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Abstract. This work examines the issue of person identification based on voice 

signals. Speech-based biometric systems are widely used in information securi-

ty, human-computer interaction, and intelligent information systems. However, 

noise, channel effects, and high dimensionality of features can negatively affect 

the system's accuracy. This study investigated the development of noise-

resistant and computationally efficient recognition algorithms based on a voice 

dataset consisting of 50 English speakers. Acoustic features such as MFCC, 

LPC, PLP, spectral centroid, energy, and entropy were extracted from speech 

signals, and a single feature vector was formed through feature fusion of these 

features. In this research, person recognition methods were thoroughly studied, 

with the main focus on two important approaches: feature fusion and feature 

space reduction using Principal Component Analysis (PCA) and Independent 

Component Analysis (ICA). Extensive experiments were conducted on various 

speech datasets characterized by different noise levels and numbers of speakers. 

The study yielded good results for a single dataset and classifiers. To reduce re-

dundant and mutually correlated parts of features, dimensionality reduction 

methods - PCA and ICA - were applied to the feature space. The resulting fea-

tures were evaluated using K-Nearest Neighbors (KNN) and Linear Discrimi-

nant Analysis (LDA) classifiers. These results indicate a significant increase in 

computational speed and speaker recognition efficiency due to the feature fu-

sion and feature space reduction approaches. 

Keywords Speaker identification, speaker verification, feature extraction, fea-

ture fusion, feature space reduction, PCA, ICA, KNN, LDA. 

1 Introduction 

This work presents an extended analysis of speaker recognition (SR) systems, focus-

ing on feature fusion methods applied to speech datasets of various sizes [1]. In the 

approach proposed in this study, the model integrates 18 distinct features via feature 
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fusion, including mel-frequency cepstral coefficients (MFCC), linear predictive cod-

ing (LPC), perceptual linear prediction (PLP), root mean square (RMS) value, cen-

troid and entropy features, as well as their corresponding delta (∆) and delta-delta 

(∆∆) feature vectors. Experimental results demonstrated that feature fusion of differ-

ent features together with their associated delta and delta-delta components leads to a 

significant increase in speaker recognition accuracy. This resulted in improved recog-

nition rates for noise-free voice data using linear discriminant (LD) and K-nearest 

neighbor (KNN) classifiers. Furthermore, the Equal Error Rate (EER) for speaker 

verification was reduced compared to using a single feature. 

Feature fusion of numerous features may appear beneficial for capturing diverse as-

pects of the data; however, it can introduce dimensionality-related challenges, includ-

ing increased computational complexity, overfitting, and reduced efficiency. In the 

effective design of speaker recognition systems, it is crucial to balance the number of 

features with the desired performance indicators and computational constraints. To 

address this issue, methods for reducing the feature space are employed, including 

Principal Component Analysis (PCA) and Independent Component Analysis (ICA). 

These techniques compress data by reducing dimensionality while preserving the 

most important features. Consequently, the training process accelerates and computa-

tional efficiency improves [2,3]. 

The main achievements of this work are as follows: 

• We have conducted a detailed study of methods for reducing the feature space, spe-

cifically designed to address the complexities of high-dimensional data in speaker 

recognition systems. 

• Overall, the research emphasizes the importance of feature fusion in speaker recog-

nition systems and demonstrates the advantages of feature space reduction methods. 

• The aim is to achieve an optimal feature fusion strategy that not only improves 

recognition accuracy but also reduces the dimensionality of the feature space and 

enables faster computation. 

• Our proposed models provide reliable solutions for improving the efficiency of rec-

ognizing various numbers of speakers in noisy environments, using English-language 

speech datasets containing 50 speakers. Our models are adaptable and can be applied 

to a wide range of application domains and datasets with different scales and charac-

teristics. 

2 Problem Statement 

The primary objective of the research is to enhance the accuracy and computational 

efficiency of speaker recognition algorithms by integrating various acoustic features 

extracted from voice signals and reducing their dimensionality using PCA and ICA 

methods. 

• To achieve this goal, the following tasks were established: 

• extracting MFCC, LPC, PLP, and additional spectral features from speech signals; 

• fusing the features into a single feature-level vector; 

• reducing the dimensionality of features using PCA and ICA methods; 
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• evaluating identification accuracy using KNN and LDA classifiers; 

• comparing and analyzing the obtained results. 

3 Proposed methodology 

3.1 Exploration of the problem 

Our primary goal is to develop the most optimal set of features that enhance accuracy, 

reduce errors, and improve computational efficiency, thereby conserving computa-

tional resources. Moreover, we aim to create a universal approach that can be applied 

to datasets of varying sizes. In the field of speaker recognition, relatively few studies 

have focused on computational time. Our proposed work addresses this gap by 

providing detailed information about computational time, which is a crucial factor 

alongside accuracy and error rates. To achieve this objective, we present two distinct 

approaches for speaker identification (SI). 

1. Methodology for feature fusion: Feature fusion, which transforms features from 

various sources or databases into a single, enriched feature set, is considered a funda-

mental approach in speaker recognition systems. Spectral features, encompassing 

frequency, power (energy), and other signal properties such as MFCC, LPC, PLP, 

spectral centroid, and entropy, provide a stable foundation. On the other hand, prosod-

ic features include auditory characteristics such as stress, pitch variation, and intona-

tion (e.g., RMS). Although spectral features, especially MFCC, have demonstrated 

higher performance compared to pitch-based systems (e.g., pitch, RMS), their com-

bined use provides unparalleled stability, which is crucial for recognition systems. 

Furthermore, feature derivatives enable the quantitative assessment of subtle changes 

in voice signals. We aimed to increase accuracy by extracting six features and calcu-

lating their derivatives and second-order derivative values [6-9]. 

2. Feature space reduction: This approach focuses on reducing the dimensionality of 

the feature set, optimizing computational processes, while preserving crucial infor-

mation for accurate speaker recognition. Principal Component Analysis (PCA) and 

Independent Component Analysis (ICA) are applied in our work to reduce the feature 

space. However, it should be noted that feature fusion is a complex process that may 

slow down the computational process. Therefore, carefully considering the balance 

between PCA and ICA is important to ensure equilibrium between computational 

efficiency and information retention [13-16]. 



316 

 
Fig. 1. Proposed approach for the speaker recognition model. 

3.2 The approach to feature fusion (Approach 1) 

Feature fusion is the process of harmonizing features extracted from various sources 

or databases to create a comprehensive and enriched set of features. This integration 

enhances the distinctiveness of speech features, thereby facilitating more accurate 

classification and speaker recognition [1]. Figure 2 illustrates the approach to feature 

fusion applied to voice data. 

 
Fig. 2. Method of feature fusion 

Methods of feature extraction. Mel-frequency cepstral coefficients (MFCC) [17; 

18] are often used in automatic speech recognition [19] and are generated by correlat-

ing filter banks based on a Type 2 discrete cosine transform. They were introduced in 

the 1980s by Davis and Mermelstein, with the idea stemming from an attempt to pre-

serve important phonetic information from speech that may have syntactic changes 

and variations in duration. MFCC extracts features that are more independent of such 

variations [20]. Mel-scale filter banks have a high degree of correlation, as triangular 

filters partially overlap each other. Applying the discrete cosine transform to each 

filter bank yields the Mel-frequency cepstral coefficients (MFCC). Usually, half of 

them are discarded, as higher-numbered filter banks indicate rapid changes in high 



317 

energy. Mel-frequency cepstral coefficients are less susceptible to additive interfer-

ence. Based on psychoacoustic theory [11], MFCC features are widely used in speak-

er recognition systems. The 𝑖-vector speaker recognition system proposed by Dehak 

et al. [12] considers MFCCs as the primary source of speech features. 

The selection of the primary 13 DCT coefficients as mel-frequency cepstral coeffi-

cient (MFCC) features by converting mel-scale frequencies to a logarithmic scale and 

applying discrete cosine transform (DCT) is established in these works [10,11,21-23]. 

Linear Predictive Coding (LPC) is a method of computing the current sample by line-

arly combining previous samples, where inverse filtering is applied to eliminate for-

mants from speech signals, resulting in a residual signal. To calculate LPC coeffi-

cients, the VQ-LBG algorithm is used, in which vector quantization (VQ) of LPC 

coefficients is performed in the Linear Spectral Frequency (LSF) domain to reduce 

the data transmission rate. 

Understanding the autoregressive (AR) version of speech is crucial for determining 

LPC. The sound signal is modeled as a 𝑝-order AR technique, which is expressed by 

equation (1), where each sample at the 𝑛-th moment is influenced by 𝑝 previous sam-

ples and 𝑢(𝑛) Gaussian noise. The LPC coefficients are denoted by 𝑎 and are deter-

mined using the Yule-Walker equations described in equations (2) - (4), with the solu-

tion given in expression (5). For simplicity, only the first 13 LPC coefficients are 

used. More detailed information about the proposed LPC features, VQ-LBG algo-

rithm, and calculation steps can be found in works [24,25]. Linear predictive coding 

(LPC) is indeed a powerful method, but it may have limitations, particularly sensitivi-

ty to changes in sampling rate and reliance on assumptions about speech signal char-

acteristics. Therefore, in our proposed work, we complement LPC with a number of 

additional features to enhance the robustness and effectiveness of the speaker recogni-

tion system. 
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The final form of the Yul-Walker expressions is represented by equations (3) and (4). 
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Expression (5) provides the final solution for determining the LPC coefficients. 
1a D r−= −                                                         (5) 

In this research, PLP markers are selected due to their effectiveness in noise reduc-

tion, reverberation suppression, and echo cancellation, which increases overall per-

formance efficiency. Extracting PLP features involves several steps, including pre-
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emphasis, cube root compression, and removal of unnecessary speech data [5,26,27]. 

Thirteen PLP features are determined by calculating the average of all PLP features 

for each voice, which effectively reduces system complexity using PYTHON soft-

ware [26,27]. To match the dimensions of PLP features with the dimensions of other 

features, the average value of each frame is calculated, resulting in 13×1 feature vec-

tors in each frame. Figure 2 provides a visual representation of the feature extraction 

process for MFCC, LPC, and PLP features. 

The spectral centroid (SC) determines the center of gravity of the spectrum, which 

is considered important, and represents a unique value that expresses the frequency 

domain characteristic of the speech signal. A high SC value indicates that the signal is 

strong [28], which is calculated using expression (6). The variable 𝑥𝑖 represents the 𝑖 -
th part of the speech signal, while 𝑥𝑖𝑘 denotes the amplitude value in the 𝑘-th fre-

quency interval of the 𝑖-th part of the speech signal. 
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Spectral entropy (SE). To calculate entropy as a feature, the following steps are 

carried out: 

• We calculate the power spectral density 𝑠(𝑓) for the signal 𝑥(𝑡). 

• Based on the selected frequency range, we calculate the power of the spectral range. 

After calculating the power of the spectral range, we normalize the power in the se-

lected range. 

• We calculate the spectral entropy using expression (8) [29]. 
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The root mean square (RMS) is a measure that indicates the amplitude of an audio 

signal. It is calculated by taking the square root of the sum of the mean squares of the 

sound sample amplitudes. The RMS formula is given in expression (9) [30]. Here, 

𝑥1, 𝑥2, … 𝑥𝑛 represent 𝑛 observations, and 𝑥𝑟𝑚𝑠 denotes the RMS value for these 𝑛 

observations. 
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Delta features are crucial for reflecting the rate of change in voice features, espe-

cially the power dynamics of speech signals relative to noise. Valuable dynamic in-

formation is extracted from speech signals using delta (∆) and delta-delta (∆∆) fea-

tures [4,9,23]. The calculation of the ∆𝑧 feature is carried out by subtracting the pre-

vious feature fz−1 from the current feature fz, as shown in equation (10). 

1z zz f f − = −                                                  (10) 

Similarly, the feature ∆∆𝑧 is obtained by subtracting the current feature ∆𝑧 from 

the previous feature ∆∆z−1, as shown in equation (11). 

1zz z − =  −                                                (11) 
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Feature fusion method. The following steps were taken to select a model for fea-

ture fusion: 

1. All 18 features were tested separately using speech data from 50 speaking English. 

2. Out of the 18 features, the 2 best features with the highest SI accuracy and the low-

est average EER value were selected. 

3. When determining the best model, the average accuracy and average EER values 

across three classifiers were taken into account. LPC and PLP were identified as the 

first and second best features, respectively. Equation (12) shows the method for calcu-

lating the average accuracy based on the results of all three classifiers. 

LD KNN
   

2
Averageaccuracy resault

+
=                               (12) 

4. In the second stage, the best LPC and PLP features are separately fused with the 

remaining 17 features. Two more best models are selected from this process. The two 

best models identified at this stage were the combination model of MFCC and LPC, 

and the combination model of PLP and LPC. 

5. In the third stage, the remaining 16 features are separately combined with the two 

best models selected from the second stage, resulting in a three-feature fusion config-

uration. 

6. Feature fusion configurations involving 4 to 18 features are performed in the same 

manner, and at each stage, the two best-performing models are selected. A total of 

315 models are tested for the dataset. 

 

3.3 Methods of reducing the feature space (Approach 2) 

To address the computational challenges associated with feature fusion in Approach 

1, specifically to simplify the time-consuming and labor-intensive process of identify-

ing the best models, a more efficient solution is needed. To overcome these issues, 

feature space reduction algorithms have been developed, aimed at simplifying calcu-

lations by reducing the size of training samples. 

Principal Component Analysis (PCA). One of the widely used methods in this 

regard is Principal Component Analysis (PCA). PCA addresses the complexity prob-

lem arising in high-dimensional space by reducing the dimensions while preserving 

the components that represent the maximum variance of the data. In high-dimensional 

spaces, data points are usually sparse, making them difficult to generalize and study. 

PCA identifies the directions (principal components) in which the data vary the most 

and projects the data onto a lower-dimensional subspace covered by these compo-

nents. This reduces the dimensionality of the space while retaining most of the im-

portant information in the data. 

The steps performed in PCA are as follows [31]: 

1. Loading input data: The feature fusion model, which serves as the input dataset, 

is fed into the PCA algorithm. 

2. Subtracting the mean: The mean value of the data is subtracted from each fea-

ture in the initial dataset. This step ensures the centralization of data around the origin 

of the coordinate system. 
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3. Calculating the covariance matrix: The covariance matrix of the dataset is calcu-

lated. This matrix reflects the relationships and variations between different features. 

4. Determining eigenvectors: The eigenvectors associated with the largest eigen-

values of the covariance matrix are identified. These eigenvectors represent the direc-

tions of maximum variance in the dataset. 

5. Projecting the dataset: The initial dataset is projected onto the eigenvectors ob-

tained in the previous step. This projection transforms the data into a lower-

dimensional subspace spanned by the eigenvectors. 

6. By following these steps, PCA effectively reduces the dimensionality of the da-

taset while preserving the most important information and capturing the most signifi-

cant variations in the data [31,32]. 

Independent Component Analysis (ICA). ICA was first proposed in the 1980s by 

J. Herault, C. Jutten, and B. Ans, who developed an iterative algorithm for real-time 

processing [33]. Independent Component Analysis (ICA) is a method of dimension-

ality reduction in feature space, aimed at extracting independent components from a 

dataset. It is an extended version of PCA, allowing the identification of latent factors 

or sources that contribute to the formation of observed data. ICA is widely used in 

signal processing and data analysis due to its ability to separate mixed signals into 

their original sources. 

The main steps performed in ICA can be summarized as follows: 

1. Preprocessing: As in PCA, data is usually preprocessed - centered to provide a 

common reference point, and features are scaled to ensure equal contribution from 

each feature. 

2. Whitening: Whitening is performed to transform the data into a new representa-

tion, where features are uncorrelated with each other and their variance is set to 1. 

This step helps eliminate any linear dependencies between features. 

3. Determination of non-Gaussianity criterion: The ICA method aims to find com-

ponents that are statistically as independent as possible. Various non-Gaussianity 

measures, such as kurtosis or negentropy, are used to quantify the degree of deviation 

from Gaussianity and to guide the process of separating independent components. 

4. Optimization: The main task of ICA is to maximize the non-Gaussianity criteri-

on for each component. This is achieved through an optimization process that in-

volves finding weights or mixing matrices that maximize the non-Gaussianity criteri-

on. 

5. Iterative estimation: ICA often involves an iterative estimation process to better 

separate independent components. 

6. Reconstruction: After independent components are obtained, they can be used to 

reconstruct the original dataset or further analyzed for specific purposes, such as fea-

ture extraction or signal separation [32-34]. 

These approaches to reducing the feature space help identify the best models in the 

integration process more quickly and effectively. 
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3.4 Classification 

Linear Discriminant Analysis (LDA) Classifier. The Linear Discriminant Analysis 

(LDA) classifier is a statistical classification method based on finding the linear pro-

jection that best reveals the differences between classes. Its principle is to project data 

from a given feature space in such directions that the within-class scatter is minimized 

while maximizing the between-class separation. In practice, LDA relies on the mean 

vector and pooled covariance for each class, and the decision boundary takes the form 

of a hyperplane (i.e., the classification is "linear"). Consequently, LDA is computa-

tionally efficient, performs robustly on small and medium-sized datasets, and yields 

particularly good results when classes are approximately normally distributed with 

similar covariances. However, LDA's capabilities may be limited if the data are 

strongly nonlinearly separable or if class covariances differ significantly. Comprehen-

sive information about LDA is provided in reference [35]. 

K-Nearest Neighbors (KNN) Classifier. The K-Nearest Neighbors (KNN) ap-

proach is a method of classifying unknown data points based on their similarity to 

neighboring data points. In this approach, the parameter K indicates the number of 

dataset elements that contribute to the classification process, and it is set to K=5 for 

this specific work. The KNN algorithm can be summarized in the following steps 

[36]: 

1. We select the value of K, which represents the number of neighbors. 

2. We calculate the Euclidean distance between the unknown given point and its K 

nearest neighbors. 

3. We classify the K nearest neighbors according to the calculated Euclidean distanc-

es. 

4. We count the number of data points in each class. 

5. We assign the new data point to the class with the highest count. 

4 Evaluation 

4.1 Database preparation 

In the proposed work, we used a dataset consisting of 50 English speakers. The da-

taset comprises 2,511 speech samples from 50 speakers in total. For classification 

studies, the dataset was divided into training (70%) and testing (30%) subsets using 

stratified sampling. We used 1,758 samples for the training set and 753 samples for 

the testing set. The average duration of each sample was approximately 59 seconds, 

with the total duration of speech being approximately 41 hours. All audio files are 

stored in WAV format and recorded in mono. The recordings have sampling frequen-

cies of 16 kHz and 22.05 kHz; however, to ensure accuracy in feature extraction, all 

signals were resampled to 16 kHz. 

4.2 Evaluating the Effectiveness of Speaker Identification (SI) 

Speaker recognition accuracy evaluates the system’s ability to correctly identify dif-

ferent speakers based on their voices. This is crucial as it provides security, personali-
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zation, efficiency, and convenience for applications that utilize voice communication 

or authentication. The accuracy of Speaker Identification (SI), calculated using 

PYTHON’s classification learning library, encompasses all proposed models with 

both classifiers. Simplified results tables only reflect the models with the highest ac-

curacy. Accuracy is determined by the ratio of correctly identified speakers voices to 

the total number of voices in the dataset (equation 13). 

Number of voices correctly identified

Total number of audio files
Accuracy =                       (13) 

4.3 Evaluating the Effectiveness of Speaker verification (SV) 

For the SV problem, EER values are calculated using PYTHON for each model. The 

EER is determined by the intersection point of the receiver operating characteristic 

(ROC) curve and the diagonal axis from (0, 1) to (1, 0), which corresponds to the 

false positive rate [37, 38]. 

Figure 3 shows the ROC curve and EER point for individual MFCC and LPC fea-

tures, as well as feature fusion configurations—including fusion of all features and ∆-

fusion—constructed by isolating and pairing their feature vectors in various combina-

tions. The figure also reports the results of feature-space reduction using PCA and 

ICA, with all experiments evaluated using the KNN classifier. We observe that the 

ROC curve closer to the point (1, 0) yields the lowest EER, indicating better perfor-

mance compared to other applied methods. Thus, based on this curve, we can con-

clude that among all the methods used, the feature space reduction method using the 

ICA technique produces the best results. 

 
Fig. 3. ROC curve for English speech data from 50 speakers using the KNN classi-

fier 

Figure 4 depicts the ROC curve and EER point for various feature vectors using the 

LDA classifier. These include individual MFCC, PLP, and LPC features, as well as 

feature fusion configurations—such as fusion of all features, ∆-fusion, and their vari-

ous combinations—together with feature-space reduction methods based on PCA and 

ICA. We observe that the ROC curve closer to the point (1, 0) yields the lowest EER, 

indicating better performance compared to other applied methods. Thus, based on this 
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curve, we can conclude that among all the methods used, the feature space reduction 

method using ICA technique produces the best results. 

 
Fig. 4. ROC curve for English speech data from 50 speakers using the LDA classifier 

5 Results Discussion 

5.1 Optimal results were achieved through feature fusion (Approach 1) 

Tables 1-2 reflect the results of speaker recognition using individual features such as 

MFCC and LPC, as well as their associations and performance indicators of the most 

effective feature fusion model. This model achieves the highest accuracy and the low-

est equivalent error level (EER) in experiments conducted on a dataset of 50 speakers. 

The presented data demonstrates the advantages of feature fusion, which is consistent-

ly preferable to relying on a single feature or a limited number of fusion configura-

tions. Tables 1-2 include only the classification method that yielded the best results. 

In the experiment, the results achieved through the feature fusion approach showed 

that the best Speaker Identification (SI) accuracy and Equal Error Rate (EER) values 

obtained using the Linear Discriminant (LD) classifier were 97.4% accuracy with an 

EER value of 0.18% for 50 speakers. Similarly, the best SI accuracy and EER values 

obtained using the K-Nearest Neighbors (KNN) classifier were 95.82% accuracy with 

an EER value of 0.39% for 50 speakers. Below, we present the classification results 

using the feature fusion approach for the dataset of 50 speakers (Tables 1-2). 

Table 1. Comparison of results using the feature fusion approach, with classification imple-

mented in the LDA classifier. 

Feature used (Model) 
Classifier 

Model 

Training 

Time (s) 

Testing 

Time (s) 

SI Accuracy 

(%) 
SV EER (%) 

MFCC LDA 0.026 0.0004 97.01 0.22 

LPC LDA 0.023 0.0003 94.22 1.37 
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PLP LDA 0.065 0.006 95.8 0.65 

Fusion (MFCC+LPC+PLP+ 

+entropy+RMS+centroid) 
LDA 0.028 0.0004 97.01 0.24 

∆Fusion LDA 0.029 0.0003 93.03 0.79 

∆∆Fusion LDA 0.029 0.0004 93.43 0.75 

Fusion+∆Fusion LDA 0.047 0.0005 97.21 0.18 

Fusion+∆∆Fusion LDA 0.046 0.0005 97.21 0.18 

∆Fusion+∆∆Fusion LDA 0.045 0.0005 93.83 0.58 

Fusion+∆Fusion+∆∆Fusion LDA 0.082 0.0005 97.4 0.18 

Table 2. Comparison of results using the feature fusion approach, with classification imple-

mented in the KNN classifier. 

Feature used (Model) 
Classifier 

Model 

Training 

Time (s) 

Testing 

Time (s) 

SI Accuracy 

(%) 
SV EER (%) 

MFCC KNN 0.002 1.355 95.82 0.41 

LPC KNN 0.002 0.015 95.42 0.82 

PLP KNN 0.004 0.08 94.9 0.72 

Fusion (MFCC+LPC+PLP+ 

+entropy+RMS+centroid) 
KNN 0.002 0.013 96.81 0.39 

∆Fusion KNN 0.0021 0.016 85.28 2.62 

∆∆Fusion KNN 0.0021 0.017 84.48 2.40 

Fusion+∆Fusion KNN 0.0034 0.048 94.62 0.98 

Fusion+∆∆Fusion KNN 0.0034 0.017 94.42 0.72 

∆Fusion+∆∆Fusion KNN 0.0032 0.015 87.27 2.20 

Fusion+∆Fusion+∆∆Fusion KNN 0.0037 0.019 93.43 0.90 

Figure 5 illustrates how speaker recognition accuracy varies with different feature 

fusion sizes (i.e., different numbers of fused features) across multiple classification 

methods. Analysis of the graphs shows that increasing the number of features general-

ly improves accuracy. However, it should be emphasized that randomly adding fea-

tures does not guarantee better results. Furthermore, different feature fusion configu-

rations exhibit varying performance across classifiers. These methods aim to identify 

the most informative features and reduce redundancy, maximizing the discriminative 

ability of the feature set. By reducing the feature space, we can improve the feature 

fusion process, thereby enhancing the robustness and effectiveness of speaker recog-

nition systems under various noise conditions and across datasets of different sizes. 
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Fig. 6. Graph showing the change in SI accuracy when using feature fusion. 

5.2 Optimal results using the feature space reduction approach (Approach 2) 

Tables 3-6 present the best results achieved when applying the PCA and ICA methods 

for feature space reduction, including the computation times for both the training and 

testing phases. 

Table 3. Comparison of results using the PCA method for feature space reduction. Classifica-

tion was performed using the LDA classifier. 

Feature used (Model) 
Classifier 

Model 

Training 

Time (s) 

Testing 

Time (s) 

SI Accuracy 

(%) 
SV EER (%) 

Fusion (MFCC+LPC+PLP+ 

+entropy+RMS+centroid)+PCA 
LDA 0.02 0.0003 98.60 0.39 

∆Fusion+PCA LDA 0.02 0.0003 96.22 0.41 

∆∆Fusion+PCA LDA 0.03 0.0003 96.02 0.44 

Fusion+∆Fusion+PCA LDA 0.03 0.0003 97.81 0.37 

Fusion+∆∆Fusion+PCA LDA 0.03 0.0003 97.81 0.46 

∆Fusion+∆∆Fusion+PCA LDA 0.03 0.0003 96.42 0.37 

Fusion+∆Fusion+∆∆Fusion+PCA LDA 0.02 0.0003 97.61 0.22 

 

Table 4.  Comparison table of results using the PCA method for feature space reduction, with 

classification performed using the KNN classifier. 

Feature used (Model) 
Classifier 

Model 

Training 

Time (s) 

Testing 

Time (s) 

SI Accuracy 

(%) 
SV EER (%) 

Fusion (MFCC+LPC+PLP+ 

+entropy+RMS+centroid)+PCA 
KNN 0.001 0.01 96.62 1.72 
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∆Fusion+PCA KNN 0.001 0.014 94.23 1.18 

∆∆Fusion+PCA KNN 0.001 0.014 93.43 1.11 

Fusion+∆Fusion+PCA KNN 0.001 0.012 95.82 1.28 

Fusion+∆∆Fusion+PCA KNN 0.001 0.013 97.01 0.98 

∆Fusion+∆∆Fusion+PCA KNN 0.001 0.013 95.62 0.97 

Fusion+∆Fusion+∆∆Fusion+PCA KNN 0.001 0.012 96.42 0.79 

Table 5.  Comparison of results using the ICA method for feature space reduction. Classifica-

tion was performed using the LDA classifier. 

Feature used (Model) 
Classifier 

Model 

Training 

Time (s) 

Testing 

Time (s) 

SI Accuracy 

(%) 
SV EER (%) 

Fusion (MFCC+LPC+PLP+ 

+entropy+RMS+centroid)+ICA 
LDA 0.03 0.0003 98.40 0.34 

∆Fusion+ICA LDA 0.03 0.0003 96.42 0.40 

∆∆Fusion+ICA LDA 0.03 0.0003 96.02 0.41 

Fusion+∆Fusion+ICA LDA 0.03 0.0003 97.21 0.22 

Fusion+∆∆Fusion+ICA LDA 0.03 0.0003 97.61 0.47 

∆Fusion+∆∆Fusion+ICA LDA 0.03 0.0003 96.81 0.55 

Fusion+∆Fusion+∆∆Fusion+ICA LDA 0.03 0.0003 97.61 0.22 

Table 6.  Comparison of results using the ICA method for feature space reduction. Classifica-

tion was performed using the LDA classifier. 

Feature used (Model) 
Classifier 

Model 

Training 

Time (s) 

Testing 

Time (s) 

SI Accuracy 

(%) 
SV EER (%) 

Fusion (MFCC+LPC+PLP+ 

+entropy+RMS+centroid)+ICA 
KNN 0.001 0.012 96.62 1.72 

∆Fusion+ICA KNN 0.001 0.015 93.24 1.19 

∆∆Fusion+ICA KNN 0.001 0.012 94.23 1.01 

Fusion+∆Fusion+ICA KNN 0.001 0.015 95.82 1.28 

Fusion+∆∆Fusion+ICA KNN 0.001 0.013 97.01 0.98 

∆Fusion+∆∆Fusion+ICA KNN 0.001 0.013 95.02 0.89 

Fusion+∆Fusion+∆∆Fusion+ICA KNN 0.001 0.011 96.42 0.79 

Tables 3-6 present the calculated accuracy of speaker identification (SI) and the equal 

error rate (EER) for PCA and ICA methods in reducing the highest-dimensional fea-

ture space. According to these results, the PCA method yielded the best outcomes. 

When using the LD (linear discriminant) classification method, the best SI accuracy 

was 98.6% with an EER of 0.22%. Additionally, when employing the KNN (K-

nearest neighbor) classifier, the best SI accuracy was recorded at 97.01% with an EER 

of 0.79%. 
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Fig. 6. Graph showing the change in SI accuracy through the PCA method of reduc-

ing the feature space. 

The best results obtained using the ICA method were achieved when applying the LD 

(linear discriminant) classification method, with the highest SI accuracy of 98.4% and 

an equal error rate (EER) of 0.22%. Additionally, when using the KNN (K-nearest 

neighbor) classifier, the best SI accuracy was 96.62% with an EER of 0.79%. 

 

Fig. 7. Graph showing the change in SI accuracy through the ICA method of reducing 

the feature space 
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5.3 System Configuration 

The research used PYTHON software and NVIDIA GeForce RTX 3090 Ti (24GB) 

GPUs for calculating training and testing times. 

6 Conclusions 

In this research, we attempted to solve the problem of speaker recognition through 

less informative learning through various approaches. We proposed a novel feature 

extraction method based on feature space reduction techniques. Our research encom-

passed an in-depth study of speaker recognition, feature fusion, and the application of 

Principal Component Analysis (PCA) and Independent Component Analysis (ICA) 

methods for feature space reduction. Our newly proposed feature space reduction 

method, applied to reduced feature vectors, partially improved speaker recognition 

performance across various classification methods. Notably, we increased speaker 

recognition accuracy to 97.4% through feature fusion. Additionally, when applying 

PCA and ICA feature space reduction methods along with LD and KNN classifiers, 

we achieved an Equal Error Rate (EER) of 0.22% in speaker verification. In conclu-

sion, the LDA classifier demonstrated high effectiveness when used in combination 

with feature space reduction methods across various noise levels and dataset sizes, 

indicating its potential for practical applications. 
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