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ABSTRACT 

Speech is a natural way of transforming information between the speaker and the listener. Speaker 

identification is the process of identifying who is speaking based on his /her unique voiceprint 

features. Studies on speaker identification systems were done for different languages using the 

traditional Mel Frequency Cepstrum Coefficient, Gaussian Mixture Models, i-vector methods, and 

fusion techniques. However, such models are limited by their dependency on hand-crafted feature 

engineering,  processing time, susceptibility to noise, and performance deficiency for short 

utterances. Related to this, due to all-natural languages having their particular characteristics, it is 

impossible to use an identical speaker identification model for different languages.  In this thesis, 

an end-to-end Convolutional Neural Network and a combined convolutional neural network with 

a support vector machine approach had been used for a text-independent Awngi language speaker 

identification. For our identification model, speech signals were collected from thirty individual 

speakers including both genders. For our dataset, a total of 3750 speakers speech samples were 

collected, and each speech has 4 seconds duration. To build our model, we have used 3000 speech 

samples for training, 750 speech samples for testing, and twenty percent of the training set samples 

for the validation set. After being collected and pre-processed, each speech is transformed into a 

spectrogram image by using digital signal processing techniques. Then, the resized spectrogram 

images are used as input to the proposed model to learn and extract speaker-specific spectral 

features. Our model achieved 94.4 % and 98.8 % accuracy for an end-to-end Convolutional Neural 

Network and a convolutional neural network with a support vector machine approach respectively. 

To see the effect of gender on the speaker identification for the Awngi language, our model was 

tested with distinct 15 male and 15 female speakers. Then, we have found an accuracy of 96.53 % 

and 98.4 % for males and females respectively. Finally, to evaluate the performance of our 

proposed model, we compared our model with a pre-trained AlexNet model using our datasets. 

Then, we have found 80 % accuracy for a pre-trained end-to-end AlexNet model. So, using 

Convolutional Neural Network as a feature extraction and support vector machine as a 

classification approach enhances both the accuracy and training time of an end-to-end 

Convolutional Neural Network and a pre-trained AlexNet model. 

Keywords: Awngi language Speaker identification, CNN, Short-time Fourier transform, 

Spectrogram image, SVM. 
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a list of given utterances using a predefined tolerance level between the unidentified speaker and 

the best matching speaker (Tirumala et al., 2017). 

To develop a speaker recognition system, the two obligatory feature extraction and feature 

classification modules are compulsory. Up to date, speaker identifications are designed using the 

state-of-the-art Mel Frequency Cepstrum Coefficient feature vectors, Gaussian Mixture Models, 

i-vector methods, and fusion methods. However, such methods are limited by their dependency on 

handcrafted feature engineering, processing time, susceptibility to noise, and performance 

degradation for short speech clips. In recent years, to fill these gaps a deep neural network 

algorithm with handling a sufficient amount of speech data set is proposed (Poddar et al., 2018). 

In this thesis, we have used a deep learning Convolutional Neural Network approach. By the 

method, the recorded voices of each speaker have been transformed into a time-frequency 

(spectrogram) representation by using digital processing techniques. Then, the generated 

spectrogram images of the speech signal are feed into CNN to learn speaker-specific spectral 

features. 

Depending on the literature, speaker recognition systems have been developed for different foreign 

and local languages. For instance, there are systems developed for Urdu (Riyaz et al., 2019), 

Myanmar (Phyu & Pa, 2019), English (Lukic et al., 2016), Thai (Bunrit et al., 2019), Polish 

(Marciniak et al., 2012), Hindi  (Maurya et al., 2018), Malaysian (Abdullah et al., 2019), Bangla 

(Das, 2014), Arabic (Al-Dahri et al., 2008), Amharic (Abrham & Dagnachew, 2017; Aykefam, 

2015).  However, natural language has its particular characteristics including its structure, 

phonetics, and pronunciation. Therefore, owing to its different phonetics and phonology of one 

particular language, it is impossible to use the same speaker identification model for one another 

language. In line with this, to the researcher's knowledge, nothing has been done in terms of 

making the Awngi language reachable in the field of speaker identification. So, this study 

motivated us on developing a text-independent Awngi language speaker identification model using 

a deep learning approach.  

 























14 
 

2.4. Speaker Recognition Systems 

Speaker recognition is the process of automatically identifying who is speaking depending on the 

speaker-specific characteristics involved in voice signals. Based on their type, the level of user 

control or constraints, and the existence of speech records in the database, speaker recognition 

systems (SRS) can be branched into speaker identification vs speaker verification, text-

independent vs text-dependent, and closed-set vs open-set systems respectively (Liu et al., 2018; 

Tirumala et al., 2017). All of these categories are concisely described as follows.  

2.4.1. Speaker Identification vs Speaker Verification 

Speaker identification is the task of distinguishing which recorded speaker delivers a particular 

utterance from a set of known speakers. It could be applied to areas such as voice-based criminal 

investigations to convict a criminal or discharge an innocent in court, authentication, and 

surveillance. In a speaker identification system, the user will not provide his identity to the system. 

Instead, the user will input his speech and the system will decide which of the training speakers 

made the test speech utterance input. In this case, the system performs 1: N comparisons, this 

means the input voice is compared with the previously recorded N number of speakers in the 

database. Each comparison will produce a likelihood score so the system will choose the identity 

close to the maximum likely speaker model  (Liu et al., 2018). The Speaker identification problem 

is more complex than speaker verification. Owing to this, the performances achieved in speaker 

identification systems may be poorer than in speaker verification  (Rodríguez, 2008).  Figure 2.1 

illustrates the major structures of speaker identification systems. 

                                      

Figure 2. 1 Speaker Identification systems (Panda & Sahoo, 2011) 
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2.6. Traditional Speech Feature Extraction Techniques   

The most significant components of a speaker recognition system are speech feature extraction 

and classification models. Feature extraction is the first step in speaker recognition and it aims to 

decrease the dimensionality of our data and to extract speaker-specific spectral features from the 

speech signal by discarding all other junks which carry information like background noise.  The 

classification step aims to estimate the general extension of the classes within feature space from 

a training set. However, selecting accurate feature extraction and classification methods for the 

voice signal requires caution. Because the performance of the speaker identification system 

depends on the performance of the feature extraction algorithm with its reasonable amount of 

computation time. To extract spectral features from the voice-signal the most prominent classical 

state-of-the-art features extraction algorithms are used. These are Linear Predictive Coding (LPC), 

Linear Predictive Cepstral Coefficient (LPCC), and Mel Frequency Cepstral Coefficients (MFCC)  

(Ramgire & M.Jagdale, 2016). 

2.6.1. Linear Predictive Coding (LPC)       

Linear predictive coding (LPC) is the most frequently useful signal processing feature extraction 

technique for speech coding and speech synthesis. LPC presents a dense and exact picture of the 

spectral magnitude for signals and produces coefficients that are correlated to the vocal tract 

patterns. In LPC, the present voice instance can be estimated as a linear mixture of the preceding 

speech samples and past samples (Schroeder, 1984). LPC is a reliable, accurate estimate of speech 

parameters, and a robust technique for providing parameters that describe the time-varying linear 

system which represents the vocal tract.  Up till now, it is a powerful method to extract speech 

information. However, owing to its computation nature LPC could not extract noisy signals at high 

amplitude and it fails to account for the non-linear signal effects. Additionally, LPC is very 

susceptible to noise from the background which may cause residual errors as output. Moreover, 

LPC takes a long time for extracting features (Pippal et al., 2018). 
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2.6.2. Linear Predictive Cepstral Coefficients (LPCC)  

LPCC is extensively efficient to extract the features from the speech signals. It combines the 

benefits of LPC and enhances the correctness rate of the features obtained for speaker 

identification. LPC parameters can successfully define energy and frequency spectrum for speech 

frames. LPCC provides a smoother spectral envelope and stable representation as compared with 

LPC. However, as a limitation, it has a linearly spaced frequency band and poor performance under 

a noisy environment (Ramgire & M.Jagdale, 2016). 

2.6.3.  Mel-Frequency Cepstral Coefficients (MFCC)       

MFCC is the most popular feature extraction technique used in the area of speech recognition. The 

variance among the MFC and cepstral analysis is that the MFC maps frequency components using 

a Mel scale model based on the human ear perception of sound instead of a linear scale. The Mel-

frequency cepstrum represents the short-term power spectrum of a voice using a linear cosine 

transform of the log power spectrum of a Mel scale. To extract phonetically significant features of 

speech, speech signals had been articulated in the Mel frequency scale.  

it is more consistent with human hearing, provides improved recognition performance and it has 

low complexity than LPC and LPCC feature extraction techniques. However, in noisy 

environments, MFCC is not robust enough and it provides less accuracy  (Lounnas et al., 2019). 

MFCCs features are extracted by using the following steps in the diagram: 

2.7. Traditional Speech Feature Classification Techniques  

The goal of the classification model is to categorize items of patterns into one among several 

categories or classes based on the learned model in the training phase. The patterns are sequences 

of spectral feature vectors that are extracted from the speech signal using digital signal processing 

and feature extraction techniques. Here, the number of classes is denoted by the number of 

speakers. The state-of-the-art conventional speech feature classification techniques which are used 

for text-independent speaker identification system are speaker-specific vector quantization 

codebooks (VQ), the more advanced Gaussian mixture models (GMM), Artificial Neural 

Networks (ANNs), and Support Vector Machine (SVM) (Ramgire & M.Jagdale, 2016).   
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2.7.1. Vector quantization (VQ) 

Vector Quantization is a conventional feature matching technique for speech processing. It is a 

method of mapping vectors from a big vector space to a limited number of regions in that space. 

Each region is named as a cluster and can be denoted by its center named as a codeword.  Also, a 

set of all these codewords have been named a codebook. By using vector quantization, the mined 

speech features of a speaker are quantized to several centroids. These centroids compose the 

codebook of that speaker. VQ requires less storage and is computationally less complex. Memory 

requirement is achievable for real-world applications. However, it has performance degradation 

when the amount of training speakers is increased (Pippal et al., 2018). 

2.7.2. Gaussian mixture models (GMM) 

GMM is a probabilistic model that adopts all the data points produced from a fusion of a finite 

number of Gaussian deliveries with unidentified parameters. The unidentified patterns and mixture 

weights are estimated from training samples using an expectation-maximization (EM) algorithm. 

It is an unsupervised learning algorithm and it is popular for its scalability and effectiveness in 

speech modeling. Among classification models, GMM is simple, faster to compute, easy to 

evaluate and learn, easy to add a new class to the database without retraining the entire system. 

However, GMM requires enough training data set to provide good performance  (Pippal et al., 

2018). 

2.7.3. Artificial Neural Network (ANN) 

ANN is a computing system that is designed to simulate the human biological brain system. ANN 

has different components that have a role in the network. Such as neurons, weight, learning 

algorithm, and activation function. Neurons are the key processing units of a network. Depending 

on the link between neurons on the successive layers in the network ANN can be a back-

propagation or feed-forward neural network (Chauhan et al., 2019).  

Back-propagation neural network calculates the error and adjusts the weights in the network in a 

backward fashion. A back-propagation neural network such as a recurrent neural network and 

long-short term memory has a connection with the preceding layer. In the feed-forward neural 

network, there is no connection to the preceding layer neurons, the connection is only to the 
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                             Figure 2. 6 General frameworks of CNN (Goodfellow et al., 2017) 

Image input layer: this layer is the primary layer of any CNN layer and it is usually a 

multidimensional array of data. Input data can be a 2-D or 3-D image pixels or their transformation, 

patterns, time series, or speech signals. This layer requires the image input size parameters such as 

width, height, and the number of color channels. For a grayscale image, the number of channels is 

represented by 1, and for colored images represented by 3 (Ferreira & Giraldi, 2017). 

Convolutional Layers:  this layer is the core component of CNN. CNN works on a layer-to-layer 

operation named convolution. Convolution is a mathematical operation, just like addition, 

multiplication and integration. In multiplication, we take two numbers and produce a third number, 

and in the same way multiplication in convolution operation convolution takes two signals and 

produces a third signal. The intention of using convolution is to convert the input images into 

feature maps using convolution operation. The working principle of this layer is different from 

other neural network layers.  This means that it does not employ connection weights and weighted 

sum. Instead, it contains convolutional filters or learnable kernels to convert images to feature 

maps and to extract local features from the input image (Krig, 2016). There is no predetermined 

rule about the number of convolutional layers that are used to incorporate a CNN model. This is 

determined based on our amount of data sets. However, from the literature, two to four layers have 

been implemented in different architectures like LeNet (Lecun et al., 1998), AlexNet (Krizhevsky 

et al., 2012), and VGG Net (Simonyan & Zisserman, 2015).   

The first convolution layer extracts low-level sensitive features for instance edges, corners, 

textures, and shapes. The highest-level features are extracted in the last convolution layer (Ren et 
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2.10. Related Works 

In speaker recognition, several studies and researches have been conducted by different researchers 

on different languages. In this topic, related works that are done in speaker recognition for different 

foreign and local languages are reviewed as follows. 

The work by  Riyaz et al. (2019)  presented speaker recognition for the Urdu language utterances. 

In this work, the researchers used MFCC with 39 cepstral features (13 coefficients,13 delta 

features, and 13 delta-delta features) as a feature extraction technique and HMM as a speaker 

modeling method. For this work, dataset of 20 (8 male and 12 female) speakers were considered.  

The dataset was collected from a controlled environment using Sony Linear PCM Recorder. An 

accuracy of 96.4 % was attained for (MFCC+VQ+ HMM) compared with extra hybrid models 

(MFCC +GMM, MFCC + DTW, MFCC +ED). However, these classical pattern recognition 

models use handcrafted features and a comparatively simple trainable classifier. This is very 

tiresome and expensive to develop handcrafted features. In addition to this, in HMM, the 

probability of being in a particular state is reliant only on its preceding state, and emission 

probabilities are randomly selected. 

 The work by Phyu & Pa (2019) presented a text-independent speaker identification for Myanmar 

language speech. In this work, the researchers used MFCC (Mel Frequency Cepstral Coefficient), 

PLP (Perceptual Linear Prediction), and Filter Bank features as a feature extraction technique and 

they used i-vectors with PLDA (Probabilistic Linear Discriminant Analysis) scoring method as 

speaker modeling method. Filter bank applies the model-frequency scaling, which is the perceptual 

scale that helps to simulate the way human works. It corresponds to better resolution at low 

frequencies and less at high. I-vector is a robust feature vector that represents a speech using a 

single high-dimension vector. Because it considers the background information. For this work, a 

dataset of 37 (25 female and 12 male) speakers were considered. In this work, the researchers 

carried out three experiments. In the first experiment, the experiment was conducted using 18 

minutes and 17 seconds of 111 known speech data utterances. In the second experiment, the 

experiment was conducted using 19 minutes and 17 seconds of 111 unknown speech utterances. 

In the last experiment, the experiment was conducted using 54 minutes and 36 seconds of 321 

training utterances. Then, an improved Equal Error Rate performance accuracy of 2.804, 29.6, and 
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The work by Abrham & Dagnachew (2017)  presented a text-independent speaker identification 

for the Amharic language in a noisy environment. In this work, the researchers used the hybrid 

MFCC and GFCC feature vectors as a feature extraction method and VQ, BPNN, and GMM 

models as a speaker modeling method. The aim of this work was to analyze the performance of 

different algorithms for speaker identification. To reduce the training time of the system, Initially, 

Principal component Analysis was used to reduce feature vectors from 39 feature vector 

dimensions of MFCC and GFCC to 24 feature vectors. subsequently, a genetic algorithm was 

applied to reduce the feature vectors from 24 feature vector dimensions to 14 feature vectors. For 

this work, a dataset of 90 speakers were considered. Three utterance samples were gathered from 

each speaker with a time of 10 seconds long. Completely, 270 speech records were recorded at 

each sampling rate of 16 kHz and 16-bit using a speech recorder. Then, an accuracy of 59.2 %, 

70.9 %, and 84.7 % was attained for VQ, GMM, and BPNN respectively. Using the hybrid feature 

extraction techniques and a sufficient amount of dataset for speaker recognition enhances the 

accuracy of the system as compared with the previously reviewed literature. However, these 

classical pattern recognition models use handcrafted features and a comparatively simple trainable 

classifier. In addition to this, BPNN may not converge quickly during the training and it is too 

slow for real applications. 
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Table 2. 3 Summary of Related works on speaker identification for different languages 

Authors and 
year 

Languag
e  

 Features 
techniqu
e  

Recognitio
n technique  

Dataset  Best result in % Limitations  

(Aykefam, 
2015) 

Amharic  MFCC VQ, 
GMM 

50 
speakers 
  

74.2 and 84.3 for 
VQ, GMM 
respectively for a 
total of 50 
speakers 
86.2 for 25 males, 
85.9 for 25 
females 

MFCC is prone to 
background noise. 
and it considers 
only the power 
spectrum of a 
signal.  

(Abrham & 
Dagnachew, 
2017) 

Amharic  MFCC, 
GFCC 

VQ, BPN,  
&GMM 

90 
speakers 
10 second 
duration   
270 
samples 

59.2 for VQ, 
70.9 for GMM, 
84.7 for BPNN 

BPNN may not 
converge quickly 
during the training 
and it is too slow 
for real 
applications. 

(Marciniak et 
al., 2012) 

Polish MFCC GMM, 
VQ 

25 
speakers  

90 for GMM, 
84 for VQ 

GMM and VQ are 
Template 
matching 
algorithms.  

(Maurya et al., 
2018) 

Hindi MFCC VQ, 
GMM  

15 
speakers 
10M,5F 

77.64 for VQ, 
86.27 for GMM 

GMM fails to 
work if the 
dimensionality of 
the problem is too 
high. 

(Riyaz et al., 
2019) 

Urdu MFCC HMM 20 
speakers,  
8M&12F 

96.4  In HMM, the 
probability of 
being in a 
particular state is 
reliant only on its 
preceding state. 

(Phyu & Pa, 
2019) 

Myanma
r 

MFCC, 
PLP, 
Filter 
bank 

i-vector 37 
speakers, 
25F 
&12M 

2.804 EER,29.6 
EER, 31.5 EER 
for training, 
Validation case1, 
Validation case2 
for PLP 

Hand-crafted 
feature extraction 
technique. 

(Bunrit et al., 
2019) 

Thai CNN  CNN 5 speakers 
from 
YouTube  

95.83 for CNN  
 

 The used dataset 
is too small and it 
is taken from the 
controlled 
environment. 
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2.11. Summary  

In this chapter, we have reviewed literature related to the Awngi language and its characteristics, 

speech production in humans, speaker recognition systems with their categories, the traditional 

and deep learning speech feature extraction and classification approaches, performance evaluation 

techniques, and related works on speaker identification and their limitations. Brief description of 

Awngi language characteristics, the way of speech production in humans, speaker recognition 

systems and their categories, traditional and deep learning feature extraction and feature 

classification models, performance evaluation techniques, and related works on speaker 

identification and their limitations are discussed in detail. Furthermore, we are discussing the 

detailed definition and analysis of a deep learning model CNN and its building block layers (image 

input layers, convolutional layers, activation layers, pooling layers, fully connected layers, 

optimization methods, and regularization techniques). Besides, the characteristics and how each 

layer operates were explained thoroughly. Finally, we have also reviewed and presented the 

detailed analysis of related works performed on other languages in text-independent speaker 

identification using machine learning and deep learning techniques. As summarized in Table 2.3, 

we identified that the traditional feature extraction and classification models have limitations due 

to their dependency on hand-crafted feature engineering, experts, one application,  processing 

time, susceptibility to noise, and performance deficiency for short utterances. Since deep learning 

via CNN through spectrogram images of a signal exhibits a better accuracy and efficient 

identification mechanism. Related to this, from related works we identified that speaker 

identification is language-dependent. because the all-natural language has its particular 

characteristics including its structure, phonetics, and pronunciation. So, it is impossible to use the 

same speaker identification model for different languages.  
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Figure 3. 1 High-level Design of the Proposed Research Methodology  
  Now, we are going to describe each phase starting from the very first phase in detail. 
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3.3. Speech data Acquisition and preparation 

The greatest challenge in the area of speaker recognition is the lack of prepared data sets. For our 

data collection, we have used primary sources of data gathering methods. This means by directly 

recording the Awngi speech utterances from Awngi language native speakers using a microphone 

speech recorder. Our dataset is collected from the Awi zone area. To have a balanced data set 

containing both gender groups we have tried to comprise both male and female speakers. Having 

such kinds of data sets helpful to us to determine the potential use of speaker identification on 

varieties of speech samples. Our recorded data sets were two-channel (Stereo) and in mp3 format. 

But, to simplify this task all speech signals were converted into one channel (mono) wave file 

format.   

To achieve this, we have used the FFMPEG speech processing tool in CMD. However, converting 

a large number of speech signals from mp3 to Wav file format and Stereo to Mono Wav file format 

one by one is not feasible and time-consuming. So, we have used a music/ speech amplification 

Audacity software with its Macros Chain batch process function to convert multiple Stereo (two-

channel) speech signals to Mono (one channel) signal and to convert multiple mp3 files to Wav 

format simultaneously. In this thesis, a total of 30 speakers including 15 male and 15 female 

speakers are considered. From each speaker, 4-second durations of 125 speech samples were 

collected. Furthermore, each utterance is recorded at 16-bit signal sample value A/D with a 

sampling frequency of 44.1 kHz. This tells us there are 44100 samples per second and each sample 

has a resolution of 16 bits. After the data set is collected, various sequential signal preprocessing 

steps are performed to achieve the goal of the study through MATLAB, 2019a. 

A total of 3750 speech samples were collected. To build our CNN model we partitioned our dataset 

samples into three parts training dataset, validation dataset, and test dataset. To split our dataset, 

we have used the 80/20 data split rule. So, 80 percent of the total dataset (3000 samples) is used 

for training data and 20 percent of the total dataset (750 samples) is used for testing data. Out of 

80 percent training dataset, 20 percent are used for validation during training. The main differences 

between the three Training Validation and test sets are as explained follows: 

Training data Set:  is a dataset that is used to train the model to learn or adjust the parameters 

(weights) of the model of the classifier. In this case, the class is known for all the samples. 



https://en.wikipedia.org/wiki/Signal_processing
https://en.wikipedia.org/wiki/Signal_processing
https://en.wikipedia.org/wiki/Continuous-time_signal
https://en.wikipedia.org/wiki/Discrete-time_signal
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information in the speech signal is perceived in the range (20 Hz to 20 kHz) (Sithara et al., 2018). 

The waveform speech signal representation is shown in Figure 3.2. 

 

Figure 3.2  A waveform speech signal of  one 4 seconds speech signal  in the time domain 
As we can see from the speech signal plot diagram in Figure 3.2, the maximum Amplitude value 
is around 0.4650 and the minimum amplitude value of the signal is around -0.257.                                      

3.4.2.  Noise Reduction 

We achieved this task completion by using a music/ speech amplification software named 

Audacity. We performed Noise Reduction manually one by one from the beginning and end of 

each utterance through a GUI interface of the software. 

3.4.3. Framing 

The speech signal is a slowly time-varying or non-stationary signal. This lack of non-stationary is 

formed during speech production when the propagation of the articulators (tongue, lips, teeth, and 

hard palate) changes their position to produce different phonemes. These transitions are 

challenging in speech analysis particularly when a speech frame is centered in that transition.  

However, to have a stationary signal we need to divide the signal into short-enough frames. Most 
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speaker recognition systems utilize a frame size between (10-30 milliseconds) time interval with 

a 50 % frame overlap. However, after performing framing a single frame in a uniform 

segmentation can contain a non-stationary transition between two frames. This influence can 

be condensed by using an overlapping technique.  This helps to avoid the loss of information. 

Usually, the overlapping region ranges from 0 to 75% of the frame size. But, an overlap of half 

the window size (or less) is typical (Hamid, 2018; Soltane & Kelbesa, 2014).  

In this thesis, we have used a 25 msec frame duration and 44100 sampling frequency with 50 % 

overlap. Here, to know how many samples will be there in a frame we multiplied the frame 

duration by the sampling frequency. In a frame of 25 msec sound, we have found 1102 samples 

per frame size. Then, the entire speech sample is split into 160 frames which are obtained by 

dividing our length of original signal data (176400) by frame size (1102). The frame of the wave 

speech signal is shown in Figure 3.3. 

 

                             Figure 3.3 Frames of the waveform speech signal 
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and the complex number S (m, k) denotes the kth Fourier coefficient for the mth time frame. Index 

m of S (m, k) corresponds to the physical time and index k of S (m, k) corresponds to the Nyquist 

frequency.                                               

3.4.6. Spectrogram Image Generation  

The speech signal is one-dimensional and non-stationary. This means that the frequency domain 

of the signals does not remain constant to the time variable. In terms of data, speech signal exists 

only in one dimension while image exists in 2D space. To implement deep learning convolutional 

neural networks for the speaker recognition task, first, our Wav file speech dataset signals are 

converted from one -dimension signal to a two-dimensional spectrogram image and saved as an 

image file in PNG format. A spectrogram is a visual representation of the spectrum of frequencies 

in a sound. The Time-frequency (spectrogram) representation of a signal describes how a spectral 

component in a signal evolved in the function of time. This approach enhances the patterns that 

may not be visible in the original signal and directly show relevant information in the speech 

signal. Where the horizontal dimension represents time (reading from left to right), and the vertical 

dimension represents frequency. To convert the speech signals into a spectrogram image the Short-

Time Fourier Transform (STFT) is used. The Short-Time Fourier Transform (STFT) is preferred 

as it depicts the spectrum changing over time. STFT uses a sliding FFT window to obtain spectra 

for each segment in time of the original signal. To generate the spectrogram image, we have used 

the spectrogram function with its input parameters like speech signal, sampling frequency, 

windowing, noverlap, and nfft. As well, Appendix A shows the whole implementation and its input 

parameters that are used to generate a spectrogram image from our waveform speech signal. 

S = spectrogram (Signal, w, noverlap, nfft, fs);  

Where Signal is the input speech signal, w is the frame size or window length which divides the 

speech signal into several segments and performs the windowing function. It is calculated by 

multiplying the fs with its frame duration. Noverlap or hop size is the number of overlap samples 

between each adjacent segment. Its value is found by multiplying the frame size with 50 % overlap. 

NFFT is the number of discrete Fourier transform (DFT) points. Its value is taken as the maximum 

value between the range (256,2^nextpow2(Frame size)). Finally, fs is the sampling frequency of a 

signal which is 44.1 kHz. The number of frames is calculated by dividing the length of a signal 
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(fs*4sec) by frame size.  Figure 3.5 shows the flow chart of spectrogram image generation from 

the input wave speech signal.  

 

Figure 3.5 Flow chart of Spectrogram image generation  
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The spectrogram image of the waveform speech signal which is shown in Figure 3.2  is shown in 

Figure 3.6.   

 

Figure 3.6 Spectrogram of the wave speech signal with the Magnitudes given in dB 

As we can see from the spectrogram image with its time and frequency contents, the right-side 

color bar with the higher blue value shows that higher power is present for a particular frequency. 

For a lower frequency from 1KHz to 5KHz there is high-frequency content present in the signal. 

Since its sampling frequency is 44.1KHz that is why the maximum frequency range seems like 

22KHz total. So, most of the power is present in the frequency content of around 1 kHz to 15 kHz 

as we can see from the spectrogram image. Moreover, Appendix B shows some of the generated 

spectrogram images from our waveform speech signal datasets.  

3.4.7. Resizing Spectrogram Images  

The original generated spectrogram images have 875 by 656 dimensions and scale. Training our 

model CNN using this too large image size using a local machine is impossible. To reduce the 

visual distortion or the information loss caused by the image resizing process we have used the 

bicubic interpolation technique (Titus et al., 2013). There is no standard spectrogram image size 

that is used for the speaker identification task. To select the ideal spectrogram resolution for our 

problem. The original RGB image was resized to 28-by-28, 56-by-56, 112-by-112, 224- by- 224, 
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and 360-by-360-pixel images. For the image resizing process, we have used a step-by-step 

procedure as shown in Table 3.1.  

Table 3. 1 Spectrogram Image resizing procedure  

Input: original image im 
Output: an array of resized image (to [output Size])  
Begin  
im = imread(filename.png) 
Image = imresize (im, [output Size], 'cubic') 
Image = image_to_array (Image) 
Return Image 
End  

                                                                      

 

3.5. Feature Extraction  

Feature extraction is the first step in speaker recognition and it intends to decrease the 

dimensionality of our data and to extract speaker-specific spectral features from the speech signal 

by discarding all other junks which carry information like background noise. It is required when 

image sizes are very large and a reduced feature representation is required. Because these large 

data sets have a large number of variables which requires a lot of computing resources.  In a speaker 

identification system, there are several traditional hand-crafted feature extraction techniques as 

presented in the literature review section. However, these techniques are limited by their 

dependency on handcrafted feature engineering,  processing time, susceptibility to noise, and 

performance deficiency for short utterances (Bunrit et al., 2019). These days, deep learning models 

became state-of-the-art for image, video, and signal processing tasks. In current research works, 

CNN is used as one of the state-of-the-art models for image classification and signal processing. 

In this thesis, as the first approach, we have used CNN as a feature extraction and classification 

technique to extract speaker-specific spectral features automatically from a time-frequency 

(spectrogram) representation of a signal.   
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layers (Patterson, Josh; Gibson, 2017). In this thesis, we have used only one fully connected layer 

to compute the final output score probabilities for each class before going to the SoftMax 

classification layer. For classification tasks, the last layer of this layer mixes the features to classify 

the images. This is the case that the output size argument of the last fully connected layer of the 

network is equivalent to the number of classes of our data set (Patterson, Josh; Gibson, 2017). This 

is equivalent to the 30 classes of speakers. 

SoftMax: After learning speaker-specific spectral feature vectors using the CNN model we have 

used a SoftMax classification layer after a fully connected layer as shown in Figure 3.7. SoftMax 

activation classifies the extracted spectral feature vectors into one of the 30 classes by using the 

probability computed in a fully connected layer (Wang et al., 2019). 

3.6.2. Feature learning for the validation phase  

The validation phase takes all the procedures followed in the training phase.  The purpose of the 

validation phase is to increase accuracy and decrease the loss. In addition to the layers or operations 

in the training phase, we apply the following techniques to improve the performance of our system.  

Batch Normalization Layer:  In this thesis, we have used Batch Normalization Layer between 

each convolutional layer and activation function. Because it normalizes the activations and 

gradients propagating through a neural network. batch normalization layers are placed following 

each convolutional layer and before activation functions. This layer helps to speed up the training 

of convolutional neural networks and to reduce the sensitivity to network initialization (Ioffe & 

Szegedy, 2015).  

The Dropout layer:  is the simplest and efficient regularization technique to reduce overfitting to 

some extent. If the training accuracy is significantly higher than validation accuracy or the training 

loss is significantly less than validation loss, then that is overfitting. If training accuracy is 

significantly less than validation accuracy or the training loss is significantly greater than 

validation loss, then that is underfitting (Acharya et al., 2017). Overfitting gives an insight that the 

network has memorized training data very well but is not guaranteed for unseen data. In this thesis, 

to reduce the overfitting problem in our model we have used a dropout technique that turns off 

randomly selected fractions of neurons from the previous layer to the next layer in the network 
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architecture during the training process. In this case, all the neurons are not active at the same time. 

Hence, the inactive neurons will not be able to learn anything. The number of fractions of neurons 

you want to turn off is decided by a hyperparameter (Acharya et al., 2017). In this thesis, we have 

used a dropout layer with its 50 percent dropout rate of probability before the fully connected 

layers. Finally, the output probability of the fully connected layer is given to the SoftMax classifier. 

Adaptive moment estimation (ADAM): In this thesis, we have used the Adam optimization 

approach. Because Adam computes adaptive learning rates for each parameter. It stores an 

exponentially decaying average of past squared gradients and keeps an exponentially decaying 

average of past gradients. Adam has improved overall accuracy even in noisy data and helps for 

efficient training with the fast convergence of deep learning algorithms (Ruder, 2016). 

Learning rate:  the learning rate determines how much fast the weight is updated. The larger the 

learning rate the faster the weight update (fast divergence of training time) and the smaller the 

learning rate the slower the weight update (takes long training time). The default initial learning 

rate for Adam solver is 0.001. However, instead of using a small, constant learning rate throughout 

the training process. We have used LearnRateSchedule with its piecewise pair argument value. 

Here, we have used 0.1 and 10 for LearnRateDropFactor and LearnRateDropPeriod respectively. 

This makes the train network modify the learning rate every certain number of epochs by 

multiplying the learning rate with a dropout factor. This can shorten the training time. In addition 

to the learning rate, another ideal issue is choosing the optimal epoch number. Because using a 

larger number of epochs to train our model leads to overfitting on the training dataset samples. 

This means the model merely memorizes the training data rather than learning general features 

that are used for the model to make accurate predictions for the unseen dataset. And using a small 

number of epochs limits the training time of our model. So, using optimal epoch number is 

recommended and it is obtained either by using several try and error experiments or using early 

stopping techniques based on the validation loss or validation accuracy metrics. In this thesis, the 

model at the first epoch is trained with the initial learning rate of 1e-3, while at the last epoch 

(epoch 25) the model is trained with (1e-4) *0.1 which is equal to 1e-5. 
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SoftMax: After extracting speaker-specific spectral feature vectors using the CNN model we have 

used a SoftMax classification layer after a fully connected layer as shown in Figure 3.7. SoftMax 

activation classifies the extracted spectral feature vectors into one of the 30 classes by using the 

probability computed in a fully connected layer.  

3.6.3. Feature learning for the testing phase 

This phase follows similar procedures as the training and validation phase. All the model layers, 

components, and parameters must be similar except the data set size. 

 

Figure 3. 7 End-to-End CNN architecture of Proposed model for Speaker Identification  

 

3.7. Classification using multiclass SVM model via ECOC Framework 

In this thesis, we have used CNN for feature extraction and multiclass SVM via Error-Correcting 

Output Codes (ECOC) approach for classification. To reduce the training time of the end-to-end 

CNN model with a greater number of layers and parameters, we have proposed a combined model 

of CNN and SVM. This model enhances the speed of the CNN model training time. In this case, 

a fully connected and SoftMax classification layer in the end-to-end CNN model is replaced by 

SVM. Support vector machine (SVM) is a supervised machine learning algorithm. Initially, it was 

designed to solve only binary classification problems. However, always data can't be separated 

with a linear hyperplane due to the dispersion of a huge amount of data. Hence, to implement SVM 

for multiclass classification tasks, Kernel trick functions like polynomial kernel and Gaussian 

radial basis function (RBF) are used with the ECOC framework. A kernel function is a function 
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4.5.1. Experiment based on image size using proposed end-to-end CNN  

 There is no persistent standard spectrogram image size that is used for the speaker identification 

task. Using our original too large an 875-by-656-pixel resolution spectrogram image using a local 

machine is impossible. So, to select the ideal spectrogram resolution for our problem and to answer 

our research question number two we need to resize our original spectrogram image to a 28-by-

28, 56-by-56, 112-by-112, 224- by- 224, and 360-by-360-pixel size.  Initially, we experimented 

with all resized spectrogram image sizes. As we go from a lower resolution to higher resolution 

spectrogram images the accuracy and the computation time of our model were increased parallelly. 

But there was an insignificant change in the accuracy. Whereas as we go from a higher resolution 

to lower resolution spectrogram images the accuracy and the computation time of our model were 

decreased simultaneously. However, the accuracy of the spectrogram images with a 28-by-28 and 

56-by-56-pixel size was below 50 percent and a better result was recorded starting from 112-by-

112 spectrogram images. Since we ignored those spectrogram images, and we considered only 

112-by-112, 224- by- 224, and 360-by-360-pixel size spectrogram images. Then, based on its 

improved accuracy and optimal computation time required, in all of our experiments, we have used 

a 224x224 input spectrogram image size. Table 4.1 shows a comparison result for the three 

spectrogram image sizes.  

Table 4. 1 CNN model on different spectrogram image resolution 

Spectrogram Image size 112×112 224×224 360×360 

Test Accuracy (%) 92.4 94.4 94.8 

Training Time (in minutes and seconds) 29min:57sec 88min:25sec 192min:37sec 

 

As we can see from the table, the experiments were conducted for varying size spectrogram 

images, the minimum being 112×112, the intermediate being 224×224, and the maximum 

360×360. image size with 360×360 showed a less significant improved performance but it has a 

slow speed relative to others. Whereas, spectrogram images with 112×112 size showed relatively 

better training speed but its accuracy was decreased. But the image size 224×224 showed an 

optimal training time and improved accuracy relative to others. Based on experimental results, we 

can conclude that the spectrogram image size with 224x224 pixel value provides improved testing 
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accuracy and optimal training speed relative to a 360-by-36o spectrogram image.  Figure 4.1  

shows the Mini-Batch Accuracy, Mini-Batch Loss, Validation Accuracy, Validation Loss, and 

confusion matrix result of the trained model. 

 

Figure 4. 1  Training Progress of our end-to-end CNN model using 224-by-224 image size. 

As we can see from the training progress graph in Figure 4.1, the Mini-Batch Accuracy is higher 

than Validation Accuracy throughout the curve. Related to this, the gap between the Mini-Batch 

Accuracy curve and the Validation Accuracy curve is minor. As we can see from the training graph 

the Mini-Batch Accuracy after epoch number 12 becomes persistent until it stops the training 

progress. As we can see from the graph both the Mini-Batch loss and Validation Loss initially look 

higher starting from epoch number 1 to epoch number three but starting from epoch number 3 to 

epoch number 10 both the Mini-Batch loss and Validation Loss is decreased slowly. Then, 

particularly starting from epoch number 11 to epoch number 25 both the Mini-Batch loss and 
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Validation Loss become very close to zero. Also, the gap between the Mini-Batch loss and the 

Validation Loss curve is slight. So, this shows that our model is free from overfitting and 

underfitting. Figure 4.2 shows the confusion matrix result of the proposed CNN architecture. In 

the confusion matrix, a row represents the predicted (output) class and a column represents the 

true (target) class. Here, the diagonal cells in the confusion plot represent the observations that are 

correctly classified whereas the off-diagonal cells represent the observations that are incorrectly 

classified. In each cell of the confusion matrix, both the number of observations and the percentage 

of the entire number of observations are shown. The column at the far right of the plot displays the 

precision that shows the false positive rate and the row at the bottom of the plot displays the recall 

that shows the false-negative rate. The cell in the bottom right of the plot displays the overall 

accuracy. 

 

Figure 4. 2 Confusion Matrix of the Proposed end-to-end CNN Model using SoftMax Classifier 
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As shown in figure 4.2, we have achieved an overall accuracy of 94.4 % as true positive (correctly 

classified) and 5.6 % as true negative (incorrectly classified) for the end-to-end CNN model. 

Where the labels from SP1 to SP30 represent the name of the speaker and each speaker in a 

confusion matrix figure has 25 samples for testing. From the confusion matrix, all 25 samples of 

speaker SP2, SP9, SP10, SP11, SP14, SP20, SP22, SP23, SP25, SP27, and SP28   are correctly 

predicted as SP2, SP9, SP10, SP11, SP14, SP20, SP22, SP23, SP25, SP27, and SP28 respectively 

without any confusion. From the 25 speaker SP1 input samples, the 24 samples of the speaker SP1 

input are correctly predicted as speaker SP1, but 1 time of the speaker SP1 input is miss predicted 

as speaker SP13. From the 25 speaker SP3 input samples, the 23 samples of the speaker SP3 input 

are correctly predicted as speaker SP3, but 1 time of the speaker SP3 input is miss predicted as 

speaker SP4 and 1 time of the speaker SP3 input is miss predicted as speaker SP26. From the 25 

speaker SP4 input samples, the 21 samples of the speaker SP4 input is correctly predicted as 

speaker SP4, but 2 times of the speaker SP4 input is miss predicted as speaker SP5,1 times of the 

speaker SP4 input is miss predicted as speaker SP10, and 1 time of the speaker SP4 input is miss 

predicted as speaker SP30. From the 25 speaker SP8 input samples, the 22 samples of the speaker 

SP8 input are correctly predicted as speaker SP8, but 1 time of the speaker SP8 input is miss 

predicted as speaker SP17, and 2 times of the speaker SP8 input is miss predicted as speaker SP30. 

From the 25 speaker SP18 input samples, the 20 samples of the speaker SP18 input is correctly 

predicted as speaker SP18, but 2 times of the speaker SP18 input is miss predicted as speaker 

SP15, 2 times of the speaker SP18 input is miss predicted as speaker SP19, 1 time of the speaker 

SP18 input is miss predicted as speaker SP24, and so on.  

We have used precision and recall for measuring the matrix (true positive, true negative, false 

positive, and false negative) rate of the proposed model. If a speaker is SP1 and the model predicts 

SP1 it is named as true positive. If a speaker is not SP1 and the model predicts as not SP1 this is 

named as true negative. If a speaker is not SP1 and the model predicts as SP1 this is named as false 

positive. If a speaker is SP1 and the model predicts as not SP1 this is named as a false negative. 

Precision displays a false positive rate while recall displays the false-negative rate. As we can see 

from the confusion matrix in Figure 4.2, out of 27 speaker SP1 predictions, 88.9 % are correctly 

predicted and 11.1 % are incorrectly predicted (false positive). out of 25 speaker SP1 belongings, 

96 % are correctly predicted as SP1 and 4 % are incorrectly predicted as SP13 (false-negative).out 
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of 25 speaker SP2 predictions, 100 % are correctly predicted. out of 25 speaker SP2 belongings, 

100 % are correctly predicted as SP2 (true-positive). out of 25 speaker SP3 predictions, 92 % are 

correctly predicted and 8 % are incorrectly predicted (false positive). Out of 25 speaker SP3 

belongings, 92 % are correctly predicted as SP3 and 4 % are incorrectly predicted as SP4 and SP26 

(false-negative).out of 23 speaker SP4 predictions, 91.3 % are correctly predicted and 8.7 % are 

incorrectly predicted (false positive). Out of 25 speaker SP4 belongings, 84 % are correctly 

predicted as SP4 and 16 % are incorrectly predicted as SP5, SP10, and SP30 (false-negative).out 

of 23 speaker SP8 predictions, 95.7 % are correctly predicted and 4.3 % are incorrectly predicted 

(false positive). Out of 25 speaker SP8 belongings, 88 % are correctly predicted as SP8 and 12 % 

are incorrectly predicted as SP17 and SP30 (false-negative). out of 24 speaker SP18 predictions, 

83.3 % are correctly predicted and 16.7 % are incorrectly predicted (false positive). out of 25 

speaker SP18 belongings, 80 % are correctly predicted as SP3 and 20 % are incorrectly predicted 

as SP15, SP19, and SP24 (false-negative), and so on. 

4.5.2. Experiment based on image color or channel using proposed end-to-end CNN 

No predetermined rule mentioned the RGB color spectrogram is better than grey-scale 

spectrogram images. Some of the scholars have just used the RGB color whereas some of the 

scholars have used a grey-scale spectrogram image. A grey-scale spectrogram image reduces the 

complexity or computational time required.  For our problem, to examine the performance of the 

color RGB images of spectrograms and Grey-scale images of spectrograms in speaker 

identification. We conducted experiments with and select spectrogram images that have improved 

the identification rate. Up to now, in all the experiments we have used 224x224 RGB input 

spectrogram images. In this experiment, we compared a  224x224 RGB and 224x224 grey-scale 

spectrogram image. Table 4.2  shows a comparison result of RGB and Grey-scale spectrogram 

images.   

Table 4. 2 CNN model on RGB and Grey-scale color spectrogram image 

Spectrogram Image color 224×224 RGB 224×224 Grey-Scale 

Test Accuracy (%) 94.4 91.2 

Training time (in minutes and seconds) 88min:25sec 69min:6sec 


















































