Since most 

signal coding and recognition techniques require 

accurate fundamental frequency for good reconstructed 

speech, we need to preserve high quality speech. In this 

paper, we apply methods namely DFT, DFT with HPS, 

DCT and DCT with HPS on various signals, and 

propose to implement HAAR wavelet transform and 

KL transform to enhance accuracy and reduce spectral 

peaks in the power spectrum. We then do a 

comparative study to determine the most reliable 

method amongst the previously mentioned techniques.   

Keywords: Pitch, Harmonic Product Spectrum, HAAR 

Wavelet Transform, KL Transform. 

  

1.  Introduction 
 

One of the most prominent features of speech signal is 

its harmonicity. A speech signal can be classified into 

voiced, unvoiced and silenced regions. Most of the 

regions in a speech signal are comprised of vowels, 

semi-vowels and other voiced elements. Pitch is a vital 

trait in any voiced speech, the extraction of which is of 

paramount importance in various areas such as speech 

recognition, speech synthesis, modeling of prosody and 

its modification, speaker recognition and low-bit rate 

speech coding.  Pitch is the quality of a sound governed 

by the rate of vibrations producing it. It is the degree of 

highness or lowness of a tone. The estimation of the 

pitch from the speech waveform is a daunting task due 

to the quasi-periodic nature of the speech signal. There 

are a number of algorithms that exploit both time and 

frequency-domain techniques in order to estimate the 

pitch. 

STFT (Short Time Fourier Transform) is a frequency 

domain method for audio signal processing which when 

computed with DFT is usefully interpreted as the 

output of a uniform filter bank, with the input being the 

speech signal itself. However, the STFT has limitations 

in its time-frequency resolution capability, which is due 

to the uncertainty principle. Low frequencies can be 

hardly depicted with short filter banks, whereas short 

pulses can only poorly be localized in time with long 

filter banks. Similarly cepstral method for pitch 

estimation is known for its acceptable performance in 

high signal-to-noise ratios. However, this is also 

influenced by the size of the analysis window. 

 

2.  Methodology 
 

An audio taken from the TIMIT Corpus base serves as 

the speech signal input. It is a 16 bit, 16 kHz speech 

waveform having a fundamental frequency of 216Hz. 

 

 

Figure 1. TIMIT Corus in time domain 

The speech, when taken as a whole, does not generate 

proper results. This is because, a speech contains both 

voiced as well as unvoiced regions. The unvoiced 

regions create random excitations, thus preventing us 

from determining the fundamental frequency 

accurately. Thus it becomes imperative to find the 

periodicity of the speech and choose a segment of it for 

further processing. In this case, the signal, segmented at 

30ms shows maximum periodicity and hence is chosen 

for performing different techniques on it. 

 

A.  DFT 
 

The first transform applied on the speech signal is the 

Discrete Fourier Transform (DFT). DFT is the most 

important discrete transform, used to perform Fourier 

analysis in many practical applications. This 

transform converts a finite sequence of equally-

spaced samples of a function into an equivalent-length 
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sequence of equally-spaced samples. The formula used 

to compute the DFT is: 

                  X[k] =∑ x[n]e��	π
�/�����  

                                                                        Eqn.(1) 

Here, k denotes the frequency domain, ordinal n is used 

to represent the time domain ordinal, and N is the 

length of the sequence to be transformed. 

The algorithm for this technique is explained using the 

followed block diagram: 

 

 

Figure 2. Block Diagram of DFT 

The input signal is first segmented at 30ms and DFT is 

performed on it. The resulting output is in the 

frequency domain.The graph obtained using this 

transform shows the presence of a number of unwanted 

side spectral peaks mostly due to the presence of 

uncorrelated noise. 

B.  DCT 

The Discrete Cosine Transform is similar to the DFT, 

but it uses only real values. The spectral envelope of 

this transform is the same as that of DFT. There are 

several different forms of DCT, but the one that is used 

in this case, which is the most commonly used one, is 

as follows. 

F(u) = C(u) ∑ f�x�cos | � �	�����
	 |�����  

where u = 0,1, .... N-1 

                                                                  Eqn.(2) 

C(u) = ��
  where u = 0  C(u) = �	

  where u ≠ 0         

                                                                       Eqn. (3) 

The factor C(u) is multiplied in order to make the 

matrix of DCT orthogonal. This reduces the 

computational complexity and also acts as the standard 

normalization used by MATLAB. The method of 

application of the transform is explained using the 

following block diagram: 

 

Figure 3. Block Diagram of DCT 

As shown in the figure, here, the segmented signal is 

auto correlated before the application of the DCT. This 

is done because the information about the pitch period 

is more pronounced in the autocorrelation sequence as 

compared to the speech segment itself. In DCT, the 

signal is first compressed and then processed. Due to 

this, all the peaks obtained would be very close to each 

other. Hence autocorrelation is performed so as to 

obtain the peak corresponding to the fundamental 

frequency with relative ease. The peak thus obtained, is 

relatively sharper and greater in amplitude.  

C.  HPS 

After performing DFT and DCT on the signal, it is 

required that another method be applied to observe the 

efficiency of the algorithm. The harmonic product 

spectrum is implemented with DFT and DCT. The 

fundamental frequency can be determined by 

measuring the frequencies of its higher harmonic 

components and computing the greatest common 

divisor of these harmonic frequencies. The greatest 

common divisor can be determined by making an entry 

to a frequency window for each harmonic frequency 

and at integer divisions of the harmonic frequency. The 

frequency at the peak of the window represents the 

greatest common divisor, and hence the fundamental 

frequency.  

 

Figure 4.  Block Diagram of HPS 

The HPS based pitch estimation performs well in 

varying SNRs but more so in a signal having low SNR. 

Conventionally, the pitch estimation algorithm using 

the HPS derived from DFT spectrum measures the 

maximum coincidence of harmonics for each spectral 

frame. Though downsampling and then addition of 

peaks can be applied on the DFT spectrum while 

computing HPS, the number of compressed spectra 

required to yield a sharper peak at the fundamental 

frequency location alone is comparatively lesser than 

that of the DCT-HPS. However, spectral peak accuracy 
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achieved by DCT-HPS is observed to be consistently 

better than that of DFT-HPS. HPS is performed using 

the following formula: 

Y(e�ω) = ∏ �X�e�ω!��	"!��  

 

       Eqn.(4)                                

P = #Y�ω�%ω
&!'(&�

 

                                                                        Eqn.(5) 

D.  HAAR Wavelet Transform 

Another novel method, the HAAR Wavelet transform 

is employed to find more accurate peaks and hence a 

better spectrum. 

 

Figure 5. Block Diagram of HAAR 

In this method a wavelet is being selected from the 

signal. These wavelets are first convoluted with the 

original signal and ultimately passed through wave 

filters to store the difference of the vectors and pass the 

sum. The HAAR Wavelet transform can obtain the 

temporal component of the signal using the below 

formula: 

ψ�,
(t) = 2�/	ψ(2�t – k)                           

where t ϵ R and n,k ϵ Z. 

                                                                        Eqn.(6) 

It initially gives its result in the time-domain which is 

further converted to frequency domain. 

E.  Karhunen–Loève Transform  

The KL Transform is a better method in terms of both 

efficiency and reduction in side spectral peaks. At first, 

the signal is converted to a square matrix using zero 

padding. This is done so that the covariance of this 

matrix is easier to find. However, before finding the 

covariance, it is important that the signal be auto 

correlated. After this the Eigen vectors of the matrix are 

found and adequate shaping is done. 

 
 

Figure 6. Block Diagram of KL 

Essentially, the KL transform maintains that the matrix 

be orthonormal. This is done to keep the transform 

stochastic in nature. The importance of the Karhunen–

Loève theorem is that it yields the best such basis in the 

sense that it minimizes the total mean squared error. 

After this the output signal is reconstructed. It is 

noticed that most side peaks vanished and a sharper 

peak was noticed at the fundamental frequency.  

3.  Results and Discussion 

For the initial experiment on DFT, the fundamental 

frequency is obtained at around 236Hz. This gives an 

approximate error of 9% along with quite a few 

emerging peaks on the sides. 

 

Figure 7. Frequency Response of DFT 

In case of DCT, however, it is found that the accuracy 

has been compromised more, with the error between 

the estimated and actual values being around 11.5%. 

This is because the fundamental frequency is being 

recorded at 241Hz. 
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Figure 8. Frequency Response of DFT 

On applying the HPS techniques, it is observed that 

The DFT-HPS computed as shown in the figure, has a 

broader peak only at 236Hz. The error is maintained at 

9%. On the other hand, for DCT with HPS the 

fundamental frequency is calculated at 248Hz.The error 

is calculated to be 14.8%.The accuracy is reduced 

because the test signal has higher SNR.   

 

Figure 9. Frequency Response of DFT-HPS 

 

Figure 10. Frequency Response of DCT-HPS 

This HAAR transform gives us a fairly accurate peak at 

220Hz with error as low as 1.85% but since HAAR 

wavelets suffer from continuity problems, the output is 

not differentiable. As a result there are too many 

spectral peaks in the output, thus giving rise to 

distortion.  

 

Figure 11. Frequency Response of HAAR 

For the final experiment with KL transform the 

estimated fundamental frequency is 221Hz with an 

error margin of 2.3%, thus keeping it within the 

specified limit. Accuracy of pitch estimation is being 

maintained and distortion of output reduced. Hence it 

can be established that the KL Transform is the best in 

terms of maintaining the fundamental frequency at a 

precise level and in minimizing the unwanted spectral 

peaks on the sides.  

 

Figure 12. Frequency Response of KL 

 

4.  Conclusions 
 

From this particular paper it is concluded that the KL 

Transform gives the best result by determining a fairly 

accurate fundamental frequency and reducing the 

presence of unwanted harmonics. The main reason 

behind this is that KLT filtering simply consists of only 

taking a small, finite number of eigenvectors out of the 

set of all (infinite) eigenvectors, and then declaring the 

part of the data spanned by this smaller set of 

eigenvectors as the signal, out of the original signal and 

noise portion of the TIMIT CORPUS. The “noise” is 

then automatically cut-away. Finally, in order to 

recover the signal out of the noise the data has to be 

either compressed or inversed. Initially, none of the 

transforms gives satisfying outputs. Although 

DFT,DCT and HAAR gives us a good peak at 

fundamental frequency, they lack in spectral peak 

reduction. The HPS techniques give sharp peaks but the 

problem of unwanted side peaks remain. Therefore, 

using the KL transform, both the above issues are 

solved and a resilient algorithm is proposed. 

 

Table 1. Comparison Table 

Techniques Estimated Pitch 

(Hz) 

Error 

Percentage 

(%) 

DFT 236 9 

DFT-HPS 236 9 

DCT 241 11.5 

DCT-HPS 248 14.8 

HAAR 220 1.85 

KL 221 2.3 
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