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ABSTRACT OF THE THESIS 

 

An Exploratory Study of the Effect 

of Demodulation on Pitch Detection 

 

by 

 

Aytekin Durmus Cabuk 

 

Master of Science in Electrical Engineering 

University of California, Los Angeles, 2012 

Professor Abeer Alwan, Chair 

Pitch (F0) detection has been a very active research topic in recent years. Accurate 

F0 detection is very important in applications such as speech recognition and 

coding. This work examines the effects of demodulating a signal into its modulator 

and carrier parts, each bearing low and high frequency content of the signal 

respectively, on pitch detection accuracy. Since the carrier part is known to contain 

the high frequency pitch content of a speech signal, using it as an input to pitch 

detection algorithms proves to be beneficial in most of the tests carried out with 

different speakers, and under different noise levels. 
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CHAPTER 1. INTRODUCTION 

 

1.1. Motivation of the Work 

In recent years, extensive research has been carried out in the field of pitch (F0) detection of 

speech signals. Accurate detection of F0 in quite and noisy conditions is very important in 

applications including but not limited to speech coding, speech analysis and recognition. Most of 

the pitch detection algorithms rely on the source-filter model of the speech and estimate the pitch 

on the voiced segments of speech from the fundamental frequency of the source excitation signal 

[1]. 

Many methods have been proposed to increase the accuracy of pitch detection, where most 

methods try to optimally get the most likely F0 from the potential candidates and determine the 

voicing state of the given frame. 

This work primarily focuses on exploring the effects of demodulating the signal into its carrier 

and modulator parts and using the high-frequency carrier of the original signal to extract the 

pitch data on the accuracy of pitch detection. 

1.2. Signal Demodulation Techniques: Getting Optimal Carriers and 

Modulators 

Demodulating a signal !(!) into its modulator !(!) and carrier !(!) gives us! ! =   ! ! !(!). 

In the scheme of demodulation, the modulator is usually defined as the lower frequency signal 

whereas the carrier is the higher frequency part.  
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Demodulation of a signal, which has been previously used in radio communications has become 

an interesting research topic in a number of subjects including speech analysis and recognition. 

Uses of demodulation include but are not limited to speech enhancement [2], source separation 

[3], speech recognition [4] and hearing devices [2].  

A classical method for demodulation is the Hilbert envelope detection, which simply assumes 

that the modulator is the amplitude of the signal. While returning a valid solution from a pure 

mathematical perspective, there is no control over which of the many possible solutions the 

algorithm will return. This results in solutions which might not adhere to the definition of 

acoustic demodulation when the carrier !(!) is harmonic or stochastic. 

It has also been shown that the modulator magnitude !(!)  is not necessarily bandlimited, 

therefore filtering the carrier or modulator can lead to sign-errors upon remodulating the 

signal[5] [6]. 

Spectrograms are another type of demodulation since the magnitude coefficient of each channel 

of the filterbank provides a down-sampled estimate of energy over time. By choosing the 

parameters of the spectrogram carefully (i.e. narrowband vs. wideband), a wide range of signal 

decompositions are possible. However, since this method is a time-frequency technique, it is 

prone to errors that are encountered by other time-frequency based methods where increasing 

resolution in one dimension can result in a decrease of resolution in another dimension. In 

addition to the well-known spectrogram technique, a modulation spectrogram technique has also 

been proposed [7]. This method starts with filterbank decomposition of the signal and then low-

pass filtering each channel of the filter bank. A spectrogram is then built from 4-Hz coefficient 

of each channel’s short time Fourier transform (STFT). Low-pass filtering gives some control 

over the modulator. 
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 A physiologically motivated algorithm for demodulation is presented by Elihilali, Shi and 

Shamma [8]. In their algorithm, the authors first use an auditory model on the input signal to 

obtain an internal neural representation called the auditory spectrogram. The auditory 

spectrogram is then used to estimate the spectral and temporal modulation using filters that 

model the mammalian primary auditory cortex. This method is important in the sense that it 

views modulation as both spectral and temporal processes. 

Schimell and Atlas introduced sub-band carrier demodulation as a method for coherent 

modulation detection[9]. Their algorithm first estimates the phase of the carrier on each channel 

of a filter bank. Afterwards, the output of each channel is demodulated with a complex signal by 

an inversion of the previous phase estimate, which essentially shifts the spectrum by the carrier 

frequency. This approach guarantees that the modulator and carrier are both band-limited and if 

the carrier phase estimation is accurate, then the sub-band demodulation is perfect. 

Sahani and Turner proposed a method of probabilistic demodulation based on combining 

demodulations at different time scales[10].In their method, demodulations extract increasingly 

fine-time structures for phonemes, sentences and formants and these fine-time structures are 

combined to extract the optimum solution from different scales. This work is important since it 

allows the modulator, and therefore carrier, to be tuned and suggests that this tuning process can 

be solved via optimization. The need for a criterion for a modulator in order to distinguish 

between infinite possible solutions of modulator-carrier pairs is also highlighted in this work.  

Sell and Slaney extended the optimization and modulator tuning approach of Sahani and Turner 

so that the optimization criteria will guarantee a global optimum. Their method can return any 

possible modulator – carrier pair depending on the optimization objective function, which can 
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improve the results in the case of harmonic and stochastic carriers [11]. This work will be 

elaborated in the next chapter. 

1.3. Organization of Thesis 

This thesis is divided into four chapters. Chapter 2 describes the method used for demodulating 

the speech signal and the goals of an ideal modulator/carrier pair. Chapter 3 presents the 

exploratory study of the effect of demodulation on pitch detection accuracy. Chapter 4 gives a 

summary and final concluding remarks. 
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CHAPTER 2. POSING DEMODULATION AS AN 

OPTIMIZATION PROBLEM 

2.1. The Ideal Demodulator 

As suggested by Sell and Slaney [11], in addition to presenting a valid modulator and carrier 

pair, demodulation should meet some additional criteria.  First of all, an acoustic demodulator 

should distinguish pitch from modulation consistently and this distinction should be based on a 

clearly understandable metric. Secondly, it should act as an identity operator on modulators and 

lastly, it should satisfy the projection property.  These three properties will be elaborated on 

below. 

Distinguishing Pitch and Modulation: Most of the demodulation algorithms are unable to 

define explicit characteristics of modulator and carrier. Usually these two components are 

determined for each case instead of following a general pattern of characteristics. But in [11], the 

authors suggest that an acoustic modulator should only include the low-frequency content that is 

interpreted as an amplitude variation by the listener. The higher frequency part that is perceived 

as multiple carrier frequencies (pitch) by the listener must be in the carrier. 

Modulator Identity: Modulator is defined as the signal that can not be demodulated, hence 

demodulating the modulator should return the trivial carrier value ! ! = 1. 

Projection Property: Demodulation of a re-modulated signal with the original carrier and a 

filtered modulator !(!) = !{!(!)}!(!) must yield the original carrier !(!). 

Sell and Slaney suggest that these three properties can be satisfied by designing the convex 

optimization functions and constraints in a correct way.   
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2.2. Theoretical Basis of Posing the Demodulation as an Optimization 

Problem 

A general optimization problem can be described as the minimization of a cost (objective) 

function with any number of equality and inequality constraints[12]. 

Minimize !(!) 

Subject to !! ! ≤ 0  ∀! 

ℎ! ! = 0  ∀! 

If the function ! !  and unequality constraints !! !  are convex and equality constraints !!(!) 

are affine, then the problem is called a convex optimization problem. If the problem is a convex 

optimization problem, it can be solved iteratively with gradient descent algorithms easily and 

efficiently. 

The demodulation problem itself is a non-convex optimization problem and properly 

constraining it with convex restrictions is non-trivial. Since the modulation relationship 

! ! = !(!)!(!) is non-convex it can not be used as an equality constraint. While preserving the 

convexity constraint, the same relationship should be represented. 

Sell and Slaney[11] suggest in their work that for stochastic and harmonic carriers, which 

include speech signals, convex demodulation carried out in a linear domain has better 

performance over logarithmic domain demodulation (i.e. where the optimization objective 

function has the parameter log  (!(!)) instead of !(!)). Hence in this work, speech signals were 

demodulated using a linear domain convex demodulation. A convex optimization framework in 

the linear domain is derived with a non-convex constraint first:  

Since ! ! = !(!)!!!(!) we can pose the optimization problem as  

Minimize !! ! ! + !!  (!(!)) 
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Subject to ! ! −! ! ! ! = 0  ∀! 

The optimization problem is reduced to the form:  

Minimize !! ! ! + !!(! ! !!!(!)) 

Where Cm and Cc are the cost functions for the modulator and carrier variables, respectively. 

These functions can be any convex function and they dictate which of the infinite possible 

decompositions will be selected. However, since Cc is operating on the inverse of the 

optimization variable !(!), it must be a non-decreasing function as well. Yet another 

complication arising from using !(!)!! is that there will be a discontinuity in the search space 

when ! ! = 0 and the !(!)!! are convex only for ! ! > 0 since the second derivative of 

!(!)!! is greater than 0 only when the function itself is greater than 0. So the convex 

optimization framework can be reformulated as (optimization variable being ! ! ) 

Minimize !! ! ! + !!(! ! !!!(!)) 

Subject to –! ! ≤ 0  ∀! 

This optimization objective function also satisfies the modulator identity property as follows: if a 

signal !(!) has an optimal modulator !(!) then the optimization cost function can not be further 

minimized for another modulator/carrier couple !! ! = ! ! ! ! = !(!)!!!(!)!(!) and 

!! ! = !!!(!)!(!) meaning that  

!! ! ! + !!(! ! !!!(!)) ≤ !! !!!(!)! ! + !! ! ! ! ! !!! !       ∀!(!) 

Now if we input ! ! = !(!) into the equation above, we get  

!! ! ! + !!(1) ≤ !! !!!(!)! ! + !! !(!)  

which yields!(!) as the optimal modulator and ! ! = 1 as the optimal carrier, hence satisfying 

the modulator identity. In the following section, design of the cost functions !! and !! is 

discussed. 
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2.3. Designing the Optimization Problem for Optimal Demodulator 

In this thesis, Sell and Slaney’s [11] work has been used for demodulating the speech signals 

since it splits the low frequency (amplitude) information on the modulator and high frequency 

(pitch) information on the carrier, thus making pitch detection using the carrier signal more 

accurate. This split of low and high frequency information is accomplished by designing the 

objective functions in order to penalize the high frequency content of the signal so that high 

frequency content is not present on the optimization parameter !(!), the modulator. 

The cost function of the modulator and carrier is given in terms of the modulator !(!) spectrum. 

Hence, high weights are used in the frequency domain to penalize the high frequency content. 

Sell and Slaney use a sigmoid function given in Fig. 2.1 which, somewhere between 25-50 Hz, 

starts to penalize higher frequencies so high that it imposes the desired low frequency band 

limitation for the modulator signal.  
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Figure 2.1: Spectral weighting function !!(!) used for penalization of high frequencies for !(!), 
frequencies below 30 Hz cost very little whereas frequencies higher than 55Hz cost very high. (Adapted from 

Sell and Slaney, 2010) 

Cost of the modulator thus becomes !! ! ! = !! ! ℱ{!(!)} ! + !(!) ! which is the!! 

norm of weighted spectrum signal of ! !  and !! norm of!(!) itself. 

Since finding the modulator is equivalent to finding the carrier, the carrier cost function is 

ignored and set to 0. 

Carrier cost function being ignored, Sell and Slaney add an additional constraint on the carrier by 

observing that the magnitudes of ! ! ,! ! , !(!) are all smaller than 1 in most cases (values 

greater than 1 are clipped). 

!(!) = !!!(!)!(!) = !!!(!) !(!) ≤ 1 

Instead of using the above constraint, a more intuitive constraint is employed; !(!) ≤ !(!) . 

This inequality is used as a second constraint in the optimization problem together with the first 

constraint !(!) ≤ 1. 
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So the optimization problem becomes:  

Minimize !! ! ℱ{!(!)} ! + !(!) ! 

Subject to !(!) − ! ! ≤ 0    ∀! 

!(!) ≤ 1    ∀! 

The first term in the objective function acts as a penalization force for high frequency content of 

! !  and prevents it from leaking into !(!) whereas the second term tries to minimize the norm 

of !(!)which indeed acts as a 1D regularization force on !(!)making it slowly “fall” over ! ! , 

best analogy for this regularization is ! !  covers ! !  like a blanket thrown from the air over 

some furniture. The modulator ! !  resulting from this optimization problem successfully 

satisfies all the desired properties of demodulation such as modulator identity and projection 

property while keeping only the low-frequency spectral information. 
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Figure 2.2: Low frequency modulator applied to a stochastic carrier (a) original signal (b)log-domain 
demodulation with weight W=1 (c) log-domain demodulation with weight W=10 (d)linear-domain 

demodulation (Adapted from Sell and Slaney, 2010) 

 

Figure 2.3: Modulators estimated from real speech samples with linear-domain demodulation 
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As seen from Fig. 2.2 and 2.3, linear-domain demodulation outperforms log-domain 

demodulation in its ability to capture the dense stochastic carriers and dense carriers of speech 

signals. If the optimization were to be carried out in the log-domain, these dense carriers would 

be penalized causing the energy of the carrier to be leaked into the modulator as seen in Fig 

2.2(b) and (c). 

2.4. Summary 

Demodulation of speech signals using optimal modulator criteria and with the objective 

functions and constraints adjusted accordingly offers great potential in separating the low 

frequency (amplitude) and high frequency (pitch) content of a speech signal. Feeding carrier 

(high frequency content) of a speech signal to a pitch detection algorithm shows potential in 

increasing the accuracy of the algorithm compared to the raw speech signal, effects of this 

approach on the pitch detection accuracy will be discussed in the next chapter. Demodulation of 

speech signals was carried out using cvx toolbox [13] in MATLAB with 30 msec., 50% 

overlapping frames, windowed with a Hann window. With linear-domain demodulation, an 

utterance of 35 sec. in duration takes about 95 minutes to complete demodulation on a Linux-

based quad-core workstation. 
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CHAPTER 3. EFFECTS OF DEMODULATION ON 

PITCH DETECTION ACCURACY 

3.1. Pitch Detection Techniques 

The well-known source filter model for speech production [1] suggests that speech signals can be 

modeled as an excitation signal filtered by a vocal-tract transfer function, where the vocal-tract 

function is assumed to be linear. Fundamental frequency (F0) is defined to be the inverse of the 

period of excitation signal when the signal is voiced. As mentioned earlier, accurate detection 

and tracking of F0 is important in applications such as speech coding, speech analysis and speech 

recognition. 

 

Figure 3.1:Source – filter model for speech production (adapted from J. Eulenberg, 2011)  

Most of the F0 tracking algorithms rely on the source-filter model and estimate F0 for the voiced 

speech segments. Most of these algorithms assume F0 remains constant and the vocal tract 
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transfer function is linear and time-invariant (LTI) for a short period (i.e. for a single frame of 

the speech signal), of about 10-20 milliseconds.  

F0 tracking algorithms can be divided into two main stages. The first stage consists of obtaining  

F0 candidates and the probability of voicing for each frame, whereas the second stage consists of 

using dynamic programming methods to determine the optimal F0 from the list of candidates and 

determine the voicing state for each frame. 

The first stage can be classified using two approaches, the single-band approach and the multi-

band approach. In the single band case, F0 candidates are extracted from one frequency 

band[14]. There are several methods to generate F0 candidates with a single band approach. The 

SIFT [15]algorithm applies inverse filtering on a low-passed signal to obtain the excitation signal 

from which it estimates F0 using autocorrelation followed by interpolation. After interpolation, 

the algorithm runs a voiced/unvoiced (V/UV) decision method and returns F0 for the voiced 

frames. Cepstral-based methods [16] try to separate the excitation signal from the vocal tract 

information in the cepstral domain with the help of homomorphic transformations. Location of 

the first dominant peak in cepstrum is related to fundamental period (and inversely related to 

fundamental frequency). RAPT [17] and YAAPT [18] generate F0 candidates by extracting local 

maxima points of the normalized cross correlation function of voiced speech signals. Praat [19] 

calculates the cross-correlation and auto-correlation functions on voiced parts of speech signals. 

It then regards local maxima of these functions as F0 candidates.  

TEMPO [20] obtains F0 candidates by measuring the “fundamentalness” of speech signal over 

voiced frames. Fundamentalness, as defined by the authors, achieves a maximum value when 

both AM and FM modulation magnitudes are minimized. The YIN algorithm [21]uses the well-

known autocorrelation function to calculate a difference function and a cumulative mean 
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normalized difference function over voiced speech. The cumulative mean normalized difference 

function is then thresholded and thresholds are interpolated to obtain F0 candidates. 

Yegnanarayana et. al. [22]obtain F0 candidates by exploiting impulse-like characteristics of 

excitation in glottal vibrations. Le Roux et.al. [23] exploit simultaneous performance of frame-

wise F0 candidate generation and time-direction smoothing.  

In the multi-band case, a decision algorithm is used to optimally combine F0 candidates 

generated from different bands of the speech signal. Lahat et.al. [24] calculate autocorrelation 

functions of the magnitude of the signal spectrum in different bands and obtain F0 candidates by 

simply evaluating the local maxima of these functions. Sha et. al. [25] suggest to detect F0 

candidates by minimizing sinusoid based error functions calculated on 4 different frequency 

bands. Tan[26] uses 3 banks of comb filters for different frequency bands of the speech (0-1 kHz 

(low), 1-2 kHz (med), 2-3 kHz (high)). She then obtains correlograms based on autocorrelations 

of low filter bank output and extracted envelopes for all 3 filterbanks. She uses these 

correlograms to weight them according to their corresponding inter-harmonic SNR levels to 

calculate a summary overall correlogram. This overall correlogram is time-smoothed and used to 

extract F0 candidates. The Final F0 contour is extracted by using dynamic programming. Wu 

et.al. [27] decompose the speech into a multichannel representation via cochlear filtering, then 

from each channel they calculate the normalized correlograms. Peaks are extracted by 

calculating the correlograms of less-corrupted channels, these peaks coming from different 

channels are integrated using a statistical method. The pitch contour is then constructed from the 

set of F0 candidates using an HMM, by modeling pitch as hidden Markov states and by 

obtaining the optimal pitch track using Viterbi’s search method. Finally, Chu and Alwan[28] use 

a statistical approach to pitch estimation, generating F0 candidates by multi-band spectrum 
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analysis and using a statistical model to analyze F0 candidates to build an optimal F0 contour. 

The common approach in these multi-band methods is that they focus mainly on the low 

frequency bands of the speech signal.  

 

3.2. Using Demodulation on Pitch Detection 

Among the pitch algorithms discussed above, two of the most recent ones are used for testing the 

effect of demodulating a signal on pitch detection accuracy: a more developed version of Tan’s 

algorithm[26] and Wu’s algorithm[27]. 

 

Figure 3.2. Flowchart of Tan’s pitch detection algorithm (Adapted from Tan and Alwan, 2011)  
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Figure 3.3.  Flowchart of Wu’s pitch detection algorithm (Adapted from Wu, 2003)  

As seen from Figures 3.2. and 3.3., both are multi-band approaches, splitting the input signal into 

different frequency bands to build correlograms and extract F0 candidates.  

Feeding the carrier signal resulting from the input signal’s demodulation gives us the advantage 

of the high-frequency pitch data being sent as an input to the pitch detection system, instead of 

sending the signal as a whole. As Sell and Slaney [11] stated in their work, one of the primary 

goals of the demodulator is to separate pitch and amplitude information of the signal. By 

accomplishing this with correct demodulation, we are preventing the irrelevant modulator 

information to go into the pitch detector and hence only feeding it with the useful carrier part, 

which can increase the pitch detection accuracy. 

However, the non-sparse nature of the carrier makes the voicing decision difficult for the pitch 

detection algorithm. To prevent this from happening, the signal is fed to the pitch detection 

algorithm before and after demodulation. The voicing decision module of the algorithm, when it 

is run for the carrier part of the signal, is turned off (however, an F0 value is outputted for each 

frame). F0 contour resulting from algorithm’s output to the carrier signal is then combined with 

voicing decisions from the algorithm’s output to original signal. This means we are using the 

algorithm’s voicing decisions on the original signal, and using the F0 contour resulting from the 

carrier part. This eradicates the problem of voicing decision for the carrier part. A flowchart of 

this process can be seen below. 
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Figure 3.4. Flowchart of testing the pitch detection algorithm with demodulation  

Resulting F0 contour is then evaluated for testing the accuracy of this approach. 
 

3.3. Test Data 

Algorithms were tested on the KEELE [29] database which contains 4 different female and 4 

different male utterances.  For each utterance, different noise levels and conditions, namely white 

Gaussian noise of 0, 10 and 20dB, white Gaussian noise of varying SNR and babble noise of 0, 

10 and 20 dB were added and tested. Below is a table of the durations and sizes of each signal 

used for testing.  



19 
 

 

Table 3.1 Duration (sec.) of each speech signal 

3.4. Results of Demodulation on Pitch Detection Algorithms 

For the following results, each noise condition is labeled as clean, white or babble and the 

corresponding GPE and VDE values for 4 male and 4 female speakers combined are listed in 

Tables 3.2 and 3.3 for Tan’s algorithm (normal and demodulated case) and in Tables 3.4 and 3.5 

for Wu’s algorithm (normal and demodulated case). We observe from the tables that in all but 

one noise condition (white noise with varying SNR), the GPE values decrease when the carrier 

part of the signal is fed into the system for Tan’s algorithm. Whereas for Wu’s algorithm, we see 

an increase in GPE for 2 different noise conditions (babble 10dB and white 0dB) and clean 

speech out of 8 different cases. Both GPE and VDE values are listed as percentages.   
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Table 3.2: Tan’s pitch detection algorithm’s results using the original signal 

 

Table 3.3: Tan’s pitch detection algorithm’s results using the carrier signals after demodulation 
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Figure 3.5: Comparison of GPEs of Tan’s algorithm with and without demodulation  

 

Table 3.4: Wu’s pitch detection algorithm’s results using the original signal 
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Table 3.5: Wu’s pitch detection algorithm’s results on the carrier signals after demodulation 

 

Figure 3.6: Comparison of GPEs of Wu’s algorithm with and without demodulation  
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Table 3.6: GPE difference (∆!"#) and GPE difference as a percentage of GPE (∆!"#  %) for Tan’s 
algorithm (left) and Wu’s algorithm (right) 

To provide a better evaluation of the data, Figures 3.5 and 3.6 show a graphical representation of 

Tables 3.2, 3.3, 3.4 and 3.5.  

Tables 3.6 and 3.7 show the absolute and relative change in GPE. The relative change in GPE is 

calculated as the absolute change as a percentage of the original GPE result (i.e. GPE when 

algorithm is fed with the original signal). We see that for Tan’s algorithm there is an 

improvement in all noise conditions except the one with white noise with varying SNR. For 

Tan’s algorithm, the GPE is the same for white and babble noise at 10dB (changes in GPE of 

magnitudes smaller than ±0.05 are neglected since they may be due to calculation errors in 

MATLAB where 8-bit integer values were used). For Wu’s algorithm we see a noticeable 

increase in GPE clean and 10dB white noise cases and a small increase for 10 dB babble noise 

case. 

Tables 3.7 and 3.8 show the GPE and VDE results for Tan’s algorithm on male and female 

speakers separately. Table 3.7 shows GPE results for male and female speakers with the original 

signal, Table 3.8 shows GPE results in the demodulated case. Tables 3.9 and 3.10 show the GPE 
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and VDE results for Wu’s algorithm on male and female speakers separately. Table 3.9 shows 

GPE results for male and female speakers with the original signal, Table 3.10 shows GPE results 

in the demodulated case.  We see that for Tan’s algorithm we get a higher GPE for female 

speakers in both original and demodulated cases. On the other hand there is no such pattern for 

original and demodulated cases for female and male speakers on Wu’s algorithm.  

 

Table 3.7: The GPE and VDE for female and male speakers using Tan’s algorithm 
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Table 3.8: The GPE and VDE for female and male speakers using Tan’s algorithm with the carrier part the 
signal as input  



26 
 

 

Table 3.9: The GPE and VDE for female and male speakers using Wu’s algorithm 
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Table 3.10: The GPE and VDE for female and male speakers using Wu’s algorithm with the carrier signals as 
the input  

Figures 3.7 and 3.8 provide a better evaluation of the data displaying graphical representation of 

the aforementioned tables for Tan’s algorithm. Figures 3.9 and 3.10 are the graphical 

representation of the tables for Wu’s algorithm.  



28 
 

 

Figure 3.7: GPE for Tan’s algorithm for male and female speakers and both combined  

 

Figure 3.8: The GPE for Tan’s algorithm for male and female speakers and both combined with carrier part 
of signals asinput 
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Figure 3.9: The GPE for Wu’s algorithm for male and female speakers and both combined 

 

Figure 3.10: GPE for Wu’s algorithm for male and female speakers and both combined with carrier signals 
as input  
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graphical representation of GPE values for Wu’s algorithm for female and male speakers 

separately. GPE values decrease in both male and female speakers except in babble noise with 

10dB SNR.  In white noise with 0 dBSNR, the GPE decreases for female speakers, whereas it 

increases for male speakers causing an overall increase when the input signal is demodulated. 

The same pattern is observed for clean signals. 

 

Figure 3.11: The GPE for the original signal and carrier part (after demodulation) for female speakers using 
Tan’s algorithm  
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Figure 3.12: The GPE for original and carrier signals (after demodulation) for male speakers using Tan’s 
algorithm  

 

Figure 3.13: The GPE for original and carrier signals (after demodulation) for female speakers using Wu’s 
algorithm 
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Figure 3.14: The GPE for original and carrier signals (after demodulation) for male speakers using Wu’s 
algorithm  

The time needed to execute each algorithm can be seen in Figures 3.15 and 3.16. Tan’s algorithm 

requires more time than Wu’s algorithm, however it results in a lower GPE. On average, Tan’s 

algorithm required 1164 seconds (19.41 minutes) to complete it’s execution whereas Wu’s 

algorithm required 89.3 seconds (1.48 minutes). 

 

Table 3.11: Timing results for Tan’s algorithm (in seconds) 
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Table 3.12: Timing results for Wu’s algorithm (in seconds) 

 

3.5. Summary 

In this chapter, two state-of-the-art pitch detection algorithms ( [26] and [27]) were tested in an 

exploratory study of the impact of signal demodulation on pitch detection accuracy. The dataset 

that has been used was the KEELE[29] database with 4 male and 4 female speakers with 

different noise conditions (white noise and babble noise) and at different SNRs: 0 dB, 10 dB and 

20 dB.   

The results show that inputting the carrier signal to a pitch detection algorithm, instead of the 

speech signal itself, leads to a decrease in GPE of both algorithms in most noise conditions and 

levels, given the voicing data is extracted from the original signal.  

Demodulation also decreases GPE for both male and female speakers, for both algorithms. In 

Tan’s algorithm, where female GPEs were higher than the male counterparts, demodulation 

caused a decrease in GPE for both females and males (except for the one case where the overall 

GPE increases as well). In Wu’s algorithm, while there was no fixed pattern of GPEs for female 

and male speakers, demodulation again caused a decrease in GPE for both genders (except for 
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the cases where the overall GPE increased). Therefore, one can conclude that demodulation 

helped decrease GPE regardless of speakers’ gender. 

However, further experimentation is still required due to following issues:  

First, to fully understand the effects of demodulation on pitch detection accuracy, pitch detection 

algorithms that rely on different techniques should be tested as well, such as algorithms that rely 

on a single band, algorithms that rely on learning and statistical methods, etc.  

Second, the voicing detection problem encountered when the carrier signal is inputted into the 

pitch detection algorithm should be overcome with a better method other than substituting the 

voicing data from the original signal. 

Third, further experiments can reveal other properties of demodulation. For instance, the 

modulator part of a signal can be tested for its effect on formant estimation accuracy. 
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CHAPTER 4. CONCLUSION 

 

 

In this thesis, demodulating a signal into its carrier and modulator parts and the effects of 

inputting the carrier part into the pitch detection algorithm, instead of the original signal, are 

explored. In Chapter 1, a survey of demodulation techniques for decomposition of a stochastic 

signal into its modulator and carrier parts is given and motivation of the work is discussed. 

In Chapter 2, based on [11], properties of an ideal demodulator is introduced. The problem of 

posing demodulation of a signal as an optimization problem is discussed. Using the approach in 

[11], the demodulator and carrier parts can be used to distinguish low and high frequency content 

(amplitude and pitch) of a signal. Thus, the carrier part bearing the high-frequency content can 

be used as an input to pitch detection algorithms to increase the accuracy.  

In Chapter 3, experiments carried out with two algorithms ([26] and [27]) are presented. Stimuli 

were from with 4 male and 4 female speakers with different noise levels and conditions. Results 

showed that using the carrier part of a signal in demodulation increases the accuracy of pitch 

detection algorithms in almost all noise levels and conditions. Demodulation also proved to 

increase the accuracy of pitch detection for both female and male speakers, regardless of the 

gender of the speaker, when they are tested separately. 

However, further experimentation is still necessary to fully understand the properties of 

demodulation. Pitch detection algorithms that rely on different approaches should be tested for a 

better estimate of the effect of demodulation on pitch detection accuracy. The voicing problem 

encountered when the carrier signal is inputted into the pitch detection algorithm should be 
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overcome with a more efficient method. And finally, further research can be carried out to 

examine the effects of using the modulator signal for formant frequency estimation. 
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