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Abstract—The broad applications of voice-based gender detection in fields including security
systems, sociolinguistic research, and human-computer interaction have attracted a lot of
attention in recent years. The objective of this work is to investigate the viability and efficiency
of classifying gender using only audio data and neural network techniques. We do this by using
deep learning techniques to identify gender-signalizing patterns in a neural network trained on
a variety of datasets containing voices, both male and female. We show the effectiveness of our
approach in reliably guessing gender from voice recordings through testing and assessment. We
also address the possible uses, difficulties, and ramifications of voice-based gender recognition
technology, emphasizing its importance in the modern world.

Index Terms— Mel Frequency Cepstral Coefficients (MFCC), Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), Cross-cultural Analysis, Delta MFCC’s, Train
accuracy and Test Accuracy.

1. INTRODUCTION

The human voice is a versatile communication tool that conveys socio-cultural indicators, including gender
identity and linguistic information. Teaching machines to understand these nuanced signs is a challenge in the
fields of languages, social psychology, and artificial intelligence. Recent advancements in machine learning
techniques, particularly neural networks, have led to breakthroughs in voice-based gender recognition. These
advanced algorithms can analyze vast information and identify meaningful patterns, inspired by the structure and
function of the human brain.

This study aims to leverage the powers of neural networks to discern gender from speech recordings. The
importance of this work extends beyond technological innovation, touching on issues of identity, representation,
and social norms. Voice-based gender recognition has the potential to challenge binary gender constructs and
foster a deeper appreciation for the diverse spectrum of voice identities.

The research adopts a comprehensive approach, aiming to develop reliable and accurate algorithms while
engaging in critical discussions about the moral, societal, and cultural implications of gender recognition
technology. By addressing these broader considerations, the researchers aim to contribute to a more inclusive
and equitable technological landscape that respects the complexities of human identity and expression.
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The development and implementation of voice-based gender recognition technology involve ethical
considerations and societal obligations. The research emphasizes the significance of openness, accountability,
and inclusivity in algorithmic decision-making. The goal is to develop inclusive technologies that honor and
enhance the diversity of human expression, bridging gender, cultural, and identity boundaries.

II. RELATED WORKS

Neural network classifiers are sophisticated machine learning models designed to categorize input data into
distinct groups, mirroring the structure and functionality of the human brain Chachadi et al. (2022) [1].
Comprised of interconnected nodes or neurons organized into layers, neural networks process raw data through
input layers Uddin et al. (2022) [2], gradually transforming it through one or more hidden layers to extract
relevant features for classification. Activation functions such as ReLU, tanh, or sigmoid introduce nonlinearity to
the model Adilakshmi.Y et al (2020) [14], enabling it to capture complex patterns in the data S. S. Begum et al.
(2019) [3]. With their ability to learn and adapt to data structure without explicit feature engineering, neural
network classifiers excel in handling unstructured data like text, audio, and images Fahmeeda et al.(2022) [4].
Multiple hidden layer deep neural networks have proven highly effective in learning hierarchical representations
of complex data S. S. Begum et al. (2020) [16], making them particularly suitable for tasks involving the
extraction and classification of high-dimensional features S. S. Begum et al.(2020) [5]. One key advantage of
neural network classifiers lies in their capacity to automatically adjust to the underlying data structure, obviating
the need for manual feature engineering Alnuaim et al. (2022) [6]. The selection of optimal attributes plays a
crucial role in enhancing the performance of voice gender recognition models, with popular optimizers like the
wolf, PSO Adilakshmi.Y et al (2020) [15], and EA techniques employed as wrapper selection algorithms
Nirmala et al. (2023) [7]. These approaches leverage natural behaviour to explore potential solutions and identify
the most effective ones for use in classifier evaluation MIZRAK et al. (2023) [8].

The quality of characteristics in the training data significantly impacts the performance of classification
algorithms Kannapiran et al. (2023) [9]. Therefore, meticulous attribute selection is essential for refining voice
gender recognition models Di Cesare et al. (2024) [10]. By employing wrapper selection algorithms, such as the
wolf, PSO, and EA techniques, informed decisions can be made regarding feature inclusion, optimizing the
model's efficacy M. A. Hossain et al. (2020) [11]. These methods harness natural behaviours to navigate the
solution space, identifying attributes that enhance classifier performance, as demonstrated by the RF evaluator
Vijayan, B et al. (2019) [12]. This iterative approach ensures that the model captures the most relevant
information for accurate gender classification, Gupta, P et al. (2018) [13], thereby improving overall
performance and applicability in real-world scenarios.

III. OUR METHODS

The vocal signal contains essential features for effective gender classification, such as fundamental frequency,
formant frequencies, energy distribution, and spectral characteristics like Mel Frequency Cepstral Coefficients
(MFCCs) and Delta MFCCs. To extract these features, a preprocessing step is necessary. This involves
normalizing the audio data to account for recording levels and background noise, segmenting the signal into
frames, and feeding it into feature extraction techniques. These techniques transform the raw audio into
structured features that can be analyzed by machine learning models.

The training set for a classifier model identifies the speaker's gender using these extracted feature sets and
corresponding voice gender labels. The implementation uses .py files instead of .ipynb files, enhancing
modularity and reusability, improving development efficiency and making the codebase easier to maintain and
scale.

A. Data Manager

The algorithm handles a gender recognition dataset by performing several key operations, including extraction,
organization, and splitting into training and testing sets. It incorporates functions such as file extraction from
compressed archives, creation of necessary folders, transfer of files to appropriate directories, and segmentation
of the dataset based on gender labels. To streamline these processes, a DataManager class is employed. This
class efficiently manages the dataset preparation workflow, ensuring that the data is well-organized and ready for
machine learning tasks. By automating these steps, the DataManager class facilitates effective data handling,
allowing researchers to focus on model development and analysis. This systematic approach enhances the overall
efficiency and accuracy of gender recognition systems.
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B. Feature Extraction

The FeaturesExtractor class streamlines the process of extracting voice features, particularly Mel Frequency
Cepstral Coefficients (MFCC), from audio files using the python speech_features package. It allows for precise
configuration of the feature extraction process through parameters such as analysis window length, step size,
number of cepstrum coefficients, number of filters in the filterbank, and FFT size. Additionally, the class applies
Cepstral Mean Normalization (CMS) to the MFCC features and incorporates delta and double delta features to
enhance the feature representation. The resulting feature matrix is then processed to retain a specific number of
features. By encapsulating these functionalities, the FeaturesExtractor class offers a straightforward interface for
extracting standardized voice features. This makes it particularly useful for various machine learning
applications, including gender recognition, speech recognition, and speaker identification, by ensuring consistent
and reliable feature extraction.
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Figure 1: Architecture Flow
C. Model Training

The ModelsTrainer class utilizes machine learning and deep learning techniques to train a neural network model
for gender classification based on voice features extracted from audio files. It leverages the FeaturesExtractor
class to collect Mel Frequency Cepstral Coefficients (MFCC) features from both female and male speakers.
These features, along with corresponding gender labels, are combined and shuffled to prepare the training data.
The neural network architecture comprises dense layers with rectified linear unit (ReLU) activation functions,
facilitating nonlinear transformations of the input data. The final layer utilizes a sigmoid activation function to
output binary predictions.

During training, the model optimizes binary cross-entropy loss using the Adam optimizer, a popular choice for
deep learning tasks. This optimization process iteratively adjusts the model's parameters to minimize prediction
errors. After training, the model's performance is evaluated using metrics such as accuracy, providing insights
into its classification capabilities. Finally, the trained model is saved for future use, enabling seamless integration
into voice-based gender classification systems.

Overall, this approach encapsulates the complexities of feature extraction, model training, and evaluation within
a streamlined framework. By abstracting these processes, it facilitates the development of accurate and efficient
gender classification models, advancing applications in speech recognition and speaker identification.

D. Gender Identification

The Genderldentifier class utilizes a trained neural network model to perform gender identification from audio
samples. It begins by loading the pre-trained model and initializing a FeaturesExtractor object to extract relevant
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features from the test files. The process method then evaluates the model's performance on test files representing
both male and female genders. For each file, the model predicts the gender based on the extracted features and
compares it to the ground truth. By calculating the accuracy of these predictions, it assesses the efficacy of the
gender classification model.

This implementation employs key concepts from both machine learning (ML) and deep learning (DL). The
model, loaded using TensorFlow, represents a neural network architecture trained on gender-labeled data.
FeaturesExtractor, a component of the feature extraction process, facilitates the transformation of raw audio data
into structured feature vectors suitable for input into the neural network. The model's predictions are based on
the learned patterns within the training data, enabling it to generalize to unseen test samples.

Overall, the Genderldentifier class simplifies the process of evaluating gender classification models by
abstracting the gender identification task. By leveraging ML and DL techniques, it enables the creation of
accurate and efficient voice-based gender recognition systems, advancing applications in speech processing and
biometric authentication.

E. Waveform Representation

Waveform representation is a technique that uses neural networks to learn and extract features from raw audio
waveforms, enabling end-to-end learning for tasks like speech recognition and music classification. This
technique requires careful preprocessing and appropriate network architectures like CNNs or RNNs. It offers a
promising approach for audio tasks, leveraging deep learning to improve model performance.

F. Mel-Frequency Cepstral Coefficients (MFCCs)

Mel-Frequency Cepstral Coefficients (MFCCs) are used in speech analysis applications, including gender
recognition, to extract significant frequency information from audio data. The FeaturesExtractor class uses
MFCCs to extract key features from audio files and prepare them for neural network input. This approach
reduces the frequency content of voice signals, making gender recognition models more efficient and accurate.
MFCCs simplify feature extraction and enhance voice-based categorization system performance.

G. Spectrogram Representation

Spectrogram representation transforms audio data into a visual representation of frequency content over time,
enabling neural networks to learn discriminative characteristics for gender identification. It captures temporal
and spectral patterns, enabling convolutional neural networks to learn complex properties from spectrogram
pictures, increasing the accuracy of gender identification models and enabling more powerful voice-based
categorization systems.

IV. RESULTS

The relevance of human voice gender recognition spans a wide range of applications, from virtual assistants and
automated customer service systems to biometric authentication and personalized content delivery. Despite its
importance, achieving high accuracy in gender recognition remains a challenging task due to the variability in
voice signals. Our contributions to this field are threefold:

A. Feature Analysis through Correlation Analysis

We analyze the extracted features, such as Mel-Frequency Cepstral Coefficients (MFCCs), Chroma, and Mel
spectrograms, using correlation analysis. This step helps us understand the relationships and dependencies
between different features, identifying those that are most indicative of gender differences in voice signals.

B. Model Construction Using Various Machine Learning Techniques

We construct classification models using diverse machine learning techniques, including Support Vector
Machines (SVMs), Random Forests, and deep learning approaches like Convolutional Neural Networks (CNNs)
and Recurrent Neural Networks (RNNs). By experimenting with different families of algorithms, we aim to
identify the most effective models for gender recognition tasks.

C. Natural Feature Selection Techniques

To enhance classification performance, we assess natural feature selection techniques that determine the best
subset of pertinent features. Methods such as Recursive Feature Elimination (RFE), Principal Component
Analysis (PCA), and feature importance rankings are employed to select features that contribute most
significantly to accurate gender classification.
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Our research underscores the effectiveness of MFCCs, Chroma, and Mel spectrogram features, which excel due
to their theoretical foundations in capturing the relevant coefficient energies in the voice signal. By combining
advanced feature analysis, robust model construction, and strategic feature selection, we advance the state-of-
the-art in human voice gender recognition.

D. Scatter Plot Matrix

The scatterplot matrix is a crucial tool in machine learning datasets, used to visualize relationships between
numerical variables. Seaborn, a Python library, uses this technique to create statistical graphics. By using
“sns.pairplot(voice)', the matrix plots each pair of numerical variables against each other, revealing correlations,
trends, and patterns. The diagonal of the matrix features histograms or Kernel Density Estimate (KDE) plots,
illustrating the distribution of individual variables. When categorical variables are included, these plots display
their distribution across categories, providing additional insights. This method simplifies data analysis in
machine learning by providing a comprehensive visualization of relationships and distributions within the voice
dataset, aiding in the development of robust models for tasks like voice gender recognition.
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Figure 2.1 : SeaBorn’s Scatter Plot Matrix of Features

E. Correlation and Mean Frequency Distribution

The correlation analysis is conducted on the dataset to explore relationships between columns. A correlation
matrix is generated, computing correlation coefficients between all pairs of columns. This matrix provides
insights into how variables are related, aiding in understanding the dataset's structure. Additionally, the
correlation matrix is saved for reference.

Furthermore, a boxplot is created to visualize the distribution of the 'meanfreq' column grouped by the 'label'
column. This boxplot compares mean frequency values across different categories, allowing for easy comparison
of distributions. To enhance clarity, the grid is deactivated for a cleaner view, ensuring the focus remains on the
distribution comparison. Overall, these analyses offer valuable insights into the dataset's characteristics, aiding in
feature selection, model development, and interpretation of results in tasks such as voice gender recognition.

F. Accuracy

The study demonstrates the effectiveness of Mel-Frequency Cepstral Coefficients (MFCC) features and a
Convolutional Neural Network (CNN) architecture for voice-based gender recognition tasks. The model
achieves high accuracy in gender classification, suggesting potential for real-world applications in voice-
controlled systems, security applications, and identity verification processes. However, further research is
needed to ensure the model's generalization across different linguistic, cultural, and demographic contexts.
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Figure 2.2 : Correlation and Mean Frequency Distribution for Gender and Features

Variations in language, accents, and demographic characteristics can introduce biases or challenges that may

affect the model's performance.

Exploring the model's effectiveness across diverse populations and environments is crucial for assessing its
reliability and applicability in real-world scenarios. This iterative process of evaluation and refinement will
contribute to advancing the field of voice-based gender recognition, ultimately leading to the development of
more inclusive and robust models capable of delivering accurate results across diverse populations and

applications.

GenderIdentifier:

EBU INSOL TERMINAL

@ GenderRecognizer.py X

rWarning: Do not pass an ~input_shape’/ input_dim argument to a layer. When using Sequential models, prefer us

ing an "Input(shape)’ object as the first layer in the model instead.
super().__init__(activity_regularizer=activity_regularizer, **kwargs)

2024-05-06 14 31.843320: I tensorflow/core/platform/cpu_feature_guard.cc:210] This TensorFlow binary is opti

mized to use available CPU instructions in performance-critical operations.

To enable the following instructions: AVX2 AVX512F AVX512_VNNI FMA, in other operations, rebuild TensorFlow wit

h the appropriate compiler flags.
Epoch 1/10

28164/28164

Epoch 2/1@

28164/28164

Epoch 3/10

28164/28164

Epoch 4/10

28164/28164

Epoch 5/1@

28164/28164

Epoch 6/10

28164/28164

Epoch 7/1@

28164/28164

Epoch 8/16

28164/28164

Epoch 9/10

28164/28164

Epoch 10/10

28164/28164

28164/28164 59s
Final Accuracy: ©.9198246598243713

3ms/step
3ms/step
3ms/step
3ms/step
3ms/step
3ms/step
3ms/step
3ms/step
3ms/step

3ms/step
2ms/step

Ink  Explain Code Comment Code  Find Bugs Code Chat

V. CONCLUSION

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:
accuracy:

e.

0.

8591

9020

.9094

.9113

.9141

.9160

.9173

.9185

.9196

.9195
.9191

@ Ln47, Col 67

loss:
loss:
loss:
loss:
loss:
loss:
loss:
loss:
loss:

loss: ©.1944
loss: ©.1952

Spaces:4 UTF-8 CRLF {§ Python 3.12.2 64-bit @ Go Live Blackbox [}

Figure 2.3 : Accuracy

The research focuses on the importance of a model's generalization to new data for real-world deployment. This
can be evaluated by analyzing its performance on an independent test dataset, ensuring its resilience to variations
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in speech samples. To achieve equitable outcomes across different demographic groups, it is crucial to assess
and mitigate potential biases in the model. The study examines the acoustic cues and patterns that differentiate
male and female voices, shedding light on the fundamental processes involved in speech-based gender
recognition. The discriminative strength of various variables, including Mel Frequency Cepstral Coefficients
(MFCC) and Delta MFCCs, is used to capture the nuances of gender variability in voice and highlight subtleties
in vocal expressiveness.

Generalization refers to the model's ability to perform well on new, unseen data, which is vital for real-world
applications. The evaluation metrics used include accuracy, precision, recall, and F1 score. The research
highlights the effectiveness and potential of neural network classifiers like Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) in identifying gender from audio inputs. Cross-cultural analysis
highlights the importance of addressing bias and ensuring fairness across diverse demographic groups.

VI. FUTURE SCOPE

The research focuses on the effectiveness and potential of neural network classifiers, such as Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), in identifying gender from audio inputs. It
highlights the importance of addressing bias and ensuring fairness across diverse demographic groups. The study
uses an independent test dataset to evaluate generalization, which refers to the model's ability to perform well on
new, unseen data that may differ from the training dataset.

The research also explores the discriminative strength of various variables, including Mel Frequency Cepstral
Coefficients (MFCC) and Delta MFCCs, to capture the nuances of gender variability in voice and highlight
subtleties in vocal expressiveness. The evaluation metrics used include accuracy, precision, recall, and F1 score,
providing a comprehensive assessment of the model's performance.

The research opens up avenues for further investigation and development, particularly in areas such as bias
reduction, equity, and ethical considerations in the deployment of gender identification systems. It also explores
the potential applications of voice-based gender recognition in fields such as healthcare and education, where
gender-sensitive analysis can prove valuable. For example, healthcare providers could use voice-based gender
recognition in diagnosing and treating conditions that affect speech, such as Parkinson's disease or laryngeal
cancer. Gender-sensitive education tools can also be developed to personalize learning experiences and adapt
teaching methods based on gender-related differences in cognitive processing.

In conclusion, the potential benefits of accurate and ethical voice-based gender recognition span across various
industries and domains, and continued research and development in this field can pave the way for more
inclusive and effective user experiences.
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