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Abstract : Voice recognition is a task of identifying persons from their voices. Recently, deep learning has dramatically 

revolutionized speaker recognition.However,there is lack of comprehensive reviews on the exciting progress.In this paper,were 

view several major task of speaker recognition,with a focus on deep-learning-based methods. Because the major advantage of 

deep learning over conventional methods is its representation ability,which is able to produce highly abstract embedding features 

from utterances, we first pay close attention to deep-learning-based speaker feature extraction, which are the fundamental 

components of many speaker recognition 

subtasks.Then,wemakeanoverviewofspeakeridentification,withanemphasisofrecentsupervised,end-to-end. Finally, we classify 

robust speaker recognized from the perspectives of adaptation and speech [1][2]. 
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I. INTRODUCTION 

  It is known that a speaker’s voice contains personal traits of the speaker, given the unique pronunciation 

organsand speaking manner of the speaker,e.g.the unique vocal tract shape, larynx size,accent,and rhythm.Therefore,it is 

possible to identify a speaker from his/her voice automatically via a computer [3]. This technology is termed as automatic 

speaker recognition, which is the core topic of this paper. We do not discuss speaker recognition by humans. Speaker recognition 

is a fundamental task of speech processing, and finds its wide applications in real-world scenarios [4]. For example, it is used for 

the voice-based authentication of personal smart devices, such as cellular phones, vehicles, and laptops. It guarantees the 

transaction security of bank trading and remote payment. It has been widely applied to forensics for investigating a suspect to be 

guiltyor non-guilty,or surveillanceand automaticidentity tagging.It is important in audio-based information retrieval for broadcast 

news, meeting recordings and telephone calls. It can also serve as a front endofautomatic speech recognition(ASR) for 

improving that ranscription performance of multi-speaker conversations. The research on speaker recognition can be dated back 

to at least 1960s [5][6]. In the following forty years, many advanced technologies promoted the development of speaker 

recognition. For example, a number of acoustic features (e.g. the linear predictive cepstral coefficients,the perceptual linear 

prediction coefficient,and themel-frequency cepstral coefficients) and template models (e.g. vector quantization, and dynamic 

time warping)have been applied, see for the details. Later on, proposed the Gaussian mixture model based universal background 

model(GMM-UBM),which has been the foundation of speaker recognition for more than ten years since year 2000.Several 

representative models based on GMM-UBM have been developed, including the applications of support vector machines and 

joint factor analysis. Among the models, the GMM UBM/i-vector frontend with probabilistic linear discriminant 
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analysis(PLDA)backendprovidedthestate-ofthe-artperformanceforseveralyears,untilthenewera of deep learning based speaker 

recognition[7][8]. 

 

II.EXISTING METHODOLOGY: 

Traditional way of prediction basically uses observations to estimate the voice manually.Traditional practices is much 

complicated in case of voice amount is huge and even the work is entirely performed by humans. Machine Learning has different 

types of algorithms and each has its own structure of working procedure which contains different intuitions. In these 

intuitions,models are working on different procedures in different ways and also delivers high and less accuracies. This creates a 

lot of constraints regarding cases. The major challenge is to create a model for 

themsothatnoonehavelessaccuracy.InthisexistingsystemweusedNaïveBayestodetectthevoiceandidentifythespeaker [9][10]. 

DISADVANTAGES: 

 Lowefficiency. 

 Timeconsuming. 

 Highcomplexities. 

 Resourcesconsuming. 

 

III.PROPOSED METHOD: 

 

We propose a method that can be considered a useful system since it helps to reduce the limitations from traditional or existing 

methods.By providing support through the powerful algorithms other than naïve bayes, they can be able to generate best results 

for attributes without any overlap. This paper ability to make better identification.This paper is developed in a Python 

environment with flask frame work integrated. The model involved in this application is Neural Network [11][12].The flow of the 

work and architecture is illustrated in the  Fig.3.1& Fig.3.2 

  

Fig.3.1.Flow of the work 

 

DISADVANTAGES: 

 Highefficiency. 

 Time-Saving. 
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 Inexpensive. 

 Lowcomplexities 

  

 

Fig.3.2.Architecture 

 

 

IV.METHODOLOGY AND ALGORITHMS: 

 

NEURAL NETWORK: 

An artificial neural network (ANN) is the piece of a computing system designed to simulate the way the human brain 

analyzes and processes information. It is the foundation of artificial intelligence (AI) and solves problems that would prove 

impossible or difficult by human or statistical standards. ANNs have self-learning capabilities that enable them to produce better 

results as more data becomes available [13]. 

An ANN has hundreds or thousands of artificial neurons called processing units, which are interconnected by nodes. These 

processing units are made up of input and output units. The input units receive various forms and structures of information based 

on an internal weighting system, and the neural network attempts to learn about the information presented to produce one output 

report. Just like humans need rules and guidelines to come up with a result or output, ANNs also use a set of learning rules called 

back propagation, an abbreviation for backward propagation of error, to perfect their output results [14]. 

An ANN initially goes through a training phase where it learns to recognize patterns in data, whether visually, aurally, or 

textually. During this supervised phase, the network compares its actual output produced with what it was meant to produce—

the desired output. The difference between both outcomes is adjusted using backpropagation. This means that the network 

works backward, going from the output unit to the input units to adjust the weight of its connections between the units until the 

difference between the actual and desired outcome produces the lowest possible error [15]. 
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Fig.4.1.ANN 

 

Whenever we increase the layers in our ANN then it is nothing but our Deep Neural Networks. A deep neural network(DNN) 

is an artificial neural network(ANN) with multiple layers between the input and output layers. There are different types of neural 

networks but they always consist of the same components: neurons, synapses, weights, biases, and functions. 

  

V.RESULTS & DISCUSSION 

 

USER 

 

VIEW HOME PAGE: 

 

After successfully entering into the application,the homepage will visible to the user. 

 

VIEW ABOUT PAGE: 

The user can see the details about the work there 

 

RECOGNIZER: 

 

User need to upload the wav file which consists of voices to get the speaker name [16]. 

 

SYSTEM 

 

DATASET: 

 

The system will load the dataset to the work environment. 

 

SPLIT: 

Splits the dataset into the ratio. 

 

PRE-PROCESSING: 

 

Necessary pre-processing actions are performed in this module. 

 

MODEL TRAINING: 

 

The user can select model based on the variables to get response from the data and can predict the outputs from the model. 

 

GENERATE RESULT: 

 

The system can deliver the predicted results and can be displayed to the user. 
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Fig5.1: Home Page   

  

 

 

  

Fig5.2:About Here the application describes what the main objective of this work 
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Fig5.3:Recognizer:The page where user need to upload the voice of speakers to identify them. 

 

 

V.CONCLUSION: 

 

We have successfully developed a system which identifies the voice of speakers using neural networks.This is created in a 

user friendly environment with Python programming and Flask.  [17][18]. 

 

 VI.FUTURE SCOPE: 

 

The ability to identify numerous people could be added to this application  in the future.We intend to investigate prediction 

approach with the revised data sets and employ the most accurate and relevant algorithms for detection [19][20]. 
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