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Abstract 

Speaker  identification  among  identical  twins  remains  a  significant  chal enge  in  voice-based  biometric  systems, particularly  under  emotional  variability.  Emotions  dynamical y  alter  speech  characteristics,  reducing  the  ef ectiveness  of conventional identification algorithms. To address this, we propose a hybrid deep learning architecture that integrates gender and emotion classification with speaker Identification, tailored specifical y to the complexity of identical twin voices. The system combines  Emphasized  Channel  At ention  Propagation  and  Aggregation  in  Time  Delay  Neural  Network  (ECAPA-TDNN) embeddings for speaker-specific representations, Power Normalized Cepstral Coef icients (PNCC) for noise-robust spectral features, and Maximal Overlap Discrete Wavelet Transform (MODWT) for ef ective time-frequency denoising. A Radial Basis Function Neural Network (RBFNN) is employed to refine and fuse feature vectors, enhancing the discrimination of emotion-related cues. An at ention mechanism further emphasizes emotional y salient pat erns, fol owed by a Multi-Layer Perceptron (MLP) for final classification. The model is evaluated on speech datasets from RAVDESS, Google Research, and a proprietary corpus of identical twin voices. Results demonstrate significant improvements in speaker and emotion recognition accuracy, especial y  under  low  signal-to-noise  ratio  (SNR)  conditions,  outperforming  traditional  Mel  Cepstral-based  methods.  The proposed system’s integration of robust audio fingerprinting, feature refinement, and at ention-guided. 

Keywords:  Emphasized  Channel  At ention  Propagation  and  Aggregation  in  Time  Delay  Neural  Network  (ECAPA-TDNN), Radial  Basis  Function  Neural  Network,  Multi-Layer  Perceptron  (RBFNN),  speaker  identification,  emotion recognition, identical twins. 

Introduction 

Speaker identification remains a cornerstone of biometric authentication systems, enabling reliable access control, forensic analysis, and personalized user experiences. However, distinguishing  between speakers with highly similar vocal traits such as identical twins pose the significant challenge due to their near-identical anatomical and physiological vocal structures. These similarities result in minimal acoustic variability, rendering conventional speaker recognition techniques less effective. The difficulty is further compounded when emotional variability is introduced, as emotions dynamically alter speech features, including pitch, tone, rhythm, and spectral content. This dual complexity genetic similarity and emotional modulation necessitates the development of more robust and adaptive speaker identification systems. 
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Conventional biometric systems often rely on fixed or handcrafted features such as Mel-Frequency Cepstral Coefficients  (MFCCs),  which  may  fail  to  capture  the  noised  variations  introduced  by  emotions,  especially  in genetically similar individuals. Moreover, these features can degrade significantly in noisy environments or under low  signal-to-noise  ratio  (SNR)  conditions,  limiting  their  applicability  in  real-world  settings.  Addressing  these limitations  requires  a  sophisticated  process  that  integrates  noise  robust,  emotionally  sensitive,  and  speaker-discriminative feature extraction and classification techniques. 

To meet these challenges, the present study proposes a hybrid deep learning framework that fuses speaker identification, gender recognition, and emotion classification into a unified, resilient architecture. The proposed system  leverages  ECAPA-TDNN  embeddings  to  capture  speaker-specific  characteristics,  Power-Normalized Cepstral Coefficients (PNCC) for extracting noise-robust spectral features, and Maximal Overlap Discrete Wavelet Transform (MODWT) for advanced time-frequency domain denoising. These diverse features are concatenated and refined  through a Radial Basis Function Neural Network  (RBFNN), enhancing the separability of emotion related and speaker specific information. 

To further improve performance, an attention mechanism is introduced to dynamically weight emotionally salient features, then passed to a Multi-Layer Perceptron (MLP) for final classification. The system is evaluated using a combination of publicly available datasets RAVDESS and Google Research as a proprietary dataset of identical twin voices and emotional based voices. Experimental results demonstrate that the proposed architecture significantly  outperforms  traditional  MFCC  based  methods,  especially  under  emotionally  expressive  and  noisy conditions.  Addressing  both  inter  speaker  similarity  and  emotional  variability,  this  research  contributes  to  the development of more robust and accurate voice based biometric systems also analyse the Biometric Authentication along with Gender Recognition. The hybrid framework not only enhances the precision of speaker recognition in identical twins but also offers broader applications in security, surveillance, and forensic domains, where emotional speech  and  speaker  similarity  often  co-occur.  Ultimately,  this  study  underscores  the  importance  of  combining advanced engineering, deep learning architectures, and attention mechanisms to push the boundaries of voice biometrics. 

1.  Literature Survey 

Even while speaker identification and emotion detection have advanced significantly over time, there are still problems, especially when differentiating between speakers who have similar vocal traits, such identical twins (Li, & Zhang, 2015) Conventional techniques, such as Hidden Markov Models (HMM) and Gaussian Mixture Models (GMM),  have  been  extensively  employed  in  speaker  recognition  systems;  nevertheless,  they  frequently  fail  to handle emotional fluctuation in speech (Ghosal et al., 2019; Lee et al., 2021). There has been concern about the challenge of differentiating identical twins based on their vocal characteristics (Kim & Park, 2018; Lee et al., 2021). 

By adding more intra-speaker variability, emotional shifts make recognition even more difficult (Zhao et al., 2020; Li et al., 2022). By more effectively capturing temporal correlations and deep feature representations, recent work in deep learning-based techniques like Convolutional Neural  Networks (CNN) and Recurrent Neural Networks (RNN) has demonstrated promise for overcoming these obstacles (Zhang & Li, 2018). However, it is still unclear how to distinguish the voices of identical twins (Lee et al., 2021; Duan & Wei, 2020). 

Despite  extensive  research  on  its  potential  uses  in  human-computer  interaction,  emotion  recognition remains a difficult task, especially when speakers are quite similar, in case of identical twins (Zeng & Li, 2018). 

Although methods like as Power Normalized Cepstral Coefficients (PNCC) have been used because of their ability to  reliably  extract  emotional  aspects  from  speech,  it  is  still  challenging  to  distinguish  emotion  from  speaker identification, especially in noisy settings (Singh et al., 2020; Gerven & He, 2017). While some studies (Kumar & Aggarwal,  2018;  Zhang  et  al.,  2019)  have  examined  the  application  of  wavelet  transforms  to  improve  feature robustness under changeable emotional situations, others (Kim & Park, 2018) have concentrated on the difficulty of differentiating between twins. Nevertheless, despite these developments, there is still a lack of research that 70 
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explicitly addresses how emotional variability affects identical twin recognition; the majority of studies concentrate on emotion classification or generic speaker recognition (Duan & Wei, 2020; Kim & Kim, 2021). 

To address these issues, our work suggests a hybrid deep learning framework that combines ECAPA-TDNN 

for speaker embeddings, PNCC for robust feature extraction, and Maximal Overlap Discrete Wavelet Transform (MODWT) for noise filtering (Inapagolla, 2023). This framework addresses both speaker identification and emotion classification under emotional variability. In order to improve  separability amongst speaker identities, including identical twins, the model additionally uses a Radial Basis Function Neural Network (RBFNN) to modify the feature set (Zhang & Li, 2017; Liu & Wang, 2020). In order to increase classification accuracy in low signal-to-noise ratio (SNR) circumstances, we further employ an attention mechanism to concentrate on emotionally significant stimuli (Inapagolla, 2025). Particularly in noisy settings, our system performs better than conventional Mel Frequency Cepstral Coefficients (MFCC)-based techniques. It also has great potential for use in biometric authentication and forensic speaker identification, particularly when it comes to identical twin voice recognition (Yang & Zhao, 2021; Singh & Patel, 2020). 

2.  Research Methodology 

In order to overcome the difficulties of speaker identification and emotion recognition while dealing with identical twin voices, the suggested method integrates a number of cutting-edge techniques. The raw audio signal is first subjected to time-frequency denoising using the Maximal Overlap Discrete Wavelet Transform (MODWT), which lessens the effect of noise and maintains important signal information at various scales. In order to extract noise-resilient spectral features that offer more accurate representations of speech under emotional fluctuation, the Power Normalized Cepstral Coefficients (PNCC) are then calculated. After that, these features are fed into an ECAPA-TDNN network, which learns the temporal dynamics of speech to provide speaker-related embeddings. 

The feature vectors are refined using a Radial Basis Function Neural Network (RBFNN) to further improve the separability  of  emotion-related  data.  For  applications  that  demand  emotion-aware  speaker  identification,  the RBFNN's capacity to map non-linear correlations between input features enables improved discrimination between emotional  states.  To  make  sure  the  model  emphasizes  the  pertinent  cues  for  both  emotion  classification  and speaker identification, an attention mechanism is then used to concentrate on the speech signal's most emotionally salient segments. The final classification is then carried out by a Multi-Layer Perceptron (MLP) classifier, which incorporates  the  improved  characteristics  into  an  all-encompassing  decision-making  procedure.  The  system's ability to discriminate speakers and emotions under a variety of circumstances particularly in low SNR environments is tested on a number of datasets, including Google Research, RAVDESS, and a bespoke twin voice dataset. 

Dataset Explanation 

This dataset records identical twins' facial and vocal responses in reaction to various emotions during two life periods (childhood and the present). Both face motion videos and audio recordings are used to convey these emotions, which include contempt, grief, happiness, anger, and surprise. A restricted voice tone that frequently reflects aversion, elevated upper lips, and nose wrinkles are common signs of disgust. Drooping eyes, downturned lips, and a slow, soft voice that reflects emotional heaviness are all signs of sadness. On the other hand, a smile, crinkling  eyes,  and  a  cheerful,  higher-pitched  voice  that  exudes  excitement  and  positive  energy  are  signs  of happiness.  Raised  brows,  tightened  lips,  and  a  sharp,  occasionally  stronger  vocalization  often  with  a  tight  or aggressive tone are all signs of anger. Last but not least, expressions of surprise include wide open eyes, elevated eyebrows, a momentary open mouth, and a higher vocal pitch that conveys shock or abrupt recognition. This extensive dataset offers important insights into the emotional development of identical twins by enabling a thorough investigation of the ways in which these emotions are communicated through both facial expressions and aural signals. 
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Available Twin Databases 

Table  1  provides  a  comparative  overview  of  publicly  available  twin-related  datasets  commonly  used  in biometric and speech emotion recognition research. The datasets vary in size, type of data collected, and the apparatus used for data capture. The 3D TEC database includes 107 twin pairs and consists of 424 high-resolution 3D face scans, captured using the Minolta Vivid 910 scanner, with both neutral and smiling expressions. The ND-TWINS (2009–2010) dataset features 217 pairs and contains 24,050 face images taken under different lighting conditions and pose variations using a Nikon D90 SLR camera. The RAVDESS dataset, composed of emotional speech samples from 24 professional actors (12 male,  12 female), provides 7,356 audio files captured with a professional-grade microphone. The AVTD dataset comprises 39 twin pairs and includes a multimodal mix of 234 

images, 1,950 videos, and 239 audio recordings, collected with various high-quality cameras and microphones. 

Finally, a custom dataset collected during the International Twins Festival in China features 23 pairs of identical twins, including facial motion videos, audio from three reading sessions in English, and age-progressive images from childhood to the present, see Table1 for Dataset. This dataset includes a total of 207 recordings, emphasizing diversity in both gender and age representation. 

Table1: Dataset summary 

Database 

Pairs 

Features 

Total 

Capture Apparatus 

Reference 

3D face scans with neutral 

Minolta  Vivid  910 

3D TEC 

107 pairs 

and smiling expressions 

424 scans 

(CVRL dataset) 

CVRL Dataset 

Face images with five pose 

ND-TWINS 

217 pairs 

variations - Captured under  24,050 

Nikon  D90  SLR  Phil ips 

2009-2010 

indoor and outdoor lighting  images 

camera 

et.al.,2011 

conditions 

24  professional  Emotional  voices  of 

Audio  Technical  -  RAVDESS 

RAVDESS 

actors  12  male 

7356 files 

and 12 female 

dif erent people 

Microphone 

Dataset 

Canon  350D  DSLR,  Li et.al., 2015 

234  images,  Cannon  Power  Shot 

frontal  face  and  profile  1950  videos,  S5 IS, Sony HD video  During AVTD 

39 twin pairs 

images, facial motion 

239 

audio  camera, 

Audio- International 

videos, audio records  

Twins Festival, 

records 

Technical Condenser  China 

Microphone 

facial motion videos, audio  207 total 

records  of  3  reading  Recordings - 3  Audio  Technical-

sessions  -  Languages: 

our dataset 

23 pairs 

English  -  Gender,  age  readings  ×  3  Microphone 

Sony   

repetitions  ×  camera 

Identical  Twins  Childhood  23 pairs 

and Present images 

Facial Motion Expressions 

Anger, disgust, grief, surprise, and happiness are among the five expression motion images that make up a facial motion image. Figure provides illustrations of the five expressions, see Figure1 for facial emotions from (a) to (e). Well Text-independent facial motion recognition would benefit from additional data assistance from the free talking photos. Let’s their sound component might also be used as extra data support for text-independent twin speaker recognition with the audio recordings in the next section. 
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Figure 1. Il ustration of five expressions of identical twins. Is showing 

 

Note: (a) disgust (b) sadness (c) happiness(d) anger(e) surprise expressions in order (f) adulthood (g) childhood The audio portion of the dataset has three different texts recorded for each individual. Every participant read three texts from 1 to 10. Every exercise was read three times and recorded. Well, the samples were converted from a stereo to a mono format and re-sampled from 44 kHz to 16 kHz to conform to the pre-trained deep learning models. Twenty-three twin pairs participated in the training phase; we took care to maintain this divide throughout the work flow, see Figure 2 for poem reading of Identical Twins specified in Figure1 of (f) and (g) as Childhood. We carefully considered sample variation when creating training and testing subgroups. 

Figure 2: Il ustrates the speech sample for an Identical twin pair reading the same poem a)  Elder twin voice for a poem                                  b) Younger twin voice for a poem Proposed Block Diagram and Algorithm 

The proposed block diagram outlines a hybrid neural network architecture designed to classify speaker identity and gender based on speech emotional signals, with a particular focus on differentiating between identical twins. This system integrates a Multilayer Perceptron (MLP) and a Radial Basis Function Neural Network (RBFNN), leveraging the Maximum Overlap Discrete Wavelet Transform (MODWT) to improve classification accuracy by capturing both emotional and acoustic characteristics of speech. 

Initially, speech samples undergo pre-processing and feature extraction to obtain salient audio attributes such  as  Power-Normalized  Cepstral  Coefficients  (PNCC),  pitch,  and  energy.  Additionally,  ECAPA-TDNN 

embeddings are extracted to further enhance speaker representation. Each sample is then transformed into a unique  audio  fingerprint,  which  is  stored  in  a  reference  database  alongside  its  corresponding  emotional  state annotation. 
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When a test speech sample is introduced, it undergoes the same pre-processing and audio fingerprinting procedures. The resulting fingerprint is then compared against the database to retrieve emotion-tagged reference entries. These entries are subsequently processed by the hybrid classifier: the RBFNN module performs feature mapping, while the MLP module handles complex pattern recognition. 

This dual-network architecture (see Figure 3) ensures robust and precise identification of speaker identity and gender, particularly in challenging scenarios such as distinguishing between the voices of identical twins. The system demonstrates strong potential for applications in biometric security and forensic analysis. 

Figure 3: Block diagram of the proposed system with hybrid feature extraction 

 

This  diagram  presents  the  proposed  system  architecture,  which  adopts  a  hybrid  approach  to  feature extraction  for  speaker  identification  and  classification.  The  framework  integrates  multiple  audio  processing techniques to widely capture both acoustic and emotional attributes from speech signals. 

A key component of the system is the use of Power-Normalized Cepstral Coefficients (PNCC), an advanced feature extraction method designed to improve robustness against background noise. Unlike the traditional Mel-Frequency  Cepstral  Coefficients  (MFCC),  PNCC  incorporates  power-law  nonlinearity,  which  more  accurately models the human auditory system’s response to sound intensity. This approach enhances temporal masking and noise suppression, resulting in more reliable speech recognition across various environments. 

For classification, the architecture employs Radial Basis Function Neural Networks (RBFNN) - a type of artificial neural network that utilizes radial basis functions (typically Gaussian) as activation functions. The network comprises an input layer, a hidden layer with radial basis neurons, and an output layer. RBFNNs are well-suited for pattern recognition tasks due to their ability to model complex, nonlinear relationships, making them effective for both speaker identification and emotion recognition. 

The  system  also  incorporates  the  Maximal  Overlap  Discrete  Wavelet  Transform  (MODWT)  for  signal decomposition.  Unlike  the  standard  Discrete  Wavelet  Transform  (DWT),  MODWT  provides  shift-invariant decomposition and does not require the signal length to be a power of two. This makes it particularly effective for extracting robust features by capturing both high-frequency details and low-frequency trends in speech signals. 

Integrating PNCC for robust feature extraction, MODWT for multi-scale signal analysis, and RBFNN for precise classification, the proposed architecture forms a powerful and resilient speech recognition framework, see Table 2 

for  the  algorithm.  This  hybrid  approach  is  especially  effective  in  challenging  acoustic  environments  and  in applications requiring high precision, such as biometric authentication and forensic voice analysis. 
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Table 2: Algorithm steps of proposed for schematic diagram  

1 

Input: Raw audio signal 



Apply noise reduction 

2 

Pre-processing 

Normalize amplitude 

Apply MODWT for time-frequency features 

3 

Feature Extraction (Paral el) 

Extract PNCC features 

Extract ECAPA-TDNN embeddings 

Concatenate al  feature vectors 

Feature Fusion and 

4 

Refinement 

Pass through RBFNN (as a feature refiner or nonlinear projector) RBFNN outputs refined feature representations with improved emotion separability 5 

At ention Mechanism 

Apply at ention weights on RBFNN-refined features to emphasize emotion-relevant components 

Feed final features into MLP 

6 

Classification 

Predict emotion class 

7 

Output: Emotion label 

Speaker Identification 



This framework outlines the process for classifying emotions from raw audio input. The pipeline begins with the acquisition of unprocessed speech signals, followed by a series of pre-processing steps designed to enhance signal quality through amplitude normalization and noise reduction. Once the audio is cleaned, three types of features are extracted in parallel: (i)  speaker-independent embeddings via ECAPA-TDNN,  capturing high-level temporal and identity-invariant information; (ii) perceptually inspired features through Power-Normalized Cepstral Coefficients  (PNCC),  modelling  human  auditory  perception;  and  (iii)  time-frequency  characteristics  using  the Maximal Overlap Discrete Wavelet Transform (MODWT), preserving both temporal and spectral resolution. 

The extracted feature sets are then concatenated and refined using a Radial Basis Function Neural Network (RBFNN),  which  acts  as  a  nonlinear  projector  to  enhance  emotional  class  separability.  To  further  improve discriminative performance, an attention mechanism is applied to focus on the most emotion-relevant components of the feature representation. These processed features are subsequently passed to a Multilayer Perceptron (MLP), which performs the final emotion classification, yielding an output label such as happiness, sadness, or anger. 

Model Training Procedure 

I.  Raw Audio Signal Input - The training process begins with the acquisition of raw audio signals, typically stored in formats such as WAV or MP3. These signals encapsulate the speaker’s vocal expressions, which may convey a range of emotional states, including happiness, sadness, anger, and more. These unprocessed signals serve as the foundational input to the model. 

II.  Preprocessing - To ensure high-quality input, the raw audio undergoes essential preprocessing steps: a.  Noise Reduction - Real-world audio recordings often contain background noise, which can adversely affect the accuracy of emotion recognition models. To mitigate this, noise reduction techniques - such as spectral subtraction, Wiener filtering, or deep learning-based denoising—are employed. This step enhances signal clarity by suppressing irrelevant acoustic artifacts. 

b.  Amplitude  Normalization  -  To  eliminate  the  influence  of  volume  variability,  the  amplitude  of  the  signal  is normalized to a consistent range, typically between -1 and 1. This ensures that the model learns meaningful features from the content rather than from loudness differences. 

III.  Parallel Feature Extraction - This stage focuses on  extracting diverse and complementary features from the preprocessed audio signal, using three parallel methods: 
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a.  Time-Frequency  Feature  Extraction  using  MODWT  -  The  Maximal  Overlap  Discrete  Wavelet  Transform (MODWT) is employed to decompose the signal into components across multiple frequency bands and time intervals. Unlike traditional DWT, MODWT allows shift-invariant decomposition and is not constrained by signal length. This captures the temporal dynamics and spectral content critical for emotion recognition. 

b.  Extraction of PNCC Features - Power-Normalized Cepstral Coefficients (PNCCs) are perceptually motivated features  that  model  the  nonlinear  response  of  the  human  auditory  system  to  sound  intensity.  They  are particularly robust to noise and focus on capturing auditory cues essential for detecting emotional states in speech. 

c.  Deep Embedding via ECAPA-TDNN - The ECAPA-TDNN (Emphasized Channel Attention, Propagation, and Aggregation in Time Delay Neural Networks) is used to generate high-level embeddings from the audio. These embeddings capture speaker-specific traits and long-term dependencies in speech, which are essential for modeling emotional expression patterns. 

IV.  Feature Fusion and Refinement 

a.  Concatenation of Feature Vectors - The outputs from MODWT, PNCC, and ECAPA-TDNN are concatenated to form a unified feature vector. This composite representation provides a comprehensive summary of the input signal, integrating time-frequency details, perceptual information, and deep embeddings. 

b.  Nonlinear Projection via RBFNN - The concatenated feature vector is then passed through a Radial Basis Function Neural Network (RBFNN), which serves as a nonlinear projector or feature refiner. By transforming the  feature  space  into  a  higher-dimensional  representation,  the  RBFNN  enhances  class  separability  and emphasizes emotion-relevant characteristics. 

V.  Attention Mechanism 

a.  Application  of  Attention  Weights  to  Refined  Features  -  The  RBFNN-refined  feature  vector  is  further processed using an attention mechanism, inspired by the human cognitive ability to focus selectively on salient aspects of stimuli. This module assigns differential weights to features, prioritizing those most indicative  of  emotional  content—such  as  pitch,  prosody,  and  rhythm—thereby  enhancing  the  model’s interpretive capability. 

VI.  Classification 

a.  Emotion Prediction via Multi-Layer Perceptron (MLP) - The attention-weighted feature vector is fed into a Multi-Layer Perceptron, a fully connected neural network tasked with emotion classification. The MLP 

learns to map input features to predefined emotional categories (e.g., happiness, sadness, anger). 

b.  Probability  Estimation  and  Class  Assignment  -  The  final  layer  of  the  MLP  comprises  one  neuron  per emotion class. It outputs a probability distribution over these classes, and the emotion corresponding to the highest probability is selected as the model’s prediction. 

VII.  Output: Emotion Label - The final output is a discrete emotion label, such as happiness, sadness, anger, disgust, or surprise - reflecting the model’s interpretation of the emotional content present in the input audio signal. 

3. Experimental Results 

Classification Results for Predicted vs. Actual Emotions 

The model's ability to distinguish emotional states from speech, even in noisy environments, is demonstrated by the classification results for predicted versus actual emotions. The substantial influence of the pre-processing step is demonstrated by the images that use MODWT to represent the clean, noisy, and denoised audio signals. 

The noisy signal displays the distortion caused by background noise, whereas the clean signal displays the true speech waveform. Important emotional indications are preserved in the improved signal, which closely approaches the clean version after applying MODWT-based denoising (Figure 4). Since the model can extract more meaningful features from clearer input signals, this improvement directly contributes to the increased accuracy in emotion classification. 





76 

[image: Image 7]

Issue 1(7), 2025 



Figure 4: Images showing Clean Noise and Denoised using MODWT 

 

Evaluation Metrics 

Using  common  classification  criteria  including  accuracy,  precision,  recall,  and  F1-score,  the  suggested emotion  recognition  model  was  assessed.  The  model  showed  outstanding  generalization  after  600  epochs  of training, correctly predicting 980 out of 1,000 test samples, yielding a high overall accuracy of 98.03%. With F1-scores  above  0.97,  the  model  consistently  performed  well  across  the  five  emotion  classes  disgust,  sadness, happiness, anger, and surprise signalling a well-rounded and trustworthy classifier. 

With the highest F1-score of 0.9851 among the emotions, happiness demonstrates how well the model detects  pleasant  emotional  states.  Despite  exhibiting  more  complex  emotions,  disgust  and  sadness  both maintained high scores of 0.9799 and 0.9748, respectively. The identical F1-scores of 0.9801 for surprise and anger demonstrate how consistently the model handles intense emotions (Table 3, Table 4 for different emotions classification). These findings demonstrate how well the model reduces false positives and false negatives for every emotion category. 

Additionally, Equal Error Rate (EER), a threshold-independent statistic frequently employed in verification systems, was used to assess the robustness of the model. The EER aids in evaluating the system's  ability to discriminate between accurate and inaccurate classifications. Even when emotions share traits or are expressed in different contexts or tones, a low EER during testing suggests a substantial separation between them (see Table 4  for  EER  calculations  of  emotions).  This  demonstrates  that  the  approach  is  appropriate  for  practical implementation in acoustically demanding and emotionally varied environments. 

Table 3. Confusion matrix for voice-based emotion classification for our dataset Pred: Disgust 

Pred: Sadness 

Pred: Happiness 

Pred: Anger 

Pred: Surprise 

True: Disgust 

195 

1 

2 

1 

1 

True: Sadness 

2 

193 

1 

2 

2 

True: Happiness 

0 

1 

198 

0 

1 

True: Anger 

1 

0 

1 

191 

1 

True: Surprise 

0 

1 

0 

2 

197 
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Over 600 epochs, or 600 complete runs over the training dataset, the emotion recognition model was trained. 

The model is better able to extract intricate patterns from the data because to this prolonged training. Let’s The model balances computation efficiency and performance by using 32-bit precision, which is typical for the majority of deep learning tasks. 980 out of 1000 test samples had their emotions accurately predicted by the model, which had a high accuracy of 98.03% after training. We’ll All things considered, the model performs admirably and reliably across the five emotions. The accuracy, precision, recall, and its F1-scores are all above 0.9799. 

Table 4. Table of Metrics with Emotions of Precision, Recal , F1-Score with EER (Equal Error Rate) Emotion 

Precision 

Recal  

F1-Score 

EER% 

Disgust 

0.9849 

0.9750 

0.9799 

1.5 

Sadness 

0.9847 

0.9650 

0.9748 

2.0 

Happiness 

0.9802 

0.9900 

0.9851 

1.2 

Anger 

0.9752 

0.9850 

0.9801 

2.5 

Surprise 

0.9752 

0.9850 

0.9801 

1.5 

Average 

0.98 

0.974 

0.977 

1.74 



The confusion matrix displays a very small number of incorrect classifications, indicating good performance in a multi-class classification setting. This indicates that the  model is extremely dependable and can be used successfully in real-world situations involving the recognition of emotions from voice and facial expressions. 

Receiver Operating Characteristic (ROC) Curve and Area Under Curve (AUC) Analysis for Emotion Classification The training dataset's classification performance for the five different emotions of anger, disgust, sadness, surprise, and happiness is depicted by the ROC curves. With an AUC value of roughly 0.99, the model performs comparatively better for happiness, demonstrating exceptional discriminative ability. However, it’s with AUCs of about  0.97,  emotions  like  surprise  and  grief  perform  moderately.  However,  contempt  and  fury  exhibit  high classification capabilities, as evidenced by their AUCs of 0.98. An overall AUC of roughly 0.97 is obtained by aggregating performance across all classes using the micro-average ROC curve (Figure 5) Figure 5: ROC analysis of emotions happiness, surprise, disgust, anger and sadness 78 

Issue 1(7), 2025 



The MSE is approximately 0.0552. This means that, on average, the model's predictions deviate from the true values with a squared error of 0.0552 per sample. 

Comparison Results 

The table compares two emotion recognition configurations. The first configuration, using ECAPA-TDNN 

with  an  MLP  classifier,  achieves  an  accuracy  range  of  78–83%.  The  second  configuration,  which  combines MODWT, PNCC, and ECAPA features with an RBFNN and MLP classifier, demonstrates a significantly higher accuracy  range  of  88–98%.  This  improvement  highlights  the  effectiveness  of  the  enhanced  feature  extraction techniques and the classifier combination in achieving better performance for emotion recognition. 

Table 5: Comparison of results for dif erent classifier configurations on the RAVDESS and identical twin datasets Configuration 

Classifier 

Accuracy (example range) 

ECAPA-TDNN only + MLP  

MLP 

78–83% 

MODWT + PNCC + ECAPA +MLP (our Configuration) 

RBFNN + MLP 

88–98% 

Table 6: Performance Comparison of Proposed Emotion Recognition System Using EER and Estimated Accuracy Embedding Model 

Test Trials 

EER 

Estimated Accuracy 

Al  Test Trials 

1.74 

95–98% 

RBFNN + MLP (Our Configuration) 

Non-twin Test Trials 

0.087 

95–98% 

Twin Test Trials 

0.272 

90–95% 

Conclusion 

The proposed emotion detection framework, which integrates MODWT, PNCC, and ECAPA-TDNN feature extraction  with  a  hybrid  RBFNN  +  MLP  classifier,  demonstrates  superior  performance  in  a  variety  of  testing scenarios.  This  multi-stage  system  achieves  a  low  Equal  Error  Rate  (EER)  of  1.74%  and  maintains  high classification accuracy - ranging from 95–98% in non-twin speaker trials and 90–95% in trials involving identical twins. These results indicate both strong discriminative power and robustness, particularly in complex conditions involving similar vocal traits. 

The success of this approach lies in its capacity to capture complementary acoustic and temporal features, while the hybrid classifier ensures enhanced generalization and decision-making precision. The performance gains observed over baseline models validate the effectiveness of combining traditional and deep feature representations with ensemble classification strategies. 

These findings not only contribute to the advancement of speech emotion recognition systems but also suggest  broader  applicability  in  sensitive  environments,  such  as  mental  health  diagnostics,  virtual  learning environments, and intelligent human-computer interaction platforms. The proposed methodology lays a foundation for  future  work  involving  real-time  deployment,  cross-linguistic  evaluations,  and  integration  with  multimodal emotional cues (e.g., facial expressions or physiological signals). 
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Abstract

Speaker identification among identical twins remains a significant challenge in voice-based biometric systems,
particularly under emotional variability. Emotions dynamically alter speech characteristics, reducing the effectiveness of
conventional identification algorithms. To address this, we propose a hybrid deep learning architecture that integrates gender
and emotion classification with speaker Identification, tailored specifically to the complexity of identical twin voices. The system
combines Emphasized Channel Attention Propagation and Aggregation in Time Delay Neural Network (ECAPA-TDNN)
embeddings for speaker-specific representations, Power Normalized Cepstral Coefficients (PNCC) for noise-robust spectral
features, and Maximal Overlap Discrete Wavelet Transform (MODWT) for effective time-frequency denoising. A Radial Basis
Function Neural Network (RBFNN) is employed to refine and fuse feature vectors, enhancing the discrimination of emotion-
related cues. An attention mechanism further emphasizes emotionally salient patterns, followed by a Multi-Layer Perceptron
(MLP) for final classification. The model is evaluated on speech datasets from RAVDESS, Google Research, and a proprietary
corpus of identical twin voices. Results demonstrate significant improvements in speaker and emotion recognition accuracy,
especially under low signal-to-noise ratio (SNR) conditions, outperforming traditional Mel Cepstral-based methods. The
proposed system'’s integration of robust audio fingerprinting, feature refinement, and attention-guided.

Keywords: Emphasized Channel Attention Propagation and Aggregation in Time Delay Neural Network (ECAPA-TDNN),
Radial Basis Function Neural Network, Multi-Layer Perceptron (RBFNN), speaker identification, emotion
recognition, identical twins.

Introduction

Speaker identification remains a cornerstone of biometric authentication systems, enabling reliable access
control, forensic analysis, and personalized user experiences. However, distinguishing between speakers with
highly similar vocal traits such as identical twins pose the significant challenge due to their near-identical anatomical
and physiological vocal structures. These similarities result in minimal acoustic variability, rendering conventional
speaker recognition techniques less effective. The difficulty is further compounded when emotional variability is
introduced, as emotions dynamically alter speech features, including pitch, tone, rhythm, and spectral content. This
dual complexity genetic similarity and emotional modulation necessitates the development of more robust and
adaptive speaker identification systems.
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