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ABSTRACT: Speech is one of the most natural and efficient forms of communication among humans, and it is 

becoming increasingly integral to human-computer interaction in modern applications such as virtual assistants, smart 

devices, and automated customer service systems. Among the various technologies that leverage speech, speaker 

recognition stands out as a biometric method that identifies or verifies individuals based on the unique characteristics of 

their voice. This approach has gained significant traction due to its non-intrusive nature, ease of integration, and 

applicability across various domains such as security, forensics, and personalised user experiences. 

In this paper, we introduce a novel speaker recognition system specifically designed to identify speakers based on 

utterances in the Marathi language, a linguistically rich and widely spoken regional language in India. The system 

utilises Mel-Frequency Cepstral Coefficients (MFCCS) to extract distinguishing vocal features that closely mimic the 

human auditory perception. MFCCS are particularly effective in capturing speech’s phonetic and acoustic properties, 

making them a preferred choice in speech and speaker recognition tasks. 

 

Vector quantisation (VQ) is applied to optimise the feature set and reduce computational complexity. VQ compresses 

the high-dimensional MFCC feature vectors into representative clusters without significantly compromising accuracy, 

thereby enhancing system efficiency. These features are then processed using hidden Markov Models (HMMS), which 

are adept at modelling temporal sequences and dynamic variations in speech. HMMS offer a statistical framework that 

effectively captures the sequential nature of speech patterns, leading to more reliable speaker modelling and 

recognition. 

 

KEYWORDS: MFCC, HMM, VQ, Speaker Recognition, Marathi Language. 

 

I. INTRODUCTION 

 

Advances in machine learning (ML) and artificial intelligence (AI) have significantly enhanced machines’ ability to 

interpret human communication. These advancements have led to the development of biometric systems, such as 

speaker recognition systems, which play an essential role in personal authentication technologies. Unlike speech 

recognition, which focuses on transcribing spoken content, speaker recognition involves identifying the individual 

behind the speech, using their unique vocal characteristics for authentication. 

 

The human auditory system has distinct features that can be leveraged for speaker recognition. One of the most widely 

used techniques for this is Mel-Frequency Cepstral Coefficients (MFCC), which is designed to capture key vocal 

attributes by simulating how the human ear processes sound. MFCCS break down the speech signal into features that 

represent the essential properties of the sound, effectively capturing the speaker’s voice. This process can be further 

enhanced by applying techniques such as Vector Quantisation (VQ) to reduce the dimensionality of the data, thereby 

improving both computational efficiency and accuracy. These features are then modelled using statistics, such as 

Hidden Markov Models (HMM), which allow for the dynamic modelling of the temporal nature of speech and speaker 

patterns. 
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Hidden Markov Models (HMMS) are instrumental in modelling the sequential nature of speech signals. The system can 

learn and recognise various patterns within an individual speaker’s speech, further enhancing the accuracy of the 

recognition process. Using HMMS, a speaker recognition system can understand the statistical properties of a speaker’s 

voice, even under noisy or challenging conditions, ensuring robustness and reliability in real-world applications. This 

robustness and reliability should instil confidence in the system’s performance, reassuring users of its effectiveness. 

 

While most research and development in speech recognition has focused on well-resourced languages like English, 

regional languages such as Marathi have lagged in terms of dedicated datasets and systems. Marathi, spoken by 

millions in Maharashtra and other parts of India, has been underrepresented in speaker recognition systems. As a result, 

our research is crucial in addressing this gap and meeting the growing need for dedicated Marathi language recognition 

systems. By enhancing accessibility, delivering improved user experiences, and expanding the computational resources 

available for the language, our work can have a significant impact on the field of speaker recognition. 

 

This paper addresses the Marathi language speaker recognition gap by developing an MFCCS system for feature 

extraction and an HMMS for modelling and recognition. Furthermore, we suggest several future improvements that 

could significantly enhance the system’s performance, providing a hopeful outlook for future advancements and 

inspiring further research in speaker recognition.  

 

II. LITERATURE REVIEW 

 

Sr. 

No. 
Authors Key Contribution 

1 K. K. Nawas et al. 

Multimodal speaker ID 

using recurrence plots 

from air, bone, and throat 

microphones. 

2 

X. Liu, M. 

Sahidullah, T. 

Kinnunen 

Comparative re-assessment 

of feature extractors for 

deep speaker embeddings. 

3 

S. Srivastava, I. 

Gupta, A. Prakash, 

J. Kuriakose, H. A. 

Murthy 

Hybrid HMM-HiFiGAN 

system for speech 

synthesis in Indian 

languages. 

4 

A. Kanervisto, V. 

Hautamäki, T. 

Kinnunen, J. 

Yamagishi 

Optimising tandem 

speaker verification and 

anti-spoofing systems. 

5 
S. Dey, M. 

Sahidullah, G. Saha 

Overview of Indian spoken 

language recognition from 

a machine learning 

perspective. 

6 
R. Hasan, S. M. M. 

Rahman 

Foundational speaker 

identification using Mel 

Frequency Cepstral 

Coefficients (MFCC). 
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7 

A. Garg, K. 

Agrawal, P. 

Akilandeshwari 

Vocal data assessment to 

envision distinctive 

features of an individual. 

8 

S. V. Sathe, A. G. 

Dhepe, S. S. 

Nimbhore 

Comparative study of 

sentiment analysis 

techniques for Hindi text 

(ML vs. DL). 

9 
N. Bassan, V. 

Kadyan 

Continuous automatic 

speech recognition using 

MFCC for the Punjabi 

language. 

10 
M. K. Singh, A. 

Singh, N. Singh 

Acoustic comparison of 

electronically disguised 

voice using different 

semitones. 

11 
I. Shahin, A. B. 

Nassif 

Emirati-accented speaker 

identification in stressful 

talking conditions. 

 

Table1. Literature review 

 

III. METHODOLOGY 

 

3.1 Feature Extraction: MFCC 

 Speech signals are recorded and digitised at 16 kHz. 

 A pre-emphasis filter is applied to boost high-frequency components. 

 Frames are divided using a Hamming window. 

 Fast Fourier Transform (FFT) is applied to each frame. 

 Mel filter banks are used to mimic human ear perception. 

 Discrete Cosine Transform (DCT) generates MFCCS. 

 

 3.2 Vector Quantisation 

 Reduces feature space dimensionality. 

 K-means clustering groups similar feature vectors. These clusters form a codebook, where each centroid represents 

a typical speech pattern, thereby enabling efficient comparison during speaker identification [6]. This reduction in 

data complexity is crucial for optimising the performance of subsequent classification algorithms by providing a 

more compact and manageable representation of the speaker's vocal characteristics [7].  

 Centroids represent feature space effectively. 

 

3.3 Speaker Modelling: Hidden Markov Models (HMM) 

 An HMM models each speaker. Training involves the Baum-Welch algorithm for parameter optimisation. 

Recognition employs Viterbi decoding to match input sequences to trained models. This statistical approach 

accounts for the temporal variability inherent in speech, allowing the system to robustly distinguish between 

different speakers even with variations in pronunciation or speaking rate. While HMMs are powerful, their 

effectiveness can sometimes be limited by the availability of extensive labelled datasets and computational costs 

associated with training complex models [8].  
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Figure 1: Architecture of speaker recognition for the Marathi language 

 

IV. DATABASE DESCRIPTION 

 

4.1 Vowels in Marathi 

a) Vowels in Marathi: 

  

Vowel देवनागरी IPA 

अ अ /ə/ 

आ आ /aː/ 

इ इ /i/ 

ई ई /iː/ 

उ उ /u/ 

ऊ ऊ /uː/ 

ऋ ऋ /ru/ 

ए ए /e/ 

ऐ ऐ /əi/ 

ओ ओ /o/ 

औ औ /əu/ 

अं अं /əm/ 

अः  अः  /əɦə/ 

 

Table2. Vowels in the Marathi Language 
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b) Consonants in Marathi: 

 

Place of 

Articula

tion 

Unvoice

d 

Unaspir

ated 

Unvoic

ed 

Aspira

ted 

Voiced 

Unaspira

ted 

Voiced 

Aspira

ted 

Nasa

l 

Velar 

(Guttural

) 

क  

(ka) 

ख  

(kha) 

ग  

(ga) 

घ  

(gha) 

ङ  

(ṅa) 

Palatal 
च  

(cha) 

छ 

(chha) 

ज  

(ja) 

झ  

(jha) 

ञ  

(ña) 

Retrofle

x 

(Cerebra

l) 

ट  

(ṭa) 

ठ  

(ṭha) 

ड  

(ḍa) 

ढ  

(ḍha) 

ण 

 (ṇa) 

Dental 
त  

(ta) 

थ  

(tha) 

द 

 (da) 

ध  

(dha) 

न  

(na) 

Labial 
प  

(pa) 

फ  

(pha) 

ब 

 (ba) 

भ  

(bha) 

म 

(ma) 

 

Table3. Consonants in the Marathi Language 

 

4.3 Marathi Speech Database 

A custom Marathi speech database was created with the following specifications: 

 

Sr. 

No. 
Parameter Values 

1 Speaker Type 
Students (Age 19–26 

years) 

2 Gender 25 Male, 25 Female 

3 
Basic 

Language 
Marathi 

4 Accent Marathi 

5 
Mother 

Tongue 
Marathi 

6 Frequency 16000 Hz 

7 Isolated Words 10 

8 Utterances 5 per word 

9 Region Marathwada 

10 Environment Classroom Setting 

 

Table4. Marathi Speech Data 
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4.4 Vocabulary 

 

Sr. 

No. 

English 

Word 

Marathi 

Pronunciation 

1 Aadarniy आदरणीय 

2 Aairani ऐराणी 

3 Amrut अमृत 

4 Antara अंतरा 

5 Aushadh औषध 

6 Eshanya ईशान्य 

7 Ityadi इत्यादी 

8 Olawa ओलावा 

9 Urja ऊजाा 

10 Utapanna उत्पन्न 

 

Table5. Vocabulary 

 

V. EXPERIMENTAL RESULTS AND DISCUSSION 

 

In an analogue-to-digital converter, the speech signal is quantised into 8-bit binary numbers and sampled at 10 KHz. 

The product of the preprocessing step 12 cepstrum coefficients is intended to be calculated every 50 milliseconds. The 

total duration is 0.5 seconds. To calculate the reference vectors and the weighted intra-speaker covariance matrix used 

for traditional classifiers, 10 utterances for each speaker were used as a design ensemble. A test collection of the 

remaining 20 patterns was developed. Each of the 30 noise-free utterances was used as a concept collection. The testing 

process evaluated the system's ability to accurately identify speakers under controlled conditions, highlighting its initial 

performance in a noise-free environment. Subsequent investigations could then explore the system's robustness in more 

challenging acoustic environments, incorporating various levels and types of noise to simulate real-world conditions 

more accurately [9] [10]. Further research could also involve evaluating the system with a broader range of emotional 

states and speaking styles, as these factors can significantly influence speech characteristics and speaker identification 

accuracy [11].  

 

Approach Noise-free Noisy 

CNN Model 95.5% 87.0% 

Cascaded Model 90.0% 74.4% 

 

Table6. Result of the comparative 
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The Kohonen self-organising map was used twice in the neural network classifier. In the first experiment, it was used 

as a stand-alone classifier, and in the second experiment, it was followed by a pattern association process.  

 

 
 

Fig. 2 Kohonen self-organising map 

 

The neural network classifier receives a vector of 1200 binary digits as input. Frame by frame, this vector of codes was 

added to the data of the Kohonen model. There are ten frames in all. As a result, the total number of input neurons is 

120. Flog 2 40] = 6 is the number of output network neurons. The weighted distance metric has been used to compare 

the outcomes of the traditional approach and the neural network approach, which is expressed by: 

1. The Convolution neural network model filters out the noise before applying the classification process. 

2. Kohonen’s self-organising map 

Table 3 provides an overview of the number of good recognitions. WTA neural networks have higher recognition rates 

than traditional classifiers, as seen in the table. The Kohonen network, on the other hand, does not have a fixed network 

size. It is, in fact, comparable to log 2 N; somewhere, N denotes the number of speakers. This flexibility in network 

size allows the Kohonen SOM to adapt to varying numbers of speakers, distinguishing it from conventional neural 

networks with predefined architectures [12].  

 

In this part, we review the system’s performance and experimental effects. Many of the experiments in this paper were 

conducted using the HTK toolkit, which includes HMMs for training and estimation, as well as testing data. We used 

eight Marathi vowels in this example, each with two words. For each letter, the speech signals are processed five times 

using PRAAT programming tools. The performance is determined using a five-fold cross-validation technique on the 

recorded data sets of fifty speech utterances. 

 

[13] This step applies all phonemes first, followed by log likelihood values. Each name for phoneme identification is 

registered five times. These experiments revealed two critical parameters: the first is N, which represents the number of 

hidden states, and the second is D, which denotes the number of frequencies derived from each frame. Table 2 presents 

the cross-validation results for various hidden states (N) and frequency gaps in regional language speech technology 

vocabulary. Table 2 indicates the percentage misclassification ratios, with the lowest misclassification rate at N=6 and 

D=5, and the highest identification rate at N=6 and D=5.[13] 

 

D 

N 2 3 4 5 6 7 8 9 10 

1 

33.

75 

% 

27.

50 

% 

25.

00 

% 

22.

50 

% 

21.

25 

% 

26.

25 

% 

17.

50 

% 

11.

25 

% 

22.

50 

% 

2 

28.

75 

% 

21.

25 

% 

15.

00 

% 

18.

75 

% 

11.

25 

% 

12.

50 

% 

18.

75 

% 

13.

75 

% 

10.

00 

% 

3 

47.

50 

% 

17.

50 

% 

8.7

5 

% 

8.7

5 

% 

8.7

5 

% 

15.

00 

% 

12.

50 

% 

12.

50 

% 

10.

00 

% 
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4 

25.

00 

% 

15.

00 

% 

20.

00 

% 

13.

75 

% 

8.7

5 

% 

11.

25 

% 

8.7

5 

% 

13.

75 

% 

27.

50 

% 

5 

40.

00 

% 

10.

00 

% 

7.5

0 

% 

5.0

0 

% 

7.5

0 

% 

13.

75 

% 

12.

50 

% 

8.7

5 

% 

18.

75 

% 

6 

27.

50 

% 

13.

75 

% 

10.

00 

% 

10.

00 

% 

8.7

5 

% 

12.

50 

% 

10.

00 

% 

10.

00 

% 

11.

25 

% 

 

Table 7: For Marathi vocabulary, the misclassification rate in percentage varies depending on hidden states N 

and frequency derived from frame D. 

 

With 100 speech utterances, the five-fold cross-validation method takes about 5 minutes. For the Marathi name, we 

utilised six hidden states, N, and extracted five frequencies from each picture, D. These findings outperform the sample 

approach used in the feature extraction process. Figure 4 shows six countries, each with one Gaussian. The two most 

powerful frequencies are shown. Each plus sign (+) reflects a frame from a training speech signal, the stars (*) the 

Gaussian means, and the ellipses the 75% confidence interval. Figure 4 depicts Gaussian fitting for Marathi data terms 

after fifteen iterations of the Baum-Welch algorithm. Figures 5(a) and 5(b) show similar graphs, showing that the 

prediction is inaccurate and the misclassification rate is high. In this situation, the word ‘Antar’ is predicted to be 

‘Antara’. The likelihood of misclassification increases if the expected number of words is wrong. 

 

 

 
Fig.3a) & b). Training for Antara and Antar 
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VI. CONCLUSION 

 

This work successfully demonstrates an advanced speaker recognition system based on MFCC feature extraction, 

Vector quantisation for feature optimisation, and HMM for speaker modelling. The system is tailored specifically for 

the Marathi language, filling an essential gap in regional language speech technology. 

Future improvements may involve expanding the vocabulary size, incorporating spontaneous speech, and exploring 

deep learning models, such as Convolutional Neural Networks (CNNs) or Recurrent Neural Networks (RNNs), to 

enhance performance further. 

 

REFERENCES 

 

1. K. K. Nawas et al., “Recurrence plot embeddings as short segment nonlinear features for multimodal speaker 

identification using air, bone and throat microphones,” Scientific Reports, vol. 14, no. 1, May 2024, doi: 

10.1038/s41598-024-62406-3. 

2. X. Liu, M. Sahidullah, and T. Kinnunen, “A Comparative Re-Assessment of Feature Extractors for Deep Speaker 

Embeddings,” in Interspeech 2022, Oct. 2020, p. 3221. doi: 10.21437/interspeech. 2020-1765. 

3. S. Srivastava, I. Gupta, A. Prakash, J. Kuriakose, and H. A. Murthy, “Fast and small footprint Hybrid HMM-

HiFiGAN-based system for speech synthesis in Indian languages,” arXiv (Cornell University), Jan. 2023, doi: 

10.48550/arxiv. 2302.06227. 

4. Kanervisto, V. Hautamäki, T. Kinnunen, and J. Yamagishi, “Optimising Tandem Speaker Verification and Anti-

Spoofing Systems,” IEEE/ACM Transactions on Audio Speech and Language Processing, vol. 30, p. 477, Dec. 

2021, doi: 10.1109/taslp. 2021.3138681. 

5. S. Dey, M. Sahidullah, and G. Saha, “An Overview of Indian Spoken Language Recognition from a Machine 

Learning Perspective,” ACM Transactions on Asian and Low-Resource Language Information Processing, vol. 21, 

no. 6, p. 1, Mar. 2022, doi: 10.1145/3523179. 

6. R. Hasan and S. M. M. Rahman, “SPEAKER IDENTIFICATION USING MEL FREQUENCY CEPSTRAL 

COEFFICIENTS,” Jan. 2004, Accessed: Aug. 2025. [Online]. 

Available: https://www.buet.ac.bd/icece/pub2004/P141.pdf 

7. Garg, K. Agrawal, and Mrs P. Akilandeshwari, “Vocal Data Assessment to Envision Distinctive Features of an 

Individual,” International Journal of Innovative Technology and Exploring Engineering, vol. 9, no. 6, p. 1335, 

Apr. 2020, doi: 10.35940/ijitee.f3771.049620. 

8. S. V. Sathe, A. G. Dhepe, and S. S. Nimbhore, “A Comparative Study of Sentiment Analysis Techniques for Hindi 

Text: Machine Learning vs Deep Learning.” 20AD. 

9. N. Bassan and V. Kadyan, “An Experimental Study of Continuous Automatic Speech Recognition System Using 

MFCC with Reference to Punjabi Language,” in Advances in Intelligent Systems and Computing, Springer Nature, 

2018, p. 267. doi: 10.1007/978-981-10-8639-7_28. 

10. M. K. Singh, A. Singh, and N. Singh, “Acoustic comparison of electronics disguised voice using Different 

semitones,” International Journal of Engineering & Technology, vol. 7, p. 98, Apr. 2018, doi: 

10.14419/ijet.v7i2.16.11502. 

11. Shahin and A. B. Nassif, “Emirati-Accented Speaker Identification in Stressful Talking Conditions,” in 2017 

International Conference on Electrical and Computing Technologies and Applications (ICECTA), Nov. 2019, p. 1. 

doi: 10.1109/icecta48151.2019.8959731. 

12. W. Huang, P. J. Martin, and H. Zhuang, “Machine-learning phase prediction of high-entropy alloys,” Acta 

Materialia, vol. 169, p. 225, Mar. 2019, doi: 10.1016/j.actamat.2019.03.012. 

13. “International Journal of Recent Technology and Engineering (IJRTE),” International Journal of Recent 

Technology and Engineering (IJRTE), Aug. 2019, doi: 10.35940/ijrte. 2277-3878. 

 

https://www.buet.ac.bd/icece/pub2004/P141.pdf


 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

   8.379 

 

 

 

 

 

 

     


