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A B S T R A C T

Speaker identification is vital in various application domains, such as automation, security, and enhancing user 
experience. In the literature, convolutional neural network (CNN) or recurrent neural network (RNN) classifiers 
are generally used due to the one-dimensional time series of speech signals. However, new approaches using 
subspace classifiers are also crucial in speaker identification. In this study, in addition to the newly developed 
subspace classifiers for speaker identification, traditional classification algorithms, and various hybrid algorithms 
are analyzed in terms of performance. Stacked Features-Common Vector Approach (SF-CVA) and Hybrid CVA- 
Fisher Linear Discriminant Analysis (HCF) subspace classifiers are used for speaker identification for the first 
time in the literature. In addition, CVA is evaluated for the first time for speaker identification using hybrid deep 
learning algorithms. The study includes Recurrent Neural Network-Long Short-Term Memory (RNN-LSTM), i- 
vector + Probabilistic Linear Discriminant Analysis (i-vector+PLDA), Time Delayed Neural Network (TDNN), 
AutoEncoder+Softmax (AE+Softmax), K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Common 
Vector Approach (CVA), SF-CVA, HCF, and Alexnet classifiers for speaker identification. This study uses MNIST, 
TIMIT and Voxceleb1 databases for clean and noisy speech signals. Six different feature structures are tested in 
the study. The six different feature extraction approaches consist of Mel Frequency Cepstral Coefficients 
(MFCC)+Pitch, Gammatone Filter Bank Cepstral Coefficients (GTCC)+Pitch, MFCC+GTCC+Pitch+seven spec
tral features, spectrograms,i-vectors, and Alexnet feature vectors. High accuracy rates were obtained, especially 
in tests using SF-CVA. RNN-LSTM, i-vector+KNN, AE+Softmax, TDNN, and i-vector+HCF classifiers also gave 
high test accuracy rates.

1. Introduction

Speaker recognition technology has a wide range of applications, 
including voice-controlled devices [1], user authentication [2], smart 
homes [3], forensic analysis [4], and robotics [5]. Speaker recognition 
involves identifying individuals based on their speech signals and can be 
categorized into two main types: verification and identification. Verifi
cation systems accept or reject a speaker’s claimed identity, while 
identification systems determine the speaker’s identity among a group 
of registered speakers [6,7]. Despite the advancements in speaker 
recognition, many existing methods struggle with high noise levels and 
complex datasets, highlighting the need for more robust and adaptive 
approaches. Numerous studies on speaker recognition have employed 

deep learning and machine learning classifiers such as Artificial Neural 
Networks (ANN), Convolutional Neural Networks (CNN), Recurrent 
Neural Networks (RNN), Long Short-Term Memory (LSTM), Support 
Vector Machines (SVM), K-Nearest Neighbors (KNN), Hidden Markov 
Models (HMM), and Gaussian Mixture Models (GMM) [8,9]. Some of 
these classifiers are utilized for feature extraction, while others are 
employed for speaker identification [10]. While these classifiers play a 
crucial role in speaker recognition, the choice of features used for clas
sification is equally essential and can significantly impact the system’s 
performance. Most studies on speaker recognition utilize features such 
as Mel Frequency Cepstral Coefficients (MFCC), Gammatone Frequency 
Cepstral Coefficients (GFCC), spectrograms, spectral characteristics, 
Perceptual Linear Predictive (PLP) coefficients, and Linear Predictive 
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Coding (LPC) [11–14]. However, more recent methods include Joint 
Factor Analysis (JFA) and i-vector-based approaches [15–17]. These 
methods rely on low-dimensional representations of the speech input, 
such as MFCC. A notable drawback of MFCCs is that their recognition 
performance deteriorates rapidly with increasing noise levels in the 
speech signal [18,19]. Since MFCCs only focus on the overall spectral 
envelope of the short frames used, recognition performance can be 
further degraded. Gammatone Filter Bank Cepstral Coefficients (GTCC) 
address this issue by replacing the triangular filter bank in MFCC with 
Gammatone filters, emphasizing different frequency bands [20,21]. 
Compared to MFCC, GTCC has been reported to be more robust to noise 
[14]. Prosodic and spectro-temporal features, such as pitch, energy, 
duration, rhythm, and temporal aspects, also contribute to speaker 
recognition. Spectral features are typically obtained by transforming the 
time-domain signal into the frequency domain using techniques like the 
Fourier Transform [22]. Pitch frequency, a perceptual characteristic of 
the speech signal with physical properties denoted by F0, is also utilized 
to enhance speaker identification performance [23,24]. Many studies 
apply these features individually or in combination for speaker identi
fication [25–28].

The paper is structured as follows: Section 2 explains the structures 
of the speaker identification classifiers used in the study. Section 3
presents the experimental studies conducted, while Section 4 discusses 
the analysis of the experimental results.

1.1. Motivation and contribution

This study aims to address these challenges by developing and 
evaluating novel approaches to improve the accuracy of speaker 
recognition systems. It focuses on two key aspects influencing speaker 
identification performance: feature extraction effectiveness and novel 
subspace classifiers’ introduction. The primary contribution of this 
research is the development and application of two innovative subspace 
classifiers in the field of speaker recognition, marking their first use in 
the literature. The first newly proposed classifier is the Hybrid CVA +
FLDA (HCF) algorithm, a hybrid subspace classifier. The HCF algorithm, 
which combines CVA and FLDA classification capabilities, is introduced 
in the literature for the first time through this study. The HCF hybrid 
classifier adapts the hybrid Discriminative Common Vector Approach 
(DCVA) + Fisherface method, initially developed for image recognition, 
to speech identification [29]. The second classifier introduced is based 
on CVA. CVA, a subspace classification method, has demonstrated high 
recognition rates in limited, isolated word and image recognition ap
plications [30,31]. The most important feature of CVA is that it obtains a 
vector containing the common features of a class from all vectors 
belonging to that class. Based on this, common vectors were found 
separately for training and testing by stacking all feature vectors for a 
speaker’s training and testing data. Then, speaker identification was 
performed using the common vectors found for training and testing. This 
classifier is called Stacked Features CVA (SF-CVA).

The study also utilizes deep learning techniques such as i-vector +
PLDA, AlexNet + Softmax, AE + Softmax, RNN-LSTM, and Time Delay 
Neural Networks (TDNN). Many of these classifiers were employed in 
hybrid forms to evaluate their performance in speaker identification. 
Some classifiers were used for feature extraction, while others were 
employed to identify speakers based on these features. In the testing 
phase, the feature vectors of i-vector and AlexNet were classified using 
SVM, KNN, CVA, SF-CVA, HCF, Bidirectional LSTM (BiLSTM), and PLDA 
classifiers. In addition to the i-vector and AlexNet features utilized in the 
study, four different feature structures were also examined during the 
tests. Thus, a total of six different feature structures were analyzed. Six 
different feature extraction methods were employed: Mel Frequency 
Cepstral Coefficients (MFCC) + Pitch, Gammatone Cepstral Coefficients 
(GTCC) + Pitch, MFCC + GTCC + Pitch + seven spectral features, 
spectrograms, i-vectors, and AlexNet feature vectors. MFCC and GTCC 
represent short-time features, while spectral features are derived from 

frequency domain analysis, and pitch is a prosodic feature [32].
This study uses TIMIT, MNIST, and Voxceleb1 databases for clean 

and noisy speech signals. A total of 120 speakers, 60 male and 60 female, 
were selected from the TIMIT database. The MNIST database has 60 
speakers, 48 males and 12 females, and Voxceleb1 has 1251 speakers, 
732 males, and 519 females—VoxCeleb1 dataset using only 4 s utter
ances in our experiments. In the study, zero-mean Gaussian noise was 
added to each speech signal with a signal-to-noise ratio of 20 dB, and the 
performance of the classifiers for noisy signals was also analyzed. This 
white noise affects all signal frequency components equally and gener
ates moderate interference, simulating a real-world noisy environment. 
Silence removal and pre-emphasis were also applied to the raw speech 
signals for pre-processing.

1.2. Related work

The literature identifies several common classifiers for speaker 
identification, including i-vector + Probabilistic Linear Discriminant 
Analysis (PLDA) [33,34], Hidden Markov Models (HMM) [35], Uni
versal Background Models - Gaussian Mixture Models (UBM-GMM) [36,
37], RNN-LSTM [10], autoencoders [38], vector quantization (VQ) [39], 
neural networks [40,41], support vector machines (SVM) [42], and the 
Common Vector Approach (CVA) [43]. Additionally, convolutional 
neural networks (CNN) are often used in speaker identification due to 
their ability to handle noisy datasets effectively without additional 
features [44,45]. CNN can perform both feature extraction and classi
fication; however, some researchers have used CNN solely as a feature 
extractor while employing other classifiers for the classification task 
[46]. These classifiers can be used independently or in hybrid forms 
[47–49]. Despite the diversity of classifiers, applying subspace classi
fiers to speaker identification remains relatively uncommon in the 
literature [50].

There are also recent studies in speaker identification and noise 
reduction for noisy speech signals [46,51,52]. In [52], Seke and Özkan 
grouped noisy speech signals into frames and found the common and 
difference vectors of the groups with CVA. It is stated that they are 
generally concentrated in difference vectors due to the uncorrelated 
nature of the noise. In this study, a denoise algorithm is applied to the 
difference vectors to reduce the noise, and denoised difference vectors 
are combined with the common vectors to recover the speech signal. In 
this study, it has been observed that the methods using common vectors 
are less affected by noise.

Another essential factor for speaker identification is feature extrac
tion. A review on feature extraction [7] described, compared, and 
analyzed feature extraction methods and algorithms. Recently, a com
bination of features with multiple classifiers and deep learning methods 
has been proposed [53-55,87,88]. In [53] and [54], examples of mul
tiple classifiers in the literature are described in detail. In [55], 
time-based features (MFCCT) are proposed. It is argued that the MFCCT 
attribute better represents speaker characteristics. This study observed a 
93% accuracy rate in classification with Deep neural network (DNN) for 
100 speakers in the Librispeech database. In [87] and [88], an Extreme 
Learning Machine (ELM) classifier was used for speaker identification. 
TIMIT was used as the database, and MFCC and power normalization 
cepstral coefficients (PNCC) were used as features. Experiments were 
also performed by adding Gaussian noises in the 0–30 dB range to the 
speech signals. In [87], the highest accuracy for clean signals is 95.83%; 
in [88], it is 97.52%.

In [89], a comprehensive framework for the problem of 
text-independent speaker identification with variable-length speech 
segments was proposed using databases such as Voxceleb1 and Lib
riSpeech. Accuracy rates between 99.67%− 99.99% for 1000 speakers 
were obtained with Wav2Vec2 +Augmentation. These accuracy rates 
were obtained for 3–4 s of speech signals. This approach uses the Top-1 
(%), Top-2 (%), and Top-5 (%) accuracy rate rules, which mean that a 
speaker is considered correctly classified if found in the top k classes for 
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the test. Using the ResNet-18 method [90], the length of the input 
sequence in the Voxceleb1 dataset is fixed at 3 s. This study’s Top-1 (%) 
and Top-5 (%) accuracy rates using MFCC features were 90.8% and 
96.5%, respectively. In [91], the authors use the MFCC method to 
represent the feature vectors of the Voxceleb set. Various parts of the 
training datasets were tested with Bidirectional LSTM neural networks. 
Bidirectional LSTM neural networks provided up to 76.9% accuracy for 
individual audio segments. Apart from classifiers and features, the 
pre-processing process is another important factor for speaker identifi
cation. Raw speech signals often contain background noise, which leads 
to misclassification. Therefore, silence removal and pre-emphasis are 
applied to raw speech signals before extracting features [32,56].

2. Materials and methods

The speaker identification main block diagram used in this paper is 
summarized in Fig. 1. As seen from this figure, the speech signals are 
pre-processed to remove the silent parts of the signal and reduce the 
noise level through a pre-emphasis filter. After pre-processing, features 
are extracted from the speech signals. Normalization is applied to all 
feature sets, including the combinations of MFCC and GTCC. Accuracy 

rates are obtained for each feature type using machine learning, deep 
learning, and subspace classifiers. These accuracy rates are recalculated 
after adding noise to the speech signals with a signal-to-noise ratio 
(SNR) of 20 dB.

2.1. Materials

This study used the TIMIT, MNIST, and Voxceleb1 databases. The 
TIMIT database is a speech recognition dataset comprising 630 speakers 
from across the United States, with 70% male and 30% female [57]. 
Each speaker contributed ten utterances, with speech signals ranging 
from 2 to 4 s, recorded at a sampling frequency of 16 kHz. From the total 
630 speakers, we selected 120 (60 male and 60 female), resulting in 
1200 utterances. Of these, 840 utterances were used for training and 360 
for testing. In other words, seven speech signals from each speaker were 
used for training and three for testing. The MNIST database, used for 
text-dependent speaker recognition, contains 30,000 English digit ut
terances (0–9) from 60 speakers, each digit repeated 50 times [58]. The 
signals were recorded at a sampling frequency of 48 kHz and 16-bit 
resolution. All 60 speakers (48 male and 12 female) were used in this 
study. Each speaker contributed 400 speech signals for training and 100 

Fig. 1. The main block diagram.
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for testing. For the MNIST database, male speakers have a total speaking 
time of about 4 h, and female speakers have about 58 min. For all speech 
signals in TIMIT, females have a speaking time of 32.6 min and males 
30.4 min. For the Voxceleb1 database, male speakers have 32.5 h of 
speaking time, and female speakers have 23 h of speaking time. Fig. 2
shows the number of male and female speakers used for the three da
tabases, the speaking time of males and females, and the total number of 
utterances used for training and testing.

2.2. Methods

The study employed a variety of classifiers, including hybrid 

classifiers. The study employed many classifiers, including SVM, KNN, 
CVA, SF-CVA, HCF, AE+softmax, TDNN, RNN-LSTM, i-vector+PLDA, i- 
vector+KNN, i-vector+SVM, i-vector+CVA, i-vector+BiLSTM, i-vec
tor+HCF, Alexnet+Softmax, Alexnet+KNN, Alexnet+SVM, Alex
net+SF-CVA, Alexnet+HCF, and Alexnet+CVA. Table 1 shows the list of 
abbreviations used throughout this paper.

2.2.1. The AlexNet classifier
The pre-trained AlexNet CNN model was also used in the study [59]. 

While CNN yields good face recognition results for large databases, 
AlexNet can perform better than classical CNNs for smaller databases 
[60]. Therefore, the pre-trained AlexNet CNN model was also utilized in 

Fig. 2. The numbers of male and female speakers used for the three databases (a), the speaking times of males and females (b), and the total number of utterances 
used for training and testing (c).
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the study. All spectrogram images were resized to 227 × 227 for use in 
AlexNet. In the MATLAB environment, AlexNet consists of 25 layers, 
with the last three layers employed to classify the features extracted 
from the previous layers. In transfer learning, these last three layers are 
removed, and a new fully connected layer is added according to the 
number of classes in the database. These modified layers are then 
adapted to the new classification task. Thus, a new deep transfer 
learning model was constructed for classification. In Fig. 3, Mel spec
trograms obtained in different dimensions were converted to 227 × 227 
with data augmentation. Then, convolutions were carried out utilizing 
the conventional Alexnet architecture. For speaker identification, 
4096-dimensional features obtained from the Fc7 layer were classified 
using AlexNet’s Softmax. The study also classified the feature vectors 
obtained from AlexNet using KNN, SVM, CVA, SF-CVA, and HCF clas
sifiers. AlexNet model employed a learning rate of 0.001, stochastic 
gradient descent with momentum (SGDM) optimization, and 60 epochs.

2.2.2. The TDNN classifier
Time delay neural network (TDNN) is one of the most popular DNNs 

in speaker recognition [61,62]. TDNN has demonstrated state-of-the-art 
performance on large datasets [63]. TDNN is a dynamic artificial neural 
network created by placing memory cells in the input layer of a multi
layer feedforward artificial neural network [64]. Finite impulse 
response (FIR) filtering is utilized in the memory cells between the input 
and hidden layers. In the TDNN structure, the total number of 

connections of neurons is reduced, thereby shortening the learning time.
Additionally, TDNN helps achieve successful recognition despite 

potential losses of time-dependent data. Due to this filtering, the 
network processes the input data sequentially, considering time delays. 
The most used algorithm in TDNN is the temporal (time-dependent) 
backpropagation algorithm. For TDNN, Fig. 4 shows the TDNN speaker 
identification block diagram implemented in the study.

Fig. 4 depicts the TDNN speaker identification block diagram, where 
the initial step involves extracting feature vectors from the speech 
signal. The TDNN receives these features as input. The speaker’s iden
tification is accomplished by employing the TDNN structure depicted in 
Fig. 5. In Fig. 5, M represents the total number of frames in a speech 
signal, d is the dimension of features, and N represents the number of 
classes (speakers) in the training set. The time delay in TDNN enables 
the model to understand past data. At each time step, the delayed fea
tures are gathered and transmitted to the subsequent layer, the Conv1D 
(1D Convolutional) layer. This layer analyses the input time series and 
emphasizes specific features. The outputs are then normalized using 
Batch Normalization. This process makes the network more stable and 
trainable. The rectified linear unit (ReLU) activation function is applied 
to the Batch Normalization outputs. ReLU facilitates nonlinear learning 
in the network by assigning a value of zero to negative values. The 
delayed outputs are transmitted to the next Conv1D layer, repeating this 
iterative process. This approach allows the acquisition of features that 
are enhanced using previous information. The generated features are fed 
into a Fully Connected (Dense) layer and then transmitted to the output 
layer, which is employed for classification. The Softmax algorithm se
lects the class (speaker) with the highest score value. The study used a 
0.001 learning rate, 256 filters, and eight epochs.

2.2.3. The RNN-LSTM classifier
Speaker recognition is a task that involves processing sequential 

speech data. When utilized for speaker recognition, RNN-LSTM helps 
analyze changes in speech signals over time and extracts speaker- 
specific features [65]. Long Short-Term Memory (LSTM) is a type of 
RNN specifically designed to handle long-term dependencies more 
effectively. LSTMs have a structure developed to overcome the memory 
issues of traditional RNNs. LSTM cells provide access to past time steps 
of input data and can capture long-term dependencies more effectively.

Consequently, RNN types like RNN-LSTM can be highly effective in 

Table 1 
The list of abbreviations.

Abbreviations Expansions

AE Autoencoder
BiLSTM Bidirectional Long Short-Term Memory
Conv1D 1D Convolutional
CVA Common Vector Approach
FC+BN+ReLU Fully Connected + Batch Normalization + Rectified Linear Unit
FLDA Fisher Linear Discriminant Analysis
GTCC Gammatone Cepstral Coefficients
HCF Hybrid Common Vector Approach + Fisher Linear Discriminant 

Analysis
KNN K-Nearest Neighbors
LSTM Long Short-Term Memory
MFCC Mel Frequency Cepstral Coefficients
MPSA Minimum Proportional Score Algorithm
Nf Normalized features
PLDA Probabilistic Linear Discriminant Analysis
RNN Recurrent Neural Network
RUA Recognition Update Algorithm
SF-CVA Stacked Features- Common Vector Approach
SVM Support Vector Machine
TDNN Time Delay Neural Network
TPS Time Per Speaker
UBM Universal Background Model
WCCN Within-Class Covariance Normalization

Fig. 3. Alexnet structure used for spectrograms.

Fig. 4. TDNN speaker identification block diagram.
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tasks that require sequential data processing, such as speaker recogni
tion. The diagram in Fig. 6 shows the data flow in an LSTM layer with 
input x and output y with T time step. In the diagram, ht is the output 
and ct is the cell state at time step t. If the layer outputs the entire array, 
then it outputs y1,…, yT, which is equivalent to h1,…, hT. If the layer 
outputs only the last time step, the layer outputs yT , which is equivalent 
to hT. The number of channels at the output equals the number of hidden 
units of the LSTM layer [66]. The first LSTM process uses the initial state 
of the RNN and the first step of the sequence to calculate the initial 
output and updated cell state. At time step t, the process uses the current 
state of the RNN (ct− 1,ht− 1). Next, the output and updated cell state are 
calculated for the next time step of the sequence [67]. The state of the 
layer consists of the hidden state and the cell state. The hidden state at 
time step t contains the output of the LSTM layer for that time step. The 
cell state contains information learned from previous time steps. The 
layer adds or subtracts information to the cell state at each time step. 
The layer controls these updates using gates [68].

The LSMT unit consists of input gate (I), forget gate (f), cell candidate 
(g), and output gate (o). Fig. 7 indicates a diagram of an LSTM unit.

The learnable weights of an LSTM layer are the input weights W, the 
recurrent weights R, and the bias b. The matrices W, R, and b are con
catenations of the input weights, the recurrent weights, and the bias of 
each component, respectively [68]. The layer concatenates the matrices 
according to Eq. (1): 

W =

⎡

⎢
⎢
⎣

Wi
Wf
Wg
Wo

⎤

⎥
⎥
⎦, R =

⎡

⎢
⎢
⎣

Ri
Rf
Rg
Ro

⎤

⎥
⎥
⎦, b =

⎡

⎢
⎢
⎣

bi
bf
bg
bo

⎤

⎥
⎥
⎦, (1) 

where i,f ,g, and o denote the input gate, forget gate, cell candidate, and 
output gate, respectively. The cell state at time step t is given by 

ct = ft ⊙ ct− 1 + it ⊙ gt , (2) 

where ⊙ denotes the Hadamard product. The hidden state at time step t 
is given by 

dt = ot ⊙ ηc(ct), (3) 

where ηc is the state activation function, and the hyperbolic tangent 
function is used to calculate it. The states of the blocks of the LSTM unit 
at time t can be written using Eq. (4). 

it = ηg(Wixt +Ridt− 1 + bi)

ft = ηg
(
Wf xt +Rf dt− 1 + bf

)
(4) 

gt = ηc
(
Wgxt +Rgdt− 1 + bg

)

ot = ηg(Woxt +Rodt− 1 + bo)

The RNN-LSTM network architecture in this study consists of an 
input layer, an LSTM layer with 120 hidden units, a fully connected 
layer, a softmax classification layer, and the classification output. Fig. 8
illustrates the RNN-LSTM structure used for 40-dimensional feature 
vectors, where N represents the number of classes.

2.2.4. The autoencoder+ softmax classifier
An autoencoder is a neural network trained to get its input at the 

output. The training phase of an autoencoder does not require labeled 
data and is, therefore, unsupervised [69]. The training process is based 
on the optimization of a cost function. The cost function measures the 
error between the input and the recreation of the input at the output. 
The autoencoder reduces the input data size in the hidden layer by 
removing unimportant features. The features in the hidden layer are 
smaller than the original input data size. In the study, the 40, 86, and 
107-dimensional input feature vectors were reduced to 38, 80, and 90 

Fig. 5. Structure of the TDNN network applied in the study.
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dimensions, respectively, in the hidden layer of the autoencoder. For 
classification, the features obtained in the hidden layer were classified 
using Softmax. The L2 wt Regularization value was set to 0.004. Fig. 9
shows the autoencoder structure used in the test phase, with 90-dimen
sional features in the hidden layer.

2.2.5. The i-vector classifier
An “i-vector” system has become the state-of-the-art speaker recog

nition technique [70]. These i-vector systems reduce large input data to 
a small-dimensional feature vector while retaining the most relevant 
information [71]. The i-vector extractor transforms the sequence of 
feature frames into a single low-dimensional vector representing the 
entire utterance. A Universal Background Model (UBM) is required to 
collect statistics from the speech utterances. The UBM contains N 
Gaussian components and includes mean vectors μ(n), covariance 
matrices Σ(n), and weights ω(n). Fig. 10 shows the block diagram of the 
i-vector system used for testing. The study used UBM with 64 Gaussian 
components to obtain the i-vector. The i-vectors used had dimensions of 
40, 50, and 60.

First, the feature vectors are applied to the i-vector extractor. The 
GMM supervector is computed, and then the i-vector is extracted. For 
post-processing, LDA, within-class covariance normalization (WCCN), 
and whitening are applied to the i-vectors. Then, PLDA generates as 
many score values as the number of classes, and the class (speaker) with 

the highest score value is selected. For post-processing, LDA is first 
applied to the speakers’ i-vector. LDA tries to minimize the intra-class 
variance and maximize the variance between speakers. We first find 
the intra-class and inter-class scatter matrices for LDA using Eq. (5) and 
Eq. (6). 

Sb =
∑S

s=1
(as − a)(as − a)

ʹ
(5) 

Sw =
∑S

s=1

1
ns

∑ns

i=1

(
as

i − as
)(

as
i − as

)ʹ
(6) 

Where as is the average of the i-vectors for each speaker, a is the average 
i-vector for all speakers and ns is the number of utterances for each 
speaker. The best eigenvectors are found using Eq. (7). 

Sbv = λSwv (7) 

The eigenvectors with the highest eigenvalues are then used to find 
the LDA projection matrix and projected i-vectors. WCCN attempts to 
scale the i-vector space inversely to the intraclass covariance so that 
aspects of high intra-speaker variability are not emphasized in i-vector 
comparisons [72]. The intraclass covariance matrix (WCNN) was found 
using Eq. (8). 

W =
1
S
∑S

s=1

1
ns

∑ns

i=1

(
as

i − as
)(

as
i − as

)ʹ
(8) 

Where s represents the number of speakers, B is computed using Cho
lesky decomposition. The WCNN projection matrix is found by multi
plying the LDA projection matrix. The WCNN projection matrix is 
applied to the training dataset, and trained i-vectors are obtained. A 
whitening matrix is then found using the trained i-vectors. This whit
ening matrix is applied to the trained i-vectors to perform whitening. 
After this process, score values are found for the i-vectors using PLDA, 
for the test signal, features and i-vectors are found, respectively. The i- 
vectors are then post-processed and finally classified using PLDA. The 
system performance is evaluated in terms of accuracy (%). In addition to 
i-vector+PLDA, i-vector+BiLSTM, i-vector+KNN, i-vector+SVM, i-vec
tor+CVA, i-vector+SF-CVA, and i-vector+HCF classifiers were used in 
the study.

Fig. 6. The diagram of the data flow in an LSTM layer.

Fig. 7. The diagram of the data flow in an LSTM layer.

Fig. 8. The structure of the RNN-LSTM network for 40-dimensional feature vectors.
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2.2.6. The KNN classifier
In the k-nearest neighbors algorithm, a vector is classified by mul

tiple votes of its neighbors [73]. Here, the vector is assigned to the most 
common class among its k nearest neighbors (k is a positive integer, 
typically small). In the study, k-values of 5 and 10 were used. Addi
tionally, the Euclidean distance criterion was utilized.

2.2.7. The CVA and SF-CVA classifiers
The common vector approach (CVA) is a subspace classification 

method used in speech and image recognition. In this method, a vector 
containing the invariant features of each class is obtained, referred to as 
the “common vector” [74]. If there are c classes in the training set, each 
with k examples, there will be a total of m = k × c examples in the 
training set. Here, m represents the number of vectors belonging to a 
speaker class, and n is the size of each vector. CVA can be applied in both 
cases of sufficient data (m ≥ n) and insufficient data (m < n) [74]. If we 
represent the rth signal sample of class I with xi

j in the n-dimensional 
space, the within-class scatter matrix Sw is given as follows: 

Sw =
∑c

i=1

∑k

r=1

((
xi

r − μi
)(

xi
r − μi

)T
)

(9) 

Here, μi represents the average vector of the ith class. It is divided into 
two subspaces perpendicular to each other: the difference subspace B 
and the indifference subspace B┴┴. The indifference subspace B┴┴ is 
spanned by the eigenvectors corresponding to the zero eigenvalues of 
the matrix Sw. If P and P matrices are taken as the projection matrices of 
B and B┴┴ subspaces, respectively; the projections of the samples in the 
training set into B┴┴ subspace will be as follows [30,31]. The common 
vector of the ith class (xi

com) is indicated in Eq. (10). 

xi
com = xi

r − Pxi
r = Pxi

r, r = 1, 2,…, k, I = 1, 2,…, c (10) 

CVA was used in two ways in the study. First, classical CVA was 
applied to the speaker’s feature vectors. Secondly, in the testing phase, 
the feature vectors of each speaker were stacked and projected to the 
indifference subspace using the P projection matrix, and a common 
vector was found and compared with the common vectors which were 
obtained by stacking the feature vectors of each speaker and projecting 
them onto the indifference subspace during the training phase. A similar 
process was applied to the test feature vectors, followed by CVA clas
sification. This approach is referred to as Stacked Features-CVA (SF- 
CVA).

Fig. 9. An autoencoder structure with 90-dimensional features in the test phase.

Fig. 10. Block diagram of i-vector system.
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2.2.8. The HCF classifier
A hybrid classifier was implemented using CVA and FLDA, following 

a methodology similar to the HDF algorithm [29] based on recognition 
performance in image recognition. This classifier is referred to as Hybrid 
CVA+FLDA (HCF). Similar to HDF, the Minimum Proportional Score 
Algorithm (MPSA) and Recognition Update Algorithm (RUA) are 
employed in the HCF classifier. Classification with the MPSA approach is 
based on the performance scores obtained instead of Euclidean distance. 
The classifier with the highest performance is determined as the base 
classifier. If this base classifier misclassifies any test signals according to 
the Euclidean distance, these signals can be assigned to the correct class 
using the performance scores from both the base classifier and the other 
classifier. With the proposed mathematical method, the performance 
score matrix 

(
Sk

uv
)

of the classifiers for the samples belonging to all 
classes is as follows [29], 

Sk
uv =

(
dk

xmin

dk
xuv

)2

+

(
dk

xmin

dk
xuv

)2

… +

(
dk

xmin

dk
xuv

)2

, u = 1, 2,…, n and v

= 1, 2,…,m, (11) 

where dk
xmin 

represents the minimum Euclidean distance among classes 
for a given test signal x, where u denotes the class index, n indicates the 
total number of classes, k symbolizes the index of a specific classifier, v 
refers to the test signal index, and m represents the number of samples. 
The classifiers’ effectiveness is evaluated using the MPSA algorithm. 
These classifiers are scored using a matrix of overall performance values 
(S2

uv,S1
uv) across all test signals. Subsequently, for each test signal v within 

class u, the disparity in scores (difu,v = S2
uv − S1

uv) is calculated. If the 
difference is positive, the classifier 1 has better performance, and this 

positive difference is added to its performance score 
(

pf1). Conversely, if 

the difference is negative, the classifier 2 has better performance, and the 
performance value (pf2) of the classifier 2 is assigned the absolute value 
of this difference. Following the conclusion of this process, the summed 
performance scores for pf1 and pf 2 are allocated to ts1 and ts2 respec
tively. The comparison of total scores, where ts1 exceeds ts2, suggests 
that classifier 1 outperforms classifier 2 across all test signals, resulting in 
its selection as the base classifier. If not, classifier 2 is chosen [29].

Algorithm 1. Minimum Proportional Score Algorithm.
Input: S1

uv ,S2
uv, s1=0, s2=0.

Output: pf1, pf2, ts1, ts2, b cl //b_cl: base classifier.
1. for u = 1 : n do
2. for v = 1 : m do
3. difu,v = S2

uv-S1
uv

4. if difu,v > 0
5. s1 = s1+ 1
6. pf1(s1) = difi,j
7. else
8. s2 = s2+ 1

(continued on next column)

(continued )

9. pf2(s2) =

⃒
⃒
⃒difi,j

⃒
⃒
⃒

10. end for
11. end for
12. end for

13. ts1 = sum
(

pf1
)

14. ts2 = sum
(

pf2
)

15. if ts1 > ts2

16. b cl = classifier1

17. else
18. b cl = classifier2

19. end for
20. end algorithm

Using the MPSA algorithm, the base classifier is chosen, after which 
the RUA method is applied. The previously mentioned euc_class1 and 
euc_class2 matrices are transformed into class1 and class2 matrices. The 
RUA method uses a recognition matrix called euc_class, based on 
Euclidean values from the base classifier. Any misclassifications in this 
matrix are corrected using the performance score matrices (S2

uv, S1
uv) 

from the base and another classifier. For a test signal, if both classifiers 
correctly classify the signal, the updated recognition matrix (up_rec) is 
marked as “cc” (correct classification). If not, it is marked as “fc” (false 
classification). The up_rec matrix has dimensions n × m, representing n 
classes and m test signals [29]. The details of the RUA algorithm are 
given below.

Algorithm 2. Recognition Update Algorithm.
Input: S2

uv ,S1
uv, class1, class2 , b cl

Output: up rec
1. for u = 1 : n do
2. for v = 1 : m do
3. if 

(
class1(u,v) = cc

)
&
(
class2(u,v) = cc

)

4. up rec{u,v} = cc;
5. elseif 

(
class1(u,v) = fc

)
&
(
class2(u,v) = fc

)

6. up rec{u,v} = fc;
7. elseif 

(
class1(u,v) = cc

)
&
(
class2(u,v) = fc

)
& S1

uv<S2
uv & b cl = classifier2

8. up rec{u,v} = cc;
9. elseif 

(
class1(u,v) = fc

)
&
(
class2(u,v) = cc

)
& S1

uv>S2
uv & b cl = classifier1

10. up rec{u,v} = cc;
11. elseif 

(
class1(u,v) = cc

)
&
(
class2(u,v) = fc

)
& S2

uv<S1
uv& b cl = classifier2

12. up rec{u,v} = fc;
13. elseif 

(
class1(u,v) = fc

)
&
(
class2(u,v) = cc

)
& S2

uv>S1
uv& b cl = classifier1

14. up rec{u,v} = fc;
15. elseif 

(
class1(u,v) = fc

)
&
(
class2(u,v) = cc

)
& b cl = classifier2

16. up rec{u,v} = cc;
17. elseif 

(
class1(u,v) = cc

)
&
(
class2(u,v) = fc

)
& b cl = classifier1

18. up rec{u,v} = cc;
19. end for
20. end for
21. end for
22. end algorithm

Fig. 11 shows the block diagram for the testing phase of HCF, which 

Fig. 11. The block diagram for the testing phase of HCF.

S. Keser and E. Gezer                                                                                                                                                                                                                          Digital Signal Processing 156 (2025) 104811 

9 



is a Hybrid classifier [29].

2.2.9. The SVM classifier
As a robust classifier, the SVM aims to find a separating hyperplane 

between two classes [75]. SVM classifiers can use kernel functions to 
solve nonlinear classification problems. Kernel functions map input 
vectors into a higher-dimensional space, allowing data that cannot be 
linearly classified in the input space to become linearly classifiable in the 
expanded space. In this study, Gaussian and polynomial kernels were 
used.

3. Experimental studies

The experimental studies were conducted for the MNIST, TIMIT, and 
Voxceleb1 databases with 60, 120, and 1251 speakers, respectively. The 
entire study was performed using 5-fold cross-validation. The signals of 
the speakers in the Voxceleb1 database were fixed to 4 s, and 40 audio 
files were used for each speaker. In addition to accuracy, the perfor
mance of the classifiers was evaluated based on test computation time 
and complexity.

3.1. Feature extraction

Before extracting the features, pre-processing is applied to each 
speech signal, and the feature vectors are obtained. The pre-emphasis 
filter used in the study is H(z) = 1 – 0.97z⁻1. After pre-processing, fea
tures are extracted from the speech signals. Normalization is applied to 
all features, including the MFCC and GTCC combinations. This process is 
illustrated in Eq. (12). 

Nf = (f − M)
/
S (12) 

Where M is the mean of the features, S is the standard deviation of the 
features, and Nf is the normalized features. Accuracy rates were obtained 
using machine learning, deep learning, and subspace classifiers, sepa
rately, using noisy and clean speech signals for each feature type. For 
MFCC and GTCC features, the speech signals were divided into 30 ms 
frames with a 15 ms overlap. Four different feature extraction methods 
were applied to each speech signal. The first method includes MFCC and 

pitch frequency features; the second method includes GTCC and pitch 
frequency features; the third method includes GTCC, MFCC, pitch fre
quency, and spectral features (entropy, kurtosis, skewness, slope, spec
tral centroid, zero cross-ratio, short-time energy), and the fourth method 
includes spectrograms. Table 2 shows the total dimensions of the MFCC 
and GTCC features used in the study.

Mel Spectrogram shows the intensity of various frequency compo
nents in the speech signal, usually using a color map representing in
tensity. The spectrogram’s horizontal axis represents time, and the 
vertical axis represents frequency (on the Mel scale). Sample Mel spec
trograms of some speech signals used in the study are shown in Fig. 12
for the MNIST database. The dimensions of these spectrograms are 227 
× 227.

In the study, spectrograms were resized to 227 × 227 to be applied to 
AlexNet. In addition to these features, i-vector and AlexNet feature 
vectors were used with PLDA, BiLSTM, KNN, SVM, CVA, SF-CVA, and 
HCF classifiers for speaker identification. In total, six different feature 
extraction methods were examined.

3.2. Performance metrics

In the study, the identification accuracy of all speakers is calculated. 
The average of these identification accuracies represents the overall 
identification accuracy of the proposed speaker identification system. 
The accuracy rates are found using Eq. (13). 

Ac =
Correctly identified recordings

Total testing recordings
× 100 (13) 

The computation time of the classifiers for the test data was evalu
ated in seconds. This process is calculated by averaging the computation 
time per speaker of the classifiers for the two databases according to Eq. 
(14). 

TPSk =
Total computation time for test

The number of speakers per database
, k = 1,2,…,C (14) 

where k is the classifier index, C is the number of classifiers used in the 
study, and TPS is the time per speaker. The TPS value is found separately 
for the MNIST and TIMIT databases, and then the two TPS values are 
averaged.

Table 2 
The total dimensions of the study’s MFCC and GTCC features.

MFCC+GTCC+Pitch+7 spectral features MFCC+GTCC+Pitch+7 spectral features MFCC+Pitch features GTCC+Pitch features

20 MFCC 13 MFCC 13 MFCC 13 GTCC
20 Δ MFCC 13 Δ MFCC 13 Δ MFCC 13 ΔGTCC
20 ΔΔ MFCC 13 ΔΔ MFCC 13 ΔΔ MFCC 13 ΔΔ GTCC
13 GTCC 13 GTCC Pitch Pitch
13 ΔGTCC 13 ΔGTCC ​ ​
13 ΔΔ GTCC 13 ΔΔ GTCC ​ ​
Pitch Pitch ​ ​
7 spectral features 7 spectral features ​ ​
​ ​ ​ ​
107-dimensional feature 86-dimensional feature 40-dimensional feature 40-dimensional feature

Fig. 12. Some Mel-spectrograms of a speaker’s different utterances.
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3.3. Performance evaluation of classifiers

In the study, the accuracy rates of the classifiers were presented in 
Table 3, using MFCC + pitch (13 MFCC + 13 ΔMFCC + 13 ΔΔ MFCC +
pitch) and GTCC + pitch (13 GTCC + 13 ΔGTCC + 13 ΔΔ GTCC + pitch) 
features for the MNIST and TIMIT databases. Table 4 shows the accu
racies obtained for noisy speech signals using the same feature types. All 
accuracy rates were calculated using 5-fold cross-validation.

In Table 3, the classifiers that achieved the highest accuracy were SF- 
CVA and RNN-LSTM. In Tables 3 and 4, SF-CVA achieved the highest 
accuracy rates across all datasets. For the MNIST dataset, SF-CVA ach
ieved 99.67% accuracy with MFCC + Pitch and 99.33% with GTCC +
Pitch. For the TIMIT dataset, SF-CVA achieved 98.50% accuracy with 
MFCC + Pitch and 97.50% with GTCC + Pitch. For the TIMIT dataset, 
RNN-LSTM achieved 94.71% accuracy with MFCC + Pitch and 92.10% 
with GTCC + Pitch. For the Voxceleb1 dataset, all classifiers had lower 
accuracy rates. SF-CVA achieved 65.78% accuracy with MFCC + Pitch 
and 63.53% with GTCC + Pitch.

In Table 4, for the MNIST dataset, SF-CVA achieved 99.67% accuracy 
with GTCC + Pitch. For the TIMIT dataset, SF-CVA achieved 94.45% 
accuracy with MFCC + Pitch and 93.33% with GTCC + Pitch. RNN- 

Fig. 13. Training process for RNN-LSTM.

Table 5 
Accuracy results that found using MFCC+ GTCC+Pitch+Spectral features for clean speech signals.

MNIST TIMIT Voxceleb1

Classifiers (86-dimensional) (107 -dimensional) (86-dimensional) (107 -dimensional) (86-dimensional) (107 -dimensional)

AE+Softmax 97.80 99.25 96.42 96.84 55.72 57.64
RNN-LSTM 99.04 99.23 97.75 97.15 59.06 61.25
TDNN 96.49 98.69 95.25 95.94 58.74 59.86
CVA 78.67 81.01 89.12 93.93 53.83 55.48
SF-CVA 98.66 99.00 99.00 99.33 69.62 71.76
HCF 81.05 83.81 92.51 96.18 56.94 58.36
i-vector+PLDA 92.25 94.25 97.10 98.74 53.28 54.72

Table 6 
Accuracy results that found using MFCC+ GTCC+Pitch+Spectral features for noisy speech signals.

MNIST TIMIT Voxceleb1

Classifiers (86-dimensional) (107 -dimensional) (86-dimensional) (107 -dimensional) (86-dimensional) (107 -dimensional)

AE+Softmax 92.50 94.02 92.53 93.41 49.46 51.78
RNN-LSTM 92.56 95.64 86.97 89.91 52.12 53.85
TDNN 84.64 87.12 80.39 82.41 51.17 52.56
CVA 70.20 72.95 83.93 88.16 49.06 51.14
SF-CVA 99.00 99.33 97.91 99.00 64.27 67.46
HCF 75.99 77.23 87.17 90.45 52.44 54.56
i-vector+PLDA 88.36 92.43 86.98 89.14 47.55 48.93

Table 7 
Accuracy results that found using Alexnet for clean speech signals.

Classifiers MNIST TIMIT Voxceleb1

Alexnet+Softmax 96.56 91.34 46.88
Alexnet+SVM 85.07 81.20 40.22
Alexnet+KNN 76.43 85.92 41.74
Alexnet+CVA 81.08 77.56 39.78
Alexnet+ SF-CVA 99.52 98.81 72.43
Alexnet+HCF 86.49 84.77 42.25

Table 8 
Accuracy results that found using Alexnet for noisy speech signals.

Classifiers MNIST TIMIT Voxceleb1

Alexnet+Softmax 93.06 87.16 41.56
Alexnet+SVM 82.72 74.90 35.96
Alexnet+KNN 73.30 72.44 35.22
Alexnet+CVA 75.29 72.61 33.27
Alexnet+ SF-CVA 99.16 96.66 65.45
Alexnet+HCF 79.87 81.78 37.78
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LSTM achieved 93.58% accuracy with MFCC + Pitch and 93.40% with 
GTCC + Pitch on the MNIST dataset. For the TIMIT dataset, TDNN 
achieved 82.94% accuracy with MFCC + Pitch and 84.75% with GTCC +
Pitch. For the Voxceleb1 dataset, SF-CVA achieved 60.85% accuracy 
with MFCC + Pitch and 59.46% with GTCC + Pitch. Fig. 13 shows an 
example of the RNN-LSTM training process using 107-dimensional fea
tures, 50 epochs, the Adaptive Moment (Adam) optimization algorithm, 
and a learning rate 0.001.

Tables 5 and 6 present the accuracy results obtained by combining 
MFCC + GTCC + Pitch + Spectral features. The i-vector + PLDA model 
consists of 128 components, and for 86- and 107-dimensional features, 
the total variability space (TVS) ranks are 80 and 90, respectively.

In Table 5, the AE + Softmax, RNN-LSTM, SF-CVA, and TDNN 
classifiers achieved the highest accuracy rates. Among them, SF-CVA 
provided the highest accuracy compared to the other three classifiers. 
For the Voxceleb1 dataset, SF-CVA achieved 69.62% accuracy with 
MFCC + Pitch and 71.76% with GTCC + Pitch.

Table 6 gives the accuracy results for noisy speech signals using the 
same feature sets. AE + Softmax achieved 94.02% accuracy for the 
MNIST dataset and 92.53% for the TIMIT dataset. RNN-LSTM also 
performed well on noisy data, achieving 95.64% accuracy for MNIST 
and 89.91% for TIMIT. SF-CVA again performed the best on the MNIST 
and TIMIT datasets, achieving 99.33% and 99% accuracy, respectively. 
Tables 7 and 8 present the accuracy results of the 4096-dimensional 
AlexNet features tested on clean and noisy speech datasets classified 
by various classifiers. In Table 7, AlexNet + SF-CVA achieved the highest 
accuracy, reaching 99.52% in MNIST and 98.81% in TIMIT, showing 
strong performance in speaker identification tasks. AlexNet + Softmax 

also performed well, achieving 96.56% accuracy for MNIST and 91.34% 
for TIMIT. AlexNet + HCF outperformed other classifiers, such as KNN 
and SVM, achieving an accuracy of about 86.49%. For the Voxceleb1 
dataset, SF-CVA achieved an accuracy of 67.46%.

In Table 8, AlexNet+SF-CVA continued to perform strongly, main
taining high accuracy rates of 99.16% for MNIST and 96.66% for TIMIT, 
demonstrating robustness to noise. AlexNet+Softmax also performed 
well under noisy conditions, achieving 93.06% accuracy for MNIST and 
87.16% for TIMIT, though with a slight decrease compared to clean 
data.

Speaker identification was performed by extracting 40-, 50-, and 60- 
dimensional i-vector features, as shown in Tables 9 to 12. The universal 
background model (UBM) for the i-vector+PLDA system consists of 64 
components. The total variability space (TVS) rank was set to 40, 50, and 
60, extracting 40-, 50-, and 60-dimensional i-vectors for each speech 
signal.

Table 9 presents the performance of i-vector combined with various 
classifiers. I-vector + SF-CVA consistently achieved excellent accuracy, 
reaching 99.66% on both the MNIST and TIMIT datasets. For MNIST, i- 
vector + KNN achieved 99.16% accuracy. The i-vector + BiLSTM also 
performed well, particularly for TIMIT, which achieved 98.86% accu
racy with 60-dimensional i-vectors. The i-vector + HCF demonstrated 
strong performance across clean and noisy environments, particularly 
for the TIMIT dataset. Table 10 shows the results for the Voxceleb1 
dataset. The highest accuracies were 72.59% for I-vector + SVM and 
85.25% for i-vector + SF-CVA.

Table 11 gives the accuracy rates of i-vectors obtained from noisy 
speech signals.

Table 9 
Accuracy results that found using i-vector for clean speech signals.

MNIST TIMIT

Classifiers 40- dimensional 50-dimensional 60-dimensional 40-dimensional 50-dimensional 60-dimensional

i-vector + PLDA 92.65 95.00 94.97 88.48 88.83 92.41
i-vector + KNN 98.83 98.98 99.16 81.89 78.02 82.38
i-vector + BiLSTM 95.33 95.42 96.58 98.26 98.20 98.86
i-vector + SVM 89.13 96.34 96.53 76.20 75.67 76.58
i-vector + CVA 90.76 91.67 92.86 97.01 98.59 99.25
i-vector + SF-CVA 99.00 99.33 99.66 99.16 99.33 99.66
i-vector + HCF 97.08 98.01 97.06 98.13 99.32 99.29

Table 10 
Accuracy results that found using i-vector for clean speech signals.

Voxceleb1

Classifiers 40- dimensional 50-dimensional 60-dimensional

I-vector + PLDA 62.75 63.24 65.38
i-vector + KNN 59.42 59.85 61.86
i-vector + BiLSTM 63.35 63.71 64.58
i-vector + SVM 70.69 71.21 72.59
i-vector + CVA 55.28 55.86 58.28
i-vector + SF-CVA 79.14 80.76 81.25
i-vector + HCF 56.02 57.34 60.77

Table 11 
Accuracy results that found using i-vectors for noisy speech signals.

MNIST TIMIT

Classifiers 40-dimensional 50-dimensional 60-dimensional 40-dimensional 50-dimensional 60-dimensional

i-vector + PLDA 88.07 89.51 91.34 78.17 79.38 82.76
i-vector + KNN 94.51 95.04 96.31 72.83 72.83 74.86
i-vector + BiLSTM 87.69 90.85 93.23 85.83 87.33 90.28
i-vector + SVM 87.41 92.74 94.24 71.16 69.33 72.83
i-vector + CVA 88.92 91.19 91.85 91.67 92.23 93.46
i-vector + SF-CVA 98.33 99.33 99.33 95.66 98.33 99.16
i-vector + HCF 91.87 93.10 92.10 93.33 95.45 95.88

Table 12 
Accuracy results that found using i-vectors for noisy speech signals.

Voxceleb1

Classifiers 40- dimensional 50-dimensional 60-dimensional

i-vector + PLDA 59.25 60.41 62.03
i-vector + KNN 54.27 55.23 57.54
i-vector + BiLSTM 58.73 59.48 60.37
i-vector + SVM 66.84 67.45 69.12
i-vector + CVA 51.58 52.12 55.89
i-vector + SF-CVA 71.40 72.71 74.78
i-vector + HCF 55.43 55.86 59.75
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According to Table 11, the two best-performing classifiers for MNIST 
are i-vector + SF-CVA and i-vector + KNN. For the two databases, SF- 
CVA achieves accuracies between 98.33% and 99.66% for MNIST and 
95.66% to 99.16% for TIMIT. In addition, i-vector + HCF consistently 
achieved over 91% accuracy for both databases. In Table 12, the highest 
accuracies were 69.12% for i-vector + SVM and 78.78% for i-vector +
SF-CVA.

Fig. 14 indicates the highest accuracy rates obtained with the clas
sifiers using clean and noisy speech signals for the MNIST database.

Fig. 15 and 16 show the highest accuracy rates found for the TIMIT 
and Voxceleb1 databases.

Table 13 provides the computational complexity and the average 
time per sample (TPS) of the classifiers for the MNIST, TIMIT, and 
Voxceleb1 databases. Due to the nature of their algorithms, the classi
fiers with the lowest TPS are SF-CVA, CVA, and HCF.

The results of our study are compared with those of other studies 
using similarly sized databases. Table 14 gives our methods’ speaker 
identification accuracy rates and other studies in [49,55,76-91]. As can 

Fig. 14. The highest accuracy rates of classifiers for the MNIST database.

Fig. 15. The highest accuracy rates of classifiers for the TIMIT database.

Fig. 16. The highest accuracy rates of classifiers for the Voxceleb1 database.
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be seen from Table 14, the accuracy rate of most of the classifiers used in 
our proposed study is higher than in other studies.

4. Conclusions

This study compares machine and deep learning classifiers for 
speaker identification, including developing novel subspace classifiers 
such as SF-CVA and HCF. Our findings reveal that SF-CVA consistently 
achieved superior accuracy across multiple datasets, particularly 
excelling in noisy environments, where it reached 99.66% accuracy on 
the MNIST dataset and high accuracy on the TIMIT dataset. In addition 
to SF-CVA, other classifiers also demonstrated strong performance. For 
instance, RNN-LSTM and AE + Softmax exhibited high accuracy rates, 
particularly in clean speech conditions, making them valuable alterna
tives in scenarios where deep learning approaches are preferred. The 
TDNN also performed competitively, especially on the TIMIT dataset, 
demonstrating its effectiveness in sequential data processing tasks. For 
the Voxceleb1, the highest accuracy rate was 81.25% using i-vector SF- 
CVA. However, other classifiers have lower accuracy rates.

SF-CVA stood out not only for its accuracy but also for its compu
tational efficiency, enabling fast processing. Moreover, its ability to 
isolate noise in the difference vectors while preserving the essential 
features of the speaker in the common vectors further enhanced its 
robustness in noisy speech signals. Overall, SF-CVA emerged as a leading 
classifier, while the strong performance of RNN-LSTM, AE + Softmax, 
and TDNN emphasizes the importance of considering multiple ap
proaches depending on the application context. The results show that 
subspace classifiers and advanced deep learning techniques are robust 
tools for speaker identification, especially when accuracy and compu
tational efficiency are crucial.

Credit author statement

SK did the writing, reviewing, editing, and software. EG prepared 
references, prepared figures, and checked sentences.

Funding

No funding was received to assist with the preparation of this 
manuscript.

Declaration of competing interest

The authors declare that they have no known competing financial 

Table 13 
The values of computational time and complexity for the test.

Classifier Average 
TPS 
(second)

Time Complexity Explanation

Alexnet+Softmax 0.071 O
(

n2.d2.f
)

n: The input 
dimension 
d: The kernel/filter 
size 
f: The number of 
filters

Alexnet+SVM 0.42 O(ns.d) ns : The number of 
support vectors 
d: the 
dimensionality of 
the input

Alexnet+KNN 0.28 O(n.k) n: the number of 
samples 
k: the number of 
neighbors

Alexnet+CVA 0.035 O
(
k.n2) n: the 

dimensionality of 
the input 
k: the number of 
classes

Alexnet+SF-CVA 0.019 O
(
n2) n: the 

dimensionality of 
the input

Alexnet+HCF 0.092 O
(
k.n2)+ O(f) O(f): the extra step 

from FLDA
AE+Softmax 0.0053 O(n.d)+ O(k) n: the number of 

frames 
d: the number of 
neurons in the 
hidden layer 
O(k): Softmax

RNN-LSTM 0.122 O
(

T⋅
(

n⋅h + h2
))

T: number of frames 
n: the 
dimensionality of 
the input 
h: the number of 
hidden units

TDNN 0.148 O
(

T⋅
∑L

i=1
(ki⋅wi⋅ki− 1)

)
T: number of frames 
ki: Number of 
neurons in layer i. 
wi: Width of the time 
window in layer i. 
ki− 1:Number of 
neurons in the 
previous layer.

CVA 0.0069 O
(
k.n2) n: the 

dimensionality of 
the input 
k: the number of 
classes

SF-CVA 0.0051 O
(
n2) n: the 

dimensionality of 
the input

HCF 0.0128 O
(
k.n2)+ O(f) O(f): the extra step 

from FLDA
i-vector+PLDA 0.028 O(T⋅K⋅n)+ O

(
n2⋅F

)
F: The 
dimensionality of 
the i-vectors 
T: The number of 
frames in the test 
utterance 
K: The number of 
components in the 
UBM 
n: The feature 
dimension

i-vector+KNN 0.0061 O(n.k) n: the number of 
samples 
k: the number of 
neighbors

i-vector+BiLSTM 0.0026 O
(

T⋅
(

n⋅h + h2
))

T: number of frames 
n: the  

Table 13 (continued )

Classifier Average 
TPS 
(second)

Time Complexity Explanation

dimensionality of 
the input 
h: the number of 
hidden units

i-vector+SVM 0.23 O(ns.d) ns: The number of 
support vectors 
d: the 
dimensionality of 
the i-vectors

i-vector+CVA 0.00049 O
(
k.n2) n: the 

dimensionality of 
the input 
k: the number of 
classes

i-vector+SF-CVA 0.00029 O
(
n2) n: the 

dimensionality of 
the input

i-vector+HCF 0.0032 O
(
k.n2)+ O(f) O(f): the extra step 

from FLDA
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