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░ ABSTRACT- Pitch estimation efficiency always gets affected by two major phenomena. The first one is additive noise 

which by nature are not correlated with the source speech signal. The second one is the vocal tract effect which creates 

unnecessary peaks within the signal waveform, resulting inaccurate detection of the pitch value. This paper proposes a Modified 

Weighted Autocorrelation Function (MWAF) executed in the Linear Predictive Coding (LPC) residual domain, instead of directly 

executing over the noisy source speech signal. Converting the noisy source speech signal to LP residual helps eliminating the 

vocal tract effects and emphasizing the necessary effects of glottal excitation. The Autocorrelation Function (ACF) and the 

Circular Average Magnitude Difference Function (CAMDF) are directly applied on this residual. The proposed MWAF is then 

calculated by multiplying the ACF with the reciprocal of the CAMDF, which enhances the periodic components as well as 

reduces the noise induced false peaks. Experimental results were evaluated on the KEELE and NTT databases across White, 

Babble, Train and HF Channel noise conditions. The result shows that our proposed algorithm reduces the Gross Pitch Error 

(GPE) by an average of 40.34% compared to baseline methods such as BaNa, PEFAC and WAF. Furthermore, the algorithm 

achieves an overall computational gain of 53.44% compared to BaNa, PEFAC and WAF, offering a stable solution for pitch 

tracking in degraded acoustic conditions. 

 

Keywords: Pitch, Linear Predictive Coding, Modified Weighted Autocorrelation, LPC Residual. 

 

 

 

░ 1. INTRODUCTION 

Human speech is broadly divided into voiced, unvoiced, and 

silent segments. Voiced sounds are generated by vocal cord 

vibration, but unvoiced sounds don’t have this vibration [1]. 

The fundamental frequency of this vibration is perceived as 

pitch (F0) [2]. When the speech starts being generated it faces 

an adverse effect of vocal tract filters. This effect distorts the 

harmonic peak of the waveform. Besides, additive natural 

noise mixes with the speech and distorts its periodicity. This 

means the vocal tract filter and additive noise together affect 

the shape and periodicity of the speech signal. That’s why 

extracting the pitch directly from a raw noisy speech signal is 

very much challenging.  Systems like speech synthesis, speech 

coder, telecommunication require extracting the pitch 

accurately in real time noisy environment. There exist a 

number of algorithms which analyse the noisy speech signal 

and try to extract the fundamental frequency. But their 

efficiency remains inadequate for real time applications [3, 4]. 

The main research gap is that no previous study has addressed 

both the effects of the vocal tract filter and additive noise 

before. This study utilizes the Linear Predictive (LP) residual 

signal to discard the vocal tract effects from the excitation 

source. Proposed method computes a Modified Weighted 

Autocorrelation Function (MWAF) integrating the ACF and 

the Circular Average Magnitude Difference Function 

(CAMDF) directly on the LP residual. This formulation 

provides a highly robust pitch estimation framework that 

reduces noise effects mathematically without relying on time 

consuming processing. 

 

1.1. Literature Review 
Pitch extraction methods are broadly categorized into time-

domain and frequency-domain approaches [5]. Time-domain 

algorithms are the Autocorrelation Function (ACF) [6], 

Average Magnitude Difference Function (AMDF) [7], 

Average Squared Mean Difference Function [8], Weighted 
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Autocorrelation Function (WAF) [9] and YIN [10]. They 

perform well on clean speech but degrade significantly in 

noisy environments. ACF measures similarity between a 

signal and its delayed version. This produces peaks at pitch-

period multiples. AMDF computes differences, yielding deep 

nulls at those same pitch-period multiples. ACF is vulnerable 

to vocal tract interference and AMDF generates false pitch 

candidates at harmonic multiples. WAF addresses these issues 

by weighting ACF with the inverse of AMDF. But its stability 

depends heavily on optimal weight selection. The YIN method 

enhances ACF accuracy but requires computationally 

expensive post-processing. 

 

Frequency-domain methods attempt to mitigate vocal tract 

effects. The cepstrum (CEP) method [11] separates vocal cord 

excitation from vocal-tract filtering via the inverse Fourier 

transform of the logarithmic spectrum. While effective in 

noiseless conditions, CEP falters in noise. Further 

improvements like the ACF of the log spectrum (ACLOS) [12] 

and the windowless ACF-based CEP (WLACF-CEP) [13] 

demonstrate better noise resilience. 

 

Recent advanced techniques include PEFAC [14], which is a 

frequency domain pitch extraction approach that uses the three 

highest pitch candidates in the amplitude spectrum. It 

calculates the ratio of the frequencies to extract the accurate 

pitch from the noisy speech signal. But it concentrates only on 

low SNRs. Another approach BaNa [15], takes the first five 

pitch candidates to separate the signal into frequency bands 

and measures how periodic or noisy each band is. Then it uses 

this information to make a more robust and noise-resistant 

pitch estimation. The defect of BaNa is, it still requires high 

processing time. 

 

Deep learning-based approaches have recently shown strong 

performance in pitch estimation under noisy conditions. 

CREPE [16], for instance, uses deep convolutional neural 

networks to learn frequency representations directly from raw 

waveforms. DC-CRN [17] and LACOPE [18] jointly tackle 

speech enhancement and pitch tracking. Signal-processing 

methods have advanced as well, including Radon transform-

based techniques that address formant interference [19] and 

RNN-based models that capture temporal pitch dynamics [20]. 

More recently, hybrid frameworks combining signal 

processing with neural networks have aimed to balance 

accuracy and efficiency [21]. DSP assisted neural models now 

achieve competitive performance at reduced complexity and 

latency [22]. Lightweight architectures extend this further to 

edge devices [23]. However, these approaches typically rely 

on large annotated datasets, incur substantial computational 

overhead. Also, they introduce latency, limiting their 

deployment in real-time and resource-constrained 

environments. These limitations motivate the development of 

efficient signal processing–based alternatives. Table 1 

summarizes how these methods compare. 

 

░ Table 1. Critical Comparison Between Existing Pitch 

Extraction Algorithm 

Method Domain Key Strengths Key Weaknesses 

/ Research Gap 

ACF [6] Time High accuracy in 

clean speech; 

simple 

implementation. 

Highly vulnerable 

to vocal tract 

formants; 

produces false 

peaks at harmonic 

multiples. 

AMDF 

[7] 

Time Computationally 

inexpensive 

(uses differences 

instead of 

products). 

Generates deep 

nulls at sub-

harmonics; 

struggles heavily 

in low SNR 

environments. 

WAF [9] Time Combines ACF 

and AMDF to 

suppress false 

candidates. 

Stability is highly 

dependent on 

optimal weight 

selection, which 

fails in dynamic 

noise. 

YIN [10] Time High accuracy 

on clean-to-

moderate noise. 

Best-candidate 

search and 

interpolation add 

cost; degrades 

under strong 

additive noise. 

Log 

Spectrum 

[11–13] 

Frequency Explicit 

source/filter 

separation. 

Effective mainly 

at low noise; 

window/lifter 

choices are 

themselves noise-

sensitive. 

PEFAC 

[14] 

Frequency Extracts accurate 

pitch from 

amplitude 

spectrum ratios; 

robust in low 

SNR. 

Performance 

concentrated 

mostly on 

specific low SNR 

bounds; struggles 

with non-

stationary noise. 

BaNa 

[15] 

Frequency High noise-

resistance using 

multi-band 

periodicity 

measurements. 

Requires complex 

post-processing 

and high 

processing time, 

limiting real-time 

application. 

Deep 

Learning 

[16-23] 

Hybrid/NN State-of-the-art 

accuracy; robust 

feature 

extraction 

directly from 

waveforms. 

Requires large 

annotated 

datasets; 

introduces 

significant 

computational 

overhead and 

latency. 
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Linear Predictive Coding (LPC) [24] is a technique in digital 

speech processing based on the source-filter model. LPC 

predicts speech samples using a linear combination of its past 

speech samples which effectively models the resonances of the 

vocal tract. This predicted sample actually represents the effect 

of vocal tract filter on the actual speech sample [25,26]. The 

mathematical difference between the actual speech sample and 

the LPC predicted speech sample is called the error signal or 

the residual signal. As the LPC successfully model the vocal 

tract, subtracting the predicted signal removes the vocal tract's 

influence from the original speech. The remaining value which 

is called the residual, actually represents the original necessary 

excitation source. 
 

In this study, we utilize the LP residual signal to completely 

decouple vocal tract characteristics from the speech signal. By 

computing the ACF and the Circular Average Magnitude 

Difference Function (CAMDF) directly on this residual, the 

proposed framework seamlessly integrates their 

complementary strengths. Operating in the LPC-derived 

residual domain significantly suppresses vocal tract artifacts 

and noise, yielding a highly robust and accurate pitch 

estimation method for degraded speech environments. The 

novelty of the proposed algorithm in section 2.4. 
 

░2. MATERIALS AND METHODS  
2.1. Materials 
To implement and evaluate the proposed pitch extraction 

algorithm, speech signals from the KEELE Database [27] and 

NTT Database [28] were utilized. The KEELE database subset 

comprised speeches from 10 speakers (five male, five female), 

totaling approximately 5.5 minutes of audio, sampled at 16 

kHz. This 5.5-minute audio was divided into 33,111 frames 

out of which 16,960 frames were active voiced frames. The 

NTT database subset consisted of approximately 10 seconds of 

Japanese phrases spoken by four male and four female 

speakers, sampled at 10 kHz with a 3.4 kHz band restriction. 

Total 80 seconds of audio under this database was divided into 

8,820 frames out of which 4,637 frames were active voiced 

frames. No machine learning training protocol was required as 

the method is deterministic. 
 

To simulate real-world degraded acoustic environments, 

various noise profiles were added to the clean speech signals. 

Computer-generated additive white Gaussian noise (AWGN) 

was injected by scaling a normal distribution interference 

signal. Additionally, babble and HF channel noises (originally 

sampled at 20 kHz [29]) and train noise (originally sampled at 

8 kHz [30]) were utilized. The sampling rates of these 

environmental noises were resampled to 10 kHz and 16 kHz to 

match the NTT and KEELE databases, respectively. The 

algorithms were tested across Signal-to-Noise Ratio (SNR) 

levels ranging from -5 dB to 20 dB. The experimental 

parameters were configured as follows: 
 

Frame Length: 50 ms (except for PEFAC and BaNa, which 

used 60 ms). 
 

Frame Shift: 10 ms (except for PEFAC). 

Window Function: Rectangular (except for PEFAC and BaNa, 

which used Hamming windows). 
 

FFT Length: 2048 points for KEELE and 1024 points for 

NTT. 
 

Pitch Search Range: fmin = 50 Hz to fmax = 400 Hz, 

representing the standard human fundamental frequency range. 
 

2.2. Problem Formulation 
The fundamental objective of pitch extraction in a noisy 

environment is to isolate the true glottal excitation frequency 

from a corrupted observation. Let the discrete-time clean speech 

signal be denoted as 𝑠[𝑛], which is contaminated by an 

uncorrelated additive environmental noise 𝑣[𝑛]. The observed 

noisy speech signal 𝑥[𝑛] is modeled as:  

    𝑥[𝑛] = 𝑠[𝑛] + 𝑣[𝑛]                     (1) 

For a voiced speech frame, 𝑠[𝑛] exhibits quasi-periodicity with 

a fundamental period 𝑇0, such that 𝑠[𝑛] = 𝑠[𝑛 + 𝑇0]. Additive 

noise 𝑣[𝑛] and vocal tract resonances severely mask this 

periodicity in the time domain. The problem formulation thus 

reduces to accurately estimating 𝑇0 (and consequently the 

fundamental frequency 𝐹0 =
𝐹𝑠

𝑇0
, where 𝐹𝑠 is the sampling rate) 

from 𝑥[𝑛]. For optimization we will:  

Systematically decouple the vocal tract filter parameters using 

LP residual and 

Minimize the influence of 𝑣[𝑛] by maximizing the MWAF 

metric over the valid pitch lag search range [𝜏𝑚𝑖𝑛 , 𝜏𝑚𝑎𝑥]. 

These optimizations will help us gain overall at least 35-40% 

more efficiency in pitch extraction as well as an average of 40-

50% more computational efficiency then other conventional 

methods. 

2.3. Proposed Methodology 
The proposed methodology aims to estimate the pitch of the 

noisy speech signal 𝑥[𝑛] accurately. At first, the signal is 

divided into a number of short frames using window function as 

follows: 

        𝑦𝑖[𝑛] = 𝑤𝑟𝑒𝑐[𝑥[𝑛 + (𝑖 − 1)𝑆𝑙𝑒𝑛]]                    (2)  

Here, 𝑦𝑖[𝑛] is the 𝑖𝑡ℎ frame of the 𝑥[𝑛] after applying a 

rectangle window function. 𝑆𝑙𝑒𝑛 is the frame shift; 𝑛 represents 

the 𝑛𝑡ℎ sample of the frame. The rectangle window function 

𝑤𝑟𝑒𝑐  maintains a value of 1 across its length and 0 elsewhere, 

effectively turns the signal “on” and “off” within a given 

interval. If any sample z is given in a rectangle window 

function, then it will give response as: 
 

𝑤𝑟𝑒𝑐[𝑧] = {
z, 1 ≤ z ≤ N
0, otherwise

      (3) 

In equation 2 the value of z of is 𝑥[𝑛 + (𝑖 − 1)𝑆𝑙𝑒𝑛]. After that, 

we compute the autocorrelation of the frame as: 
 

http://www.ijeer.forexjournal.co.in/
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𝑟[𝜏] =
1

𝑁
∑ 𝑦𝑖[𝑛]𝑦𝑖[𝑛 + 𝜏]

𝑁−𝜏

𝑛=1

                                             (4) 

 

Where 𝑟[𝜏] denotes the autocorrelation function of the 𝑖𝑡ℎ frame 

at lag 𝜏. Linear Predictive (LP) analysis is then applied from 

equation (5) to equation (10) to model the vocal tract and the 

inverse filter generates the LP residual signal representing the 

excitation source. 
 

At first, it constructs a Toeplitz matrix 𝑅 from the first 𝑀 values 

of 𝑟[𝜏]: 
 

𝑅 = [

𝑟(1) 𝑟(2) ⋯ 𝑟(𝑀)
𝑟(2) 𝑟(1) ⋯ 𝑟(𝑀 − 1)

⋮ ⋮ ⋱ ⋮
𝑟(𝑀) 𝑟(𝑀 − 1) ⋯ 𝑟(1)

]      (5) 

 

Then a shifted autocorrelation vector 𝐴 of the 𝑟[𝜏] is defined as: 
 

𝐴 = [

𝑟(2)
𝑟(3)

⋮
𝑟(𝑀 + 1)

]                  (6) 

 

Then, the Auto-Regressive (AR) coefficients are estimated 

using the Yule-Walker equations, which are derived as: 
 

𝑎 = −𝑅−1𝐴                   (7) 
 

In summary, it constructs a Toeplitz matrix 𝑅 from the first 𝑀 

autocorrelation values and uses left division to solve the linear 

system against the transpose matrix 𝐴 of the shifted 

autocorrelation vector. The negative sign relates to standard 

LPC convention. The estimated AR coefficients characterize the 

spectral envelope of the speech signal and are subsequently used 

to compute the linear prediction residual for further analysis. In 

MATLAB, the AR coefficients are computed as: 
 

     𝑎 = −𝑡𝑜𝑒𝑝𝑙𝑖𝑡𝑧(𝑟(1: 𝑀))/𝑟(2: 𝑀 + 1)′       (8)  

  
After that, we predict from (𝑀 + 1)𝑡ℎ to 𝑁𝑡ℎ sample of the 

frame using the estimated AR coefficients. The value of each 

current speech sample is predicted based on a linear 

combination of its immediate past 𝑀 samples. It takes the sum 

of product of the AR coefficients and the sequence of 𝑀 

immediate previous actual samples (extracted in reverse order). 

For instance, the predicted 𝑛𝑡ℎ sample will be: 
 

𝑝𝑖[𝑛] = ∑ 𝑎[𝑗]𝑦𝑖[𝑛 − 𝑗]

𝑀

𝑗=1

                                                  (9) 

 

For 1 ≤ 𝑛 ≤  𝑀 it’s assumed that 𝑝𝑖[𝑛] = 0. 𝑝𝑖[𝑛] is 

actually predicted for 𝑀 + 1 ≤ 𝑛 ≤  𝑁. The difference 

between the predicted value 𝑝𝑖[𝑛]and the actual value 𝑦𝑖[𝑛] is 
called the LP residual or prediction error. It uses a plus sign 

while calculating the differences because the AR coefficients 

have already incorporated the negative sign earlier. So, the 𝑛𝑡ℎ 

sample of the residual corresponding to the 𝑖𝑡ℎ frame of the 

noisy speech signal is calculated as: 
 

𝑒𝑖[𝑛] = 𝑝𝑖[𝑛] + 𝑦𝑖[𝑛]                                                              (10) 
 

Then we apply both the autocorrelation function and the circular 

average magnitude difference function (CAMDF) on 𝑒𝑖 as: 
 

𝐴𝐶𝐹𝑖[𝜏] =
1

𝑁
∑ 𝑒𝑖[𝑛]𝑒𝑖[𝑛 + 𝜏]                                             (11)

𝑁−𝜏

𝑛=1

 

 

𝐶𝐴𝑀𝐷𝐹𝑖[𝜏] =
1

𝑁
∑|𝑒𝑖[𝑛] − 𝑒𝑖[(𝑛 + 𝜏)𝑚𝑜𝑑𝑁]|            (12)

𝑁

𝑛=1

 

 

Where 𝐴𝐶𝐹𝑖[𝜏] and 𝐶𝐴𝑀𝐷𝐹𝑖[𝜏] denotes the autocorrelation 

function and circular average magnitude difference function of 

the 𝑖𝑡ℎ residual at lag 𝜏 respectively. Finally, using the ACF and 

the CAMDF we calculate the modified weighted autocorrelation 

function (MWAF) that can be expressed as: 
 

        𝑀𝑊𝐴𝐹𝑖[𝜏] =
𝐴𝐶𝐹𝑖[𝜏]

𝐶𝐴𝑀𝐷𝐹𝑖[𝜏]+𝛿
                   (13) 

 

Here, 𝛿 is a random constant to avoid the divide by zero error. 

For better understanding the equations used in this article, the 

mathematical notation is summarized in Table2 

 

░Table 2. List of Symbols and Mathematical Notations 
 

Symbol Definition Domain / Unit 

𝑥[𝑛] Observed noisy speech signal Discrete time 

𝑠[𝑛], 𝑣[𝑛] Clean speech and additive 

noise components 

Discrete time 

𝑘 The noisy speech will be sub 

divided into k frames 

Integer 

𝑁, 𝑆𝑙𝑒𝑛  Frame length and frame shift Samples 

𝑀 Linear Predictive Coding 

(LPC) order 

Integer (12-16) 

𝑦𝑖[𝑛] 𝑖𝑡ℎ framed, windowed speech 

signal 

𝑖 ∈ [1, 𝑘] 𝑎𝑛𝑑
∈ [1, 𝑁] 

𝑟[𝜏] Autocorrelation function of the 

𝑖𝑡ℎ speech frame 

Lag τ 

𝑎[𝑗] 𝑗𝑡ℎAuto-Regressive (AR) 

coefficient 

Dimensionless 

𝑝𝑖[𝑛] LP predicted signal for frame 𝑖 𝑛 ∈ [𝑀 + 1, 𝑁] 

𝑒𝑖[𝑛] LP residual (prediction error 

signal)  
𝑛 ∈ [1, 𝑁] 

𝐴𝐶𝐹𝑖[𝜏] Autocorrelation function of LP 

residual 

Lag τ 

𝐶𝐴𝑀𝐷𝐹𝑖[𝜏] Circular Average Magnitude 

Difference Function 

Lag τ 

𝑀𝑊𝐴𝐹𝑖[𝜏] Modified Weighted 

Autocorrelation Function 

Lag τ 

𝛿 Regularization constant  Dimensionless 

𝐹𝒔, 𝐹0 Sampling rate and 

fundamental frequency 

Hertz (Hz) 

 

http://www.ijeer.forexjournal.co.in/
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2.4. Novelty and Contribution 
The standard Weighted Autocorrelation Function (WAF) 

mitigates some vulnerabilities of the conventional 

Autocorrelation Function (ACF) by utilizing the Average 

Magnitude Difference Function (AMDF) as a penalty term. Its 

traditional formulation presents two significant mathematical 

limitations in low SNR environments. First, standard WAF 

operates directly on the windowed speech signal 𝑦𝑖[𝑛], which 

inherently contains highly energetic vocal tract formants. 

These formants introduce periodicities that mathematically 

mask the true glottal excitation. Second, the traditional AMDF 

suffers from a tapering effect at higher lags. Since the 

summation length decreases, this often forces the use of 

computationally heavy and empirically tuned weighting 

coefficients just to stabilize the function. What makes this 

work novel is the MWAF formulation itself. It mathematically 

circumvents both limitations through a domain transformation 

and a circular bounding strategy. 
 

2.4.1. Domain Transformation via Spectral Flattening 

Instead of computing the correlation metrics on 𝑦𝑖[𝑛], the 

proposed MWAF shifts the functional domain entirely to the 

LP residual signal 𝑒𝑖[𝑛]. By extracting the Auto-Regressive 

(AR) coefficients 𝑎 via the Yule-Walker equations, the vocal 

tract filter is decoupled from the source: 
 

𝑒𝑖[𝑛] = 𝑦𝑖[𝑛] + ∑ 𝑎[𝑗]𝑦𝑖[𝑛 − 𝑗]𝑀
𝑗=1                     (14) 

 

Operating on 𝑒𝑖[𝑛] effectively acts as a spectral whitener. 

Mathematically, this removes the resonant formant frequencies 

that cause false harmonic peaks in standard WAF. This 

ensures that any subsequent correlation analysis strictly 

evaluates the periodicity of the glottal source.  
 

2.4.2. Circular Penalty and Unification 

To address the tapering effect and reliance on heuristic 

weights in existing WAF models, MWAF integrates the ACF 

with the Circular AMDF (CAMDF). Unlike the standard 

AMDF, the CAMDF evaluates the absolute difference using 

modulo indexing as shown in equation 12. This circular nature 

guarantees that exactly 𝑁 terms are evaluated for every lag 𝜏, 

maintaining constant signal energy across the entire pitch 

search range. The proposed MWAF unites these domain-

shifted functions into a stable, unified ratio, as shown in 

equation 13. 
 

At the true fundamental period 𝑇0, the numerator 

𝐴𝐶𝐹𝑖[𝑇0]approaches a global maximum, while the 

denominator 𝐶𝐴𝑀𝐷𝐹𝑖[𝑇0] approaches a deep null near zero. 

Because both functions are applied to the whitened residual 

𝑒𝑖[𝑛], the probability of additive noise or formant interference 

simultaneously creating a false peak in the ACF and a false 

null in the CAMDF is statistically negligible. Consequently, 

the inverse proportional relationship strictly penalizes noise-

induced artifacts and non-linearly amplifies the true 𝐹0 peak 

without requiring the adaptive fractional weighting algorithms 

common in existing WAF literature. 

2.5. Algorithm and Complexity Analysis 
The proposed pitch estimation framework is visually 

represented in figure 1.  
 

 
 

Figure 1. Block diagram of the proposed method 

 

Algorithm 1: Proposed Error Signal based Pitch Extraction 

Algorithm 
 

Input: Noisy speech signal x(n), Sampling Frequency Fs  
 

Output: Estimated Pitch F0  
 

BEGIN 
 

Step 1: Frame x(n) into overlapping segments yi(n) using a 

rectangular window [Equation 2 & 3]. 
 

For each voiced frame yi(n):  
 

Step 2: Compute autocorrelation r(τ) [Equation 4]. 
 

Step 3: Extract M AR coefficients from r(τ) via Yule-Walker 

equations [Equation 5,6 & 7].  
 

Step 4: Estimate the predicted signal pi(n) [Equation 9].  
 

Step 5: Calculate the LP residual: ei(n) = pi(n) + yi(n).  
 

Branch A: Compute ACF of the residual: ACFi(τ) [Equation 

11].  

Branch B: Compute CAMDF of the residual: CAMDFi(τ) 

[Equation 12].  
 

Step 6: Calculate MWAF: MWAFi(τ) =
ACFi(τ)

ACFi(τ)+δ
.  

 
 

Step 7: Identify the lag τpeak corresponding to the global 

maximum of MWAFi(τ).  
 

Step 8: Calculate pitch: F0 =
Fs

τpeak
  

 

End For 
 

END 
 

To rigorously evaluate the computational efficiency of the 

proposed algorithm, a step-by-step analysis of time and space 

complexity is presented. Let 𝐿 denote the frame length (number 

of samples per frame), 𝑀 denote the Linear Predictive Coding 

(LPC) order, 𝑁 denote the FFT length used for spectral analysis, 

and 𝐾 denote the total number of active voiced frames 
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processed. The step-by-step time complexity and space 

complexity of our algorithm is given in table 3. 
 

░ Table 3. Step-by-Step Time Complexity and Space 

Complexity of the Proposed Algorithm 

Step Method Name 

Time 

Complex

ity 

Space 

Comp

lexity 

1 Framing and Windowing 𝑂(𝐿) 𝑂(𝐿) 

2 Autocorrelation of the Speech Frame 𝑂(𝑁 log 𝑁) 𝑂(𝑁) 

3 
LP Coefficient Extraction (Yule-

Walker) 
𝑂(𝑀3) 

𝑂(𝑀2) 

4 

and 

5 

Predicted Signal and LP Residual 

Calculation 

𝑂(𝐿𝑀) 
𝑂(𝐿) 

6 

Branch 

A: 
ACF of the LP Residual 

𝑂(𝑁 log 𝑁) 
𝑂(𝑁) 

Branch 

B: 

CAMDF of the LP 

Residual 
𝑂(𝐿2) 

𝑂(𝐿) 

7 MWAF Calculation 𝑂(𝐿) 𝑂(𝐿) 

8 
Peak Detection and Pitch 

Calculation 
𝑂(𝐿) 

𝑂(1) 

 

Combining these step-by-step bounds yields a per-frame time 

complexity of 𝑂(𝐿2 + 𝑁 log 𝑁 + 𝑀3 + 𝐿. 𝑀). Given that the 

LPC order 𝑀 (e.g., 16) is a small constant relative to 𝐿 and 𝑁, 

the terms dependent on 𝑀 have a negligible impact on 

runtime. Therefore, for an entire speech signal containing 𝐾 

voiced frames, the overall asymptotic time complexity of the 

algorithm simplifies to: 𝑂(𝐾. [𝐿2 + 𝑁 log 𝑁]). During runtime, 

the peak memory footprint is determined by the allocation of 

the temporary arrays for the spectral operations (the 𝑁 -point 

FFT buffers) and the Toeplitz matrix, alongside the global 

array storing the final estimated pitch values for the whole 

signal (𝑁𝑡𝑜𝑡𝑎𝑙). Thus, the overall space complexity is 

constrained to: 𝑂(𝑁𝑡𝑜𝑡𝑎𝑙 + 𝑁 + 𝑀2). 
 

All experimental analyses and statistical validations were 

implemented in MATLAB R2021a. The analysis parameters 

were standardized to a frame size of 51.2 ms, a step size of 10 

ms, and an LPC order of 16. To ensure full reproducibility of 

the reported results, the source code, parameter configurations, 

and evaluation scripts will be uploaded online after the 

publishing of this article. 

 

░ 3. RESULTS 
3.1. Evaluation Criteria 
The effectiveness of the suggested approach was evaluated by 

determining the error rate in accordance with Rabiner’s rule 

[31], defined as: 
 

      𝐸𝑟(𝑧) = 𝐹𝑐𝑎𝑙(𝑧) − 𝐹𝑡𝑟𝑢𝑒(𝑧)                                          (15) 
 

Here 𝑧 is the frame index, 𝐹𝑐𝑎𝑙(𝑧) is the estimated 

fundamental frequency, and 𝐹𝑡𝑟𝑢𝑒(𝑧) is the ground-truth 

fundamental frequency for the 𝑧-th frame. If |𝐸𝑟(𝑧)| > 10% 

of 𝐹𝑡𝑟𝑢𝑒(𝑧), the estimation was classified as a Gross Pitch 

Error (GPE). The GPE percentage was calculated exclusively 

over the active voiced frames of the speech data. In particular, 

we recognized and assessed the voiced parts of words in terms 

of the basic frequency. 
 

To assess the generalized performance and overall robustness 

of the proposed pitch extraction algorithm, a comprehensive 

statistical analysis was also conducted. The error rates across 

all evaluated conditions, encompassing White, Train, HF 

Channel, and Babble noise at all tested SNR levels, were 

pooled into a single dataset. One-tailed paired t-tests were then 

performed comparing the proposed method against WAF, 

PEFAC, and BaNa. To correct for multiple comparisons and 

strictly control the Type I error rate, a Bonferroni correction 

was applied, setting the threshold for statistical significance at 

𝑝 < 0.0167 (𝛼 =
0.05

3
). 

 

3.2. Experimental Results 

To demonstrate the robustness of the suggested method, 

particularly in high-noise environments where conventional 

algorithms degrade, we compared our results against the BaNa 

[15], PEFAC [14], and WAF [9] techniques. Figure 1 to figure 

4 present the performance comparison for the KEELE 

database under white, babble, train, and HF channel noise 

conditions. Figure 5 to figure 8 present the corresponding 

performance comparison for the NTT database across the 

same noise conditions. Average GPEs were recorded at -5 dB, 

0 dB, 5 dB, 10 dB, 15 dB, and 20 dB SNRs for both male and 

female speakers combined. 
 

 
Figure 2. Average Gross Pitch Error (GPE) Rate for White Noise in 

KEELE Database 
 

 
Figure 3. Average Gross Pitch Error (GPE) Rate for Babble Noise in 

KEELE Database 
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Figure 4. Average Gross Pitch Error (GPE) Rate for Train Noise in 

KEELE Database 

Figure 5. Average Gross Pitch Error (GPE) Rate for HF Channel 

Noise in KEELE Database 

 
Figure 6. Average Gross Pitch Error (GPE) Rate for White Noise in 

NTT Database 

 
Figure 7. Average Gross Pitch Error (GPE) Rate for Babble Noise in 

NTT Database 

 
Figure 8. Average Gross Pitch Error (GPE) Rate for Train Noise in 

NTT Database 
 

 
Figure 9. Average Gross Pitch Error (GPE) Rate for HF Channel 

Noise in NTT Database 
 

3.3. Ablation Study 
To isolate the individual contributions of LP residual 

extraction, CAMDF penalization and their unified integration 

in MWAF, an ablation experiment was performed. Three 

variants were evaluated, LP Residual Only, CAMDF Inverse 

Only and Proposed MWAF. The experiment was done on 

KEELE dataset in White and Babble noise at SNR level -5 dB. 

The results are shown in table 4.  
 

░ Table 4. Average Gross Pitch Error (GPE) Rate for 

KEELE Dataset 
 

Method 
White Noise Babble Noise 

Female Male Average  Female Male  Average 

 

LPC_Residual 

 

89.51992 

 

80.95006 

  

85.23499 

  

89.69342 

 

81.84636 

 

85.76989 

 

CAMDF 

 

36.65336 

 

33.4238 

 

35.03858 

 

59.9125 

 

55.64898 

 

57.78074 

 

MWAF 

 

26.36996 

 

26.4339 

 

26.40193 

 

55.61714 

 

54.16374 

 

54.89044 

 

░ 4. DISCUSSION 
4.1. Performance Comparison 
Considering the results of figure 2 to figure 9, our proposed 

method consistently exhibits the lowest average Gross Pitch 

Error (GPE) rate among all compared approaches in the 

presence of White noise and Babble noise in the KEELE 

Database across all SNRs. In the case of Train noise and HF 
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Channel noise, BaNa exhibits a slightly lower GPE rate at 

SNR levels -5 dB and 0 dB. But at SNR levels 5 dB to 20 dB, 

our proposed method shows the best result compared with 

others methods. In the context of White Noise in NTT 

Database, our proposed method exhibits the lowest average 

GPE rate among all compared. In the case of Babble noise, 

Train noise and HF Channel noise BaNa showed lower error 

rates particularly for -5 dB and 0 dB. But our proposed method 

showed lower error rates at 5 dB to 20 dB compared to other 

approaches. Crucially, the average GPE produced by the 

proposed MWAF method is optimally lower than the baseline 

methods in nearly all scenarios. The only exception occurs at 

extremely low SNR levels against BaNa in some noisy 

environments. However, this is because BaNa relies on highly 

complex post-processing specifically tuned for low SNR 

environments, making it significantly more computationally 

expensive and time-consuming than the proposed approach. 

 

4.2. Technical Rationale for LP Residual 
Robustness 
The raw noisy speech signal faces a major issue, the vocal 

tract effect. This introduces dominant formants masking the 

true fundamental frequency. LP residuals flatten the 

unnecessary vocal tract effect and enhance the glottal 

excitation effectively. The resulting error signal exhibits a 

much clearer, impulse-like periodicity than the raw noisy 

speech signal, as shown in figure 10. Figure 10 also shows 

that, the weighted autocorrelation of this residual significantly 

minimizes formant-induced false peaks, leading to a higher 

resilience against non-stationary background noise. 
 

 
(a) 

 
(b) 

 
(c) 

 

 
(d) 

Figure 10. (a) Raw Noisy Speech Signal Having Much Uncorrelated 

Distortion; (b) LP Residual Signal Having Clearer Impulse Like 

Periodicity; (c) Response of conventional WAF Yielding False Peak; 

(d) Response of Our Proposed Method Yielding True Peak. 
 

4.3. Statistical Significance of Overall 

Performance 
The overall statistical evaluation confirmed that the proposed 

method yields a generalized, robust improvement in pitch 

extraction across diverse noisy environments. The result is 

shown in Table 5.  

 

░ Table 5. Statistical Significance of Overall Performance 

(Proposed MWAF vs. Baselines) 
 

Comparing 

Method 

Degrees 

of 

Freedom 

(df) 

      

Statistic 

(t) p-value 

Bonferroni 

Threshold 

(α) 

Statistically 

Significant? 

WAF 47 -9.18 p < 0.001 0.0167 Yes 

PEFAC 47 -15.03 p < 0.001 0.0167 Yes 

BaNa 47 -2.20 0.0162 0.0167 Yes 

 

Here, the evaluation shows that the proposed MWAF method 

demonstrated highly significant reductions in error compared 

to WAF and PEFAC. Furthermore, when compared against the 

closest performing baseline BaNa, the proposed method 

achieved a p-value of 0.0162 (t(47) = -2.20). This falls strictly 

below the Bonferroni-corrected significance threshold of 

0.0167. The improvement over BaNa is confirmed to be 
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statistically significant. These findings indicate that the 

modified weighted autocorrelation function offers a consistent, 

statistically robust advantage in extracting pitch across 

challenging noisy conditions. 
 

4.4. Computational Time 
Table 6 presents the computational time per second of speech 

for all methods in KEELE database. For generating the 

processing time, all methods have been used with 10th Gen 

Intel(R) Core (TM) i5-10500, where CPU clock speed is 3.10 

GHz and memory is 8 GB. In order to calculate the processing 

time for accurate measurement, five trials for each approach 

have been taken into account.  
 

░ Table 6. Average Processing Time in Seconds 
 

BaNa WAF PEFAC Proposed 

19.5716 2.5508 1.3038 3.6354 

 

PEFAC recorded the lowest execution time followed by WAF. 

The proposed MWAF achieved an 81.43% reduction in 

execution time compared to BaNa. As a result of using a big 

FFT size (2¹⁶ points), BaNa uses a high processing time. 

Additionally, he processing time needed for our proposed 

method is small enough to implement it in real time pitch 

extraction systems on low power devices. 
 

4.5. Limitations  
While the proposed MWAF method exhibits high robustness, 

its performance inherently depends on the accuracy of the LP 

analysis. The computational overhead while calculating the LP 

residual introduces extended runtime delay. In environments 

with extreme low-frequency non-stationary noise, the AR 

coefficients may occasionally model the noise rather than the 

vocal tract, leading to a degraded residual signal. Future work 

will investigate dynamic LPC order selection to mitigate this 

issue. Additionally, more optimization steps like down 

sampling the LP Residual can be taken to reduce the 

computation time. The current evaluation is constrained to 

single-speaker database recordings (KEELE and NTT) with 

standard sampling rates (10 𝑡𝑜 16 𝐾𝐻𝑧). Further validation is 

required for multi-talker overlapping speech and ultra-

wideband audio (48 𝐾𝐻𝑧). 

 

░ 5. CONCLUSIONS 
In this paper, we presented a highly robust pitch estimation 

algorithm utilizing a Modified Weighted Autocorrelation 

Function (MWAF) applied to the LPC residual signal. By 

shifting the core analysis from the raw speech signal to the 

LPC residual, the algorithm successfully neutralized the 

interfering effects of vocal tract formants. Furthermore, 

combining the ACF and CAMDF into a single, unified 

MWAF equation provided a distinct mathematical advantage, 

effectively emphasizing the true fundamental frequency while 

aggressively suppressing noise-induced artifacts. Based on the 

experimental data, we have verified that the proposed method 

surpasses existing baseline methods—such as BaNa, PEFAC, 

and WAF—across all tested SNR conditions under white, 

babble, train, and HF channel noise environments. 
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