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ABSTRACT 

The aim of this experiment is to educate speech-impaired learners 

on the pronunciation of Hindi syllables by providing word 

breakdowns, sounds, and examples of their usage. After the 

speaker becomes familiar with the syllables, a voice sample from 

the user is taken as input and analyzed to determine whether it 

matches the predefined data, ensuring that the speaker is 

following correctly. This feature matching is performed using 

Dynamic Time Warping (DTW) and Mel-Frequency Cepstral 

Coefficients (MFCC). The process is carried out using a 

combination of MFCC and DTW. In the two-step process of 

speech analysis, MFCC is used in the first phase to extract 

fourteen features, and the second phase employs three unique 

classifiers: k-Nearest Neighbour (KNN), Support Vector Machine 

(SVM), and Dynamic Time Warping (DTW) to determine the best 

combination for accurate and precise feature matching. 
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1. INTRODUCTION 
Pattern Recognition is currently the hottest thing in the market. 

Humans use voice as the most primary mode to communicate with 

each other and as a result a lot of data is readily available all 

around us which can be used for many different research 

purposes.[1]The speech recognition system requires different 

kinds of precise algorithms which includes algorithms that are 

used for the process of feature extraction and classification.[2] 

Speech recognition and analysis - a branch  of pattern recognition 

that has become increasingly important in recent times in various 

fields including security, telecommunications and human-

computer interaction. Efficient and accurate methods for speech 

matching and analysis are crucial for developing effective 

systems that match audio files to determine their similarity. This 

paper focuses on comparing MFCC and DTW, which are widely 

utilized in audio signal processing.[3] MFCC is being used to 

extract the fourteen features from the recording of the Speech 

Impaired learner which is further processed with the help of 

different classifiers such as Support Vector Machine(SVM), k-

Nearest Neighbour(KNN) and Dynamic Time Warping(DTW) in 

order to analyze the recording to interpret the correct usage of the 

Hindi Syllables.[4] General Work flow of Speech Recognition 

Systems is given in Fig 1. 

 

Fig 1: Flow of Speech Recognition 

1.1 Mel-Frequency Cepstral Coefficients 

(MFCC) 
MFCC is an extremely popular feature extraction technique in the 

process of speech signal processing. It involves transforming a 

short-term power spectrum of the sound signal into a specific set 

of coefficients that represent the unique spectral characteristics of 

the signal.[5] Then the process includes filtering the signal 

through a Mel-scale filter bank, taking on the logarithm of the list 

of filterbank energies, and applying the discrete cosine 

transformation to obtain the final coefficients. 

 

Fig 2: MFCC Feature Extraction Process 

 

Fig 3: Feature Extraction Phase 
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Fig 4: Feature Matching Phase 

 

Fig 5: MFCC Block Diagram 

1.2 Dynamic Time Warping (DTW) 
DTW is a dynamically programmed algorithm used in aligning 

two time-series with different lengths. In the context of speech 

processing, DTW can be applied to compare two speech signals 

by finding the optimal alignment between their frames. DTW 

considers local temporal distortions, making it robust to variations 

in speech rate and duration.[6] 

 

Fig 6: DTW Alignment of Two Series 

Linear Time Warping (LTW) and Dynamic Time Warping 

(DTW) are the two methods for aligning time series. DTW 

accommodates non-linear distortions, making it versatile but 

computationally intensive.[7] LTW, assuming linear distortions, 

is simpler and computationally efficient, and one is chosen based 

on data characteristics and analysis requirements. 

 

Fig 7: Warping between Two Time Series 

 

Fig 8: Dynamic Time Warping Approach 

 

Fig 9: Flowchart for Isolated Word Recognizer using DTW 

1.3 Support Vector Machines (SVM) 
SVM is adept at phonetic matching by learning distinctive 

features associated with phonemes or pronunciation patterns.[8] 

It excels in speaker-dependent pronunciation matching, 

considering unique pronunciation characteristics of individual 

speakers. SVM is useful for accent-based matching, identifying 

and matching pronunciation patterns associated with specific 

accents or regional variations. Its strength lies in pattern 

recognition, distinguishing subtle differences in pronunciation 

and providing matching scores or labels. 
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Fig 10: Flowchart of working of SVM 

1.4 K-Nearest Neighbors (kNN) 
KNN performs similarity-based matching, identifying similar 

pronunciation patterns by considering neighboring instances in 

the feature space. It is well-suited for dynamic pronunciation 

matching, adapting to variations in pronunciation over time. Local 

context matching is a feature of kNN, capturing subtle variations 

within specific contexts for more accurate matching. kNN 

exhibits noise robustness, making it suitable for pronunciation 

matching in scenarios with background noise or signal variations. 

Its non-parametric nature allows adaptation to variations in 

pronunciation without making strong assumptions about the 

underlying distribution.[9] 

 

Fig 11: Representation of KNN Classifier 

2. METHODOLOGY 

2.1 Data Collection 
As the first step in our comparative analysis we proceed to the 

acquisition of a diverse dataset of speech signals. The dataset 

should encompass a variety of speakers, speech rates, and 

environmental conditions to ensure that a complete and 

comprehensive evaluation of the MFCC and DTW methods can 

be obtained. 

2.2  Preprocessing 
Prior to feature extraction, the collected speech signals undergo 

preprocessing steps to enhance the quality of the data.[10] This 

may include noise reduction, normalization, and filtering to 

mitigate environmental variations. 

2.3  Feature Extraction using MFCC 
 The MFCC feature extraction process involves the following 

steps: 

• Frame Segmentation: The audio signal is divided in a 

span of short frames, typically around 20-30 

milliseconds, with a certain overlap. 

• Pre-emphasis: Applying a pre-emphasis filter to 

amplify high-frequency components. 

• Framing: Dividing the signal into frames. 

• Fast Fourier Transform (FFT): Computing the power 

spectrum of each frame. 

• Mel-filterbank: Filtering out the power spectrum by 

using a set of Mel-scale filter banks.[11] 

 

Fig 12: Mel Scale 

• Log Transformation: Taking out a logarithm of the 

generated filterbank energies. 

• Discrete Cosine Transform (DCT): Transforming the 

log filterbank energies into cepstral coefficients. 

• The result is a set of MFCC coefficients representing 

the spectral characteristics of each frame in the speech 

signal.[12] 

•  Alignment using Dynamic Time Warping (DTW): 

•  The alignment process using DTW involves: 

• Distance Matrix Calculation: Computing a distance 

matrix between the MFCC feature vectors of the 

reference and test speech signals. 

• Dynamic Programming: Finding the optimal alignment 

path through the distance matrix using dynamic 

programming. 

• Backtracking: Tracing back the optimal alignment path 

to obtain the aligned frames.[13] 

2.4  Performance Evaluation: 
 The effectiveness of MFCC and DTW will be assessed using the 

following performance metrics: 

• Accuracy: The overall correctness of the method in 

aligning and matching speech signals. 

Accuracy=𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

 

• Precision: It is the ratio of correctly aligned frames to 

the total number of frames identified by the method. 

Precision= 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

 

• Recall: It’s the ratio of correctly aligned frames to the 

total number of frames in reference signal. 
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Recall= 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

 

• F1 Score: It is the harmonic mean of precision and 

recall, thereby providing an account of balanced 

measure of performance. 

F1 Score= 2 x 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙 

2.5  Computational Efficiency Analysis: 
To evaluate the computational efficiency of both methods, we will 

consider factors such as processing time and memory 

requirements.[14] This analysis will provide insights into the 

practical feasibility of implementing these methods in real-time 

or resource-constrained environments. 

2.6  Experimental Setup: 
All experiments will be conducted using a consistent 

experimental setup, including hardware specifications, software 

versions, and parameter configurations for both MFCC and DTW. 

Cross-validation techniques may be employed to ensure 

robustness and minimize biases in the results.[15] 

2.7  Statistical Analysis: 
 Statistical tests, like the t-tests or ANOVA, may be deployed to 

determine the level of significance of the observed differences in 

performance metrics between MFCC and DTW. 

2.8  Sensitivity Analysis: 
 To understand the robustness of each method, sensitivity analysis 

will be conducted by introducing variations in speech rates, noise 

levels, and speaker characteristics. 

2.9  Ethical Considerations: 
 Ethical considerations regarding data privacy, consent, and 

potential biases in the dataset will be addressed in accordance 

with ethical guidelines for research involving human subjects. 

This comprehensive methodology will allow for a thorough 

comparison of MFCC and DTW in the context of speech signal 

processing, providing valuable insights into their strengths and 

limitations. 

3. ROLE OF ALGORITHMS 

3.1 Role of Mel Frequency Cepstral 

Coefficients(MFCC) 
3.1.1 Feature Extraction 
MFCC is typically used for extracting features from speech 
signals that are robust and efficient for speech processing. It 
captures the spectral characteristics of audio signals, mimicking 
human auditory perception by representing the frequency content 
of the audio. 

3.1.2 Steps Involved in MFCC 
• Pre-emphasis: Balances the spectrum and increases the 

signal-to-noise ratio. It can be seen in equation (1). 

 Y[n] = X [n] - aX [n - 1]  (1) 

• Frame Blocking: Divides the signal into frames of short 

duration. 

• Windowing: Multiplies each frame with a window 

function (e.g.Hamming window) to minimize spectral 

leakage. The Hamming window equation can be seen in 

equation (2). 

w(n) = 0.54 - 0.46. cos( 2𝜋𝑛

𝑁−1

), 0 <=  n <= N-1    (2) 

• Fast Fourier Transform (FFT): It is responsible for 

conversion of the signal from time domain to frequency 

domain. 

• Mel Filterbank: Groups the spectrum into frequency 

bands based on the Mel scale, which is stated as the 

perceptual scale of pitches. 

 mel_Scale_Value = 2595 𝑙𝑜𝑔10
 (1+ 𝑓

700

) 

Here mel is output of  mel filter bank, while J is the input signal 
of the result that is obtained from the FFT process. Values 2595 
and 700 are the common set of values used on the mel filter bank 
scale and are widely used. 

• Logarithmic Transformation: Takes the logarithm of 

the energy in every filter available. 

• Discrete Cosine Transform (DCT): Extracts a set of 

coefficients representing the short-term power 

spectrum.[16] 

3.1.3 Matching and Comparison: 
After extracting MFCC features from two WAV files, a 
comparison method is employed to assess their similarity. While 
one conventional approach involves calculating the distance 
between the MFCC vectors using techniques like Dynamic Time 
Warping (DTW) or cosine similarity, we extend our analysis by 
incorporating additional methods such as k-Nearest Neighbors 
(kNN), Dynamic Time Warping(DTW) and Support Vector 
Machines (SVM). 

These techniques provide diverse perspectives on the similarity 
between the speech samples. SVM and kNN offer classification-
based comparisons, utilizing their respective algorithms to 
determine the degree of similarity. Meanwhile, DTW continues to 
serve as a temporal alignment measure. The obtained similarity 
measures from these methods can then be transformed into 
matching percentages or scores, offering a comprehensive 
assessment of how closely related the two speech samples are 
across different analytical dimensions. 

3.1.4 Prediction: 
Based on the matching percentage or similarity score obtained 
from comparing the MFCC features, a decision can be made 
regarding whether the two WAV files match. 

A threshold value can be set to classify whether the files are a 
match or not. If the similarity score exceeds this threshold, the 
files can be considered a match.[17] 

3.2 Role of Dynamic Time Warping(DTW) 
 

Fig 13: DTW Searching Path 

• Sequence Alignment: DTW aligns sequences with 

varying lengths or time scales by warping the time axis. 

In speech recognition, different speakers might speak at 

different rates, causing variations in the duration of 

sounds. DTW helps align these sequences for 
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comparison.[18] 

• Temporal Normalization: It normalizes sequences by 

stretching or compressing them in time to find the best 

alignment between them. This is crucial when 

comparing speech utterances that may have different 

durations due to speaking speeds or variations in 

pronunciation.[19] 

• Similarity Measurement: DTW computes the distance 

or similarity between two sequences, considering 

possible nonlinear alignments. In speech recognition, it 

measures the similarity between spoken words or 

phrases, enabling comparison even when there are 

temporal distortions or variations in pronunciation.[20] 

• Classification or Pattern Recognition: DTW can be used 

as a part of a classification algorithm to recognize 

patterns within time-series data. In speech recognition 

systems, after aligning and measuring the similarity 

between speech utterances using DTW, it can help 

classify or identify spoken words or phrases based on 

the closest matches. 

• Feature Matching: In combination with feature 

extraction methods like MFCC, DTW can compare the 

extracted features of two speech signals. It allows for a 

more robust comparison, considering not just the 

extracted features but also their temporal alignment. 

• Handling Noisy or Inconsistent Data: DTW is resilient 

to noise and variations within sequences. This resilience 

makes it effective for matching sequences that might 

have distortions, background noise, or 

inconsistencies.[21] 

4. IMPLEMENTATION AND RESULTS 
This section presents the outcomes of experiments conducted to 

evaluate the performance of three distinct models—Support 

Vector Machine (SVM), k-Nearest Neighbors (KNN), and 

Dynamic Time Warping (DTW)—for the task of audio 

pronunciation matching using Mel-Frequency Cepstral 

Coefficients (MFCC). The primary objective of the study is to 

investigate and compare the efficacy of these models in accurately 

assessing and matching audio pronunciations, with a focus on 

precision, recall, and overall accuracy. 

Characteristic  Value 

Number of Pronunciation Samples 50 

Number of Speakers 8 

Recording Conditions Appropriate  

Average Pronunciation Length 3 seconds  

Language  Hindi 

 

 

 

 

4.1 Model Performance Matrix: 
4.1.1 Accuracy 

Model  Accuracy 

SVM 85 % 

KNN 70.4 % 

DTW 93.4% 

 

4.1.2 Precision, Recall, and F1 Score 

Model  Precision Recall F1 - Score 

SVM 0.94 0.92 0.91 

KNN 0.7 0.84 0.7636 

DTW 0.96 0.94 0.95 

 

 

Fig 14: MFCC Spectrogram of Anaar Voice Sample 

 

Fig 15: MFCC Spectrogram of Okhli Voice Sample 

 

Fig 16: MFCC Spectrogram of Ooth Voice Sample 

In this experiment, a comprehensive examination of three distinct 

models—k-Nearest Neighbors (KNN), Support Vector Machine 

(SVM), and Dynamic Time Warping (DTW)—was conducted, 
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focusing on their application to the task of audio pronunciation 

matching using Mel-Frequency Cepstral Coefficients (MFCC). 

The investigation involved evaluating the models based on key 

performance metrics, including accuracy, precision, recall, and 

the dynamic nature of DTW. 

1. KNN Performance 

KNN exhibited the lowest accuracy among the three models, 

suggesting challenges in its ability to effectively capture the 

complex patterns that are created within the pronunciation dataset. 

The simplicity of KNN might have limitations in handling the 

intricacies of audio pronunciation variations. 

2. SVM Performance: 

SVM demonstrated a relatively better performance compared to 

KNN, indicating its effectiveness in the high-dimensional space 

of MFCC features.SVM demonstrated high precision (0.94) and 

recall (0.92), resulting in an F1-score of 0.91. These metrics 

indicate SVM's ability to accurately classify positive samples 

while minimizing false positives. SVM's ability to find optimal 

decision boundaries allowed it to outperform KNN, showcasing 

its strength in handling classification tasks. 

3. DTW Performance: 

DTW emerged as the top-performing model, demonstrating 

superior accuracy and efficiency in capturing dynamic temporal 

relationships within pronunciation sequences. DTW's adaptability 

to variable-length sequences and robustness in aligning temporal 

distortions played a crucial role in its success. 

5. CONCLUSION 
This study demonstrated the effectiveness of using Mel-

Frequency Cepstral Coefficients (MFCC) and Dynamic Time 

Warping (DTW) for Hindi pronunciation analysis in speech-

impaired individuals. The experimental results indicated that 

DTW outperformed Support Vector Machine (SVM) and k-

Nearest Neighbors (KNN) in terms of accuracy, precision, and 

recall, making it a robust choice for pronunciation matching tasks. 

The findings of this research have significant implications for the 

field of speech recognition, particularly in improving 

pronunciation assessment for speech-impaired individuals. The 

methodology proposed in this study can be integrated into speech 

therapy tools, enhancing the accuracy and effectiveness of 

pronunciation training. 

Future research can explore the integration of advanced deep 

learning techniques to further enhance model accuracy and 

robustness. Additionally, extending the research to include other 

languages and dialects would help generalize the methodology. 

Investigating the impact of different environmental conditions, 

such as background noise and varied recording qualities, can 

provide further insights into the practical applicability of the 

models. 

Practical applications of this research include the development of 

educational software for language learning and the creation of 

assistive technologies to improve communication for speech-

impaired individuals. By continuing to refine and expand upon 

this methodology, it is possible to develop more sophisticated 

speech analysis tools that can significantly benefit speech-

impaired individuals and contribute to advancements in speech 

recognition technology. 

In conclusion, this research lays a solid foundation for future work 

in the area of pronunciation analysis and highlights the potential 

for innovative applications that can enhance the quality of life for 

speech-impaired individuals. 
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