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Abstract. The objective of this paper is to increase the success rate and accu-
racy of speaker recognition and identification systems through the proposal of a
novel approach. Data augmentation techniques have been employed to enhance
a small dataset comprising audio recordings from five speakers, encompassing
both male and female voices. The Python programming language is used for data
processing. The chosen model is a convolutional autoencoder. In order to convert
the speech signal into an image, their respective spectrograms have been used.
Consequently, a set of images serves as the input for training the autoencoder.
A speaker recognition and identification system are developed using the convolu-
tional autoencoder, a deep learning technique.A comparative analysis is conducted
of the results against traditional systems reliant on the MFCC feature extraction
technique. The proposed system exhibits a high success rate, indicating its efficacy
in accurately recognising and identifying speakers. To account for a “mismatch
condition,” different time durations of the audio signal are utilised during both
the training and testing phases. Through a series of experiments involving various
activation and loss functions in permutation and combination, the optimal pair
for the small dataset is successfully identified, yielding favorable outcomes. In
matched conditions, this system has achieved 92.4% accuracy rate.

Keywords: convolutional autoencoder · deep-learning · speaker recognition ·
MFCC · mismatch condition

1 Introduction

Over the past few years, research scholars have been making significant progress in
the field of speaker recognition and identification [1]. This system aims to identify
speakers based on their voices and may be divided into two groups: text-dependent and
text-independent [2]. Speaker recognition involves determining which trained speech
sample best matches the voice of a speaker, and it serves as a means of verifying or
denying a speaker’s claimed identity. Several traditional systems have been employed
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for speaker recognition, such as GMM (Gaussian Mixture Model), i-vectors, and HMM
(Hidden Markov Models) [3]. A Gaussian Mixture Model is a probabilistic model that
represents the weighted sum of Gaussian mixtures. Historically, the Gaussian Mixture
Model has demonstrated great success in creating accurate speaker recognition models.
However, modern speaker recognition systems increasingly recommend the use of deep
learning approaches. Many researchers are actively exploring this approach to develop
precise speaker recognition systems. The convolutional neural network (CNN) has been
increasing in prominence among deep learning approaches [4]. Designing a speaker
recognition system can involve several challenges and hurdles, such as variability in
speech signals, limited training data, computational complexity, and adverse recording
conditions. Overcoming these hurdles requires a combination of robust algorithms, large
and diverse datasets, careful system design, and continuous improvement based on feed-
back and evaluation. A new algorithm utilising convolutional autoencoders is proposed
in this paper to address the challenge of achieving higher accuracy in speaker recognition.
Despite attempting various traditional methods previously, the desired level of accuracy
has not been achieved. Recognising the limitations of existing approaches, a novel solu-
tion based on a convolutional autoencoder architecture has been proposed in this paper.
By leveraging the power of convolutional neural networks and autoencoders, the pro-
posed algorithm aims to overcome the hurdles faced by traditional speaker recognition
systems.

This paper begins with a comprehensive literature survey, which provides an
overview of existing research and advancements in the field of speaker recognition.
This section establishes the background and contextualizes the proposed methodology.
Following the literature survey, the paper delves into the methodology, presenting the
details of the proposed algorithm based on a convolutional autoencoder architecture for
speaker recognition. The algorithm’s components, such as the convolutional neural net-
work and autoencoder, are described, along with the specific techniques and approaches
employed. Subsequently, the paper moves on to the results and discussion section, where
the outcomes of the experiments and evaluations conducted on the dataset are presented.
The performance of the proposed algorithm is analyzed, compared to existing methods,
and discussed in detail. Any significant findings, limitations, or interesting observations
are also explored and discussed. Next, the paper concludes with a concise conclusion
section summarizing the key contributions of the research, highlighting the strengths
of the proposed algorithm, and discussing potential areas for future improvement and
exploration. Finally, the references section lists all the cited sources throughout the paper,
ensuring proper attribution and facilitating further reading and research for interested
readers.

2 Literature Survey

Speaker recognition systems rely on accurate feature extraction from speech signals to
distinguish between different speakers. This paper [5] addresses the need formore robust
feature extraction methods that can handle different types of speech signals and noise
conditions. Another challenge is to achieve domain robustness in speaker recognition
systems. Domain robustness refers to the ability of a system to perform well in different
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domains or environments, such as different acoustic conditions or speaking styles [6].
A small neural network architecture could also limit the accuracy of the speaker identi-
fication system [7]. Speaker verification systems may perform poorly when faced with
speakers or acoustic conditions that are not well represented in the training data. This
could be due to limitations in the size or diversity of the available datasets. Even with
large amounts of training data, it can be challenging to accuratelymodel thewide range of
acoustic variations that can occur between speakers, such as differences in accent, age, or
gender. Speaker verification systems may perform poorly in real-world scenarios due to
the presence of noise, reverberation, or other environmental factors that can degrade the
quality of the speech signal [8]. So, using different CNN architectures, feature extraction
techniques, and training methods, one can enhance the model’s performance [9]. In this
paper, several research gaps are addressed, including the small dataset issue, the search
for a good loss function, considerations for different acoustic conditions, and domain
robustness, through the utilization of this methodology. An additional step is taken in this
study by creating a speaker recognition system using a convolutional autoencoder. Dif-
ferent types of autoencoders, such as vanilla autoencoders and denoising autoencoders,
are available. In this experiment, a convolutional autoencoder is employed with a very
small dataset collected from five different speakers. Furthermore, all recorded samples
are kept without any preprocessing. Each utterance has a duration of 3 s. For training
and testing, different texts are used, as this system is text independent. It is important
to note that the focus of this paper is on the speaker’s speech features, so the language
of the training and test data does not matter in this case. The proposed methodology
is initially explained in this paper, followed by a discussion of the experimental setup,
the results of all the experiments, the conclusion, and the future scope of the proposed
model.

Thework presented has been focused on developing a new automatic speech recogni-
tion (ASR) system based on a sparse auto-encoder neural network architecture inspired
by the hunting behavior of Harris hawks [10]. The authors propose a new ASR sys-
tem that uses a sparse auto-encoder network to learn features from speech signals and
recognize speech using a deep neural network (DNN) classifier. The proposed system
is assessed using the TIMIT dataset and contrasted with other ASR systems that are
already in use. The experimental findings demonstrate that the proposed Harris Hawks
Sparse Auto-Encoder Networks (HHSAEN) approach outperforms other traditional and
deep learning-based ASR systems in terms of recognition accuracy, achieving state-of-
the-art performance. In-depth analysis of the suggested system’s learned properties and
information on the effectiveness of the suggested approach to voice recognition are also
included in the study. This research claims that the challenge lies in expanding the dataset
used for training and testing in order to assess its efficacy in more diverse scenarios.
This study [11] provides an in-depth examination of deep learning algorithms for voice
emotion recognition. The authors explore numerous publicly available databases that
contain emotional expressions in speech recordings, as well as the challenges and limits
connected with these databases. Several deep learning techniques, including convolu-
tional neural networks (CNNs), recurrent neural networks (RNNs), and long short-term
memory (LSTM) networks, are then discussed in relation to voice emotion recognition.
The authors describe the architectures and training methods for these models, and they
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compare their performance on different databases. The paper also includes a detailed
discussion of the pre-processing steps that are necessary to prepare speech data for deep
learning models, such as feature extraction and normalization. The authors discuss the
potential for utilizing larger and more diverse datasets, improving model accuracy, and
developing more robust models that can adapt to different languages and cultures. They
also mention the possibility of integrating other types of data, such as physiological
signals, to further enhance the accuracy of emotion recognition systems. Overall, the
authors suggest that there is still much to be explored and improved upon in this field.
This [12] describes amethod tomodify the accent of non-native speakers to improve their
speech recognition accuracy. The authors propose a technique that utilizes neural style
transfer to modify the accent of non-native speakers’ speech by transferring the style of
a reference speaker’s speech to the non-native speaker’s speech. The authors trained a
deep neural network to learn the mapping between the spectrograms of the non-native
speaker’s speech and the reference speaker’s speech. They then applied this network to
transform the non-native speaker’s speech spectrogram to match the reference speaker’s
spectrogram while preserving the content of the speech. The resulting modified speech
was then used as input to a speech recognition system, and the authors found that this
approach improved the recognition accuracy of non-native speakers’ speech. The authors
evaluated their method on two datasets, and the results showed that their approach out-
performed several baseline methods for accent modification. In a paper [13], the authors
propose a text-independent speaker identification system based on a deep learningmodel
of a convolutional neural network (CNN). The system aims to identify the speaker of an
input speech signal without relying on any specific text or speech content. To achieve
this, the authors pre-process the speech signal using Mel-frequency cepstral coefficients
(MFCCs) and use them as input to the CNN model. The CNN model is trained using a
large dataset of speech signals from multiple speakers, and it learns to extract relevant
features from the input speech signals that are specific to each speaker. The authors eval-
uate the performance of their system using two standard datasets, and they report high
accuracy rates, demonstrating the effectiveness of their proposed approach. The proposed
system has potential applications in various domains, including security, surveillance,
and forensics. It is suggested that modifications be made to the deep learning model
to increase the accuracy rate. This paper [14] presents the development and evaluation
of a deep learning-based Arabic autoencoder speech recognition system for an electro-
larynx device, which is a communication aid used by individuals who have lost their
natural voice due to laryngectomy. The proposed system aims to improve the recog-
nition accuracy and usability of the device by addressing the challenges of noisy and
limited data and the specific characteristics of electro-larynx speech. Several deep learn-
ing models, including convolutional neural networks (CNNs), long short-term memory
(LSTM) networks, and autoencoder-based models, are trained and assessed on a dataset
of electro-larynx speech recordings. In order to increase the amount of training data, they
also used data augmentation techniques. They evaluated the models’ performance using
a range of metrics, such as accuracy, precision, recall, and F1 score. The outcomes of the
experiment demonstrated that the autoencoder-based models performed better than the
other models in terms of recognition accuracy and robustness to noise and limited data.
On the test set, the suggested system’s accuracy of 88.37% outperformed the baseline
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system’s accuracy of 67.86% by a significant margin. Overall, the application of deep
learning-based voice recognition systems in this work offers a promising method for
enhancing the usability and efficacy of electro-larynx devices. A laryngectomy patient’s
quality of life and communication skills may be improved by the suggested system.
Further studies suggest exploring more features of the speech signal for better accuracy.
In their paper [15], the authors present a comprehensive review of speaker identifica-
tion techniques using artificial intelligence (AI) and machine learning (ML) methods.
The paper discusses various AI techniques, such as neural networks, support vector
machines, and deep learning, and how they can be used for speaker identification. The
authors also review the challenges and limitations of current speaker identification tech-
niques, including issues related to data pre-processing, feature extraction, and model
selection. The paper concludes by discussing potential research directions to address
these challenges and improve the accuracy of speaker identification systems. Overall,
the work done in this paper provides a valuable overview of the current state of the art
in speaker identification using AI and highlights the research challenges that need to be
addressed to improve the accuracy and reliability of these systems.

According to previous work, speaker recognition systems have several challenges
that can affect their accuracy and reliability.One of the primary challenges is the presence
of background noise, which can significantly affect the quality of the audio signal and
make it difficult to distinguish between different speakers. Another challenge is speaker
variability, which can be caused by differences in speech patterns, accents, and language
fluency. The use of voice disguising techniques, such as pitch shifting or speaking in
different accents, can also pose a significant challenge to speaker recognition systems.
Additionally, speaker recognition systems may encounter challenges in handling large
datasets, dealing with impostor attacks, and ensuring the privacy and security of the
stored voiceprints. To overcome these challenges, this paper proposes a new system that
can enhance the accuracy and robustness of speaker recognition systems.

3 Methodology

Figure 1 shows the proposedmodel for thiswork. In this study, a dataset comprising voice
samples from five speakers was collected in.wav format. The duration of the samples
varied from 3 s to 10 s while maintaining a consistent sampling rate of 16 kHz. Since
the system under investigation is a text-independent system, different texts were used
for training and testing. This means that the speech samples used for training the model
contained diverse content, allowing the system to learn speaker-specific characteristics
independent of the spoken text. Similarly, during testing, separate texts were employed
to evaluate the system’s ability to accurately recognize the speakers without relying on
specific textual content. Some studies have proven that even with a small dataset, one
can build a successful model [16]. Since the dataset is very small, a data augmentation
technique has been employed. Techniques such as time stretching, pitch shifting, noise
injection, and speed perturbation can introduce variations and increase the effective size
of the dataset. In this work, the time stretching technique is employed to augment the
small dataset of speech signals. Time stretching involves altering the duration of the
speech signal without changing its pitch. By compressing or expanding the time axis,
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variations in the temporal characteristics of the speech are introduced. By applying time
stretching to the existing speech samples, new instances of the same speech content are
generated, but with different durations. This effectively increases the size of the dataset
and provides additional training examples for the speaker recognition system. The data
augmentation technique can provide a good amount of data for training themodel.Hence,
the modified dataset is now ready for further experimental analysis. No preprocessing
has been done on the voice samples collected from the speakers. After modifying the
database, the next step is to convert all voice samples into spectrograms. Convolutional
autoencoders work really well when the inputs are images. Creating spectrograms is a
way to represent voice samples in the form of an image. Therefore, all the voice samples
are converted into spectrograms.

Fig. 1. Speaker Recognition system Framework

Convolutional Autoencoders (CAEs) leverage the power of convolutional operators
to capture spatial information effectively. Compared to conventional methods, where
convolutional filters are manually designed, CAEs allow the model to discover the ideal
filters by minimizing the reconstruction error. Because of their capacity to learn filters,
CAEs are the most advanced method for convolutional filter unsupervised learning.
CAEs excel at learning concise and useful representations of input data when perform-
ing computer vision tasks. CAEs can extract pertinent features from any input data by
utilizing the learned filters. These extracted features can then be utilized for various
tasks, including classification or any other task that requires a concise representation of
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the input. While CAEs are a type of Convolutional Neural network (CNN), there is a
fundamental distinction between them. CNNs are typically trained end-to-end, aiming to
learn filters and combine features to classify input data. On the other hand, CAEs focus
solely on learning filters that can extract features used to reconstruct the input. This
differentiation underscores the unique purpose and objective of CAEs in comparison
to traditional CNNs. The advantages of using convolutional autoencoders are that they
can extract high-level features from raw audio signals, which can result in more accu-
rate speaker recognition compared to traditional feature extraction techniques. They can
also effectively filter out noise and other distortions from audio signals, making speaker
recognition systems more robust in noisy environments. Speaker recognition systems
using CAEs do not require physical contact with the user, making them non-intrusive
and convenient to use. The important benefit is that convolutional autoencoders can
learn from new data, which makes them adaptable to new speakers and dialects [17, 18].
This adaptability also means that the system can continuously improve its accuracy over
time. Hence, by utilizing the convolutional autoencoder in this proposed methodology,
the research gaps are overcome.

3.1 Representation of the Database

As shown in the block diagram, all voice samples are converted into spectrograms to
be used as inputs for training purposes. Figure 2 depicts the representation of the voice
sample as a spectrogram.

Fig. 2. Representation of voice sample into Spectrogram
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3.2 Selection of Activation and Loss Function

Activation functions play a very important role in the system’s performance. Its func-
tion is to trigger the non-linearity in the cells. The participation of neuron cells will be
determined by the activation function. So, in making decisions, it plays a very impor-
tant role. There are many activation functions, for example, sigmoid. In the proposed
model, after experimenting with various combinations, the rectified linear unit (ReLU)
is implemented as the activation function, and the mean squared error is chosen as the
loss function.

3.3 Details of the Model Used in the Experiment

In this experiment, a convolutional autoencoder is used, which has two parts: an encoder
and a decoder. Figure 3 indicates the encoder part, and Fig. 4 indicates the decoder part.
The function of pooling layers is the minimization of features. Once the features are
minimized, it becomes easy to compute. Here, normalization is also used along with
the activation function.

Fig. 3. Convolutional Autoencoder (encoder part)
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Fig. 4. Convolutional Autoencoder (decoder part)

4 Result and Discussion

The Python programming platform is used for implementing this work. A dataset con-
sisting of 50 voice samples from five distinct speakers has been gathered. The dataset
contains utterances ranging from 3 to 10 s, and different texts are used for training and
testing purposes. The dataset includes a mixture of languages, but since the expecta-
tion is to develop a speaker recognition model based on the speaker’s voice features,
the language is unlikely to impact the results. Each speaker has a unique characteristic,
enabling classification based on the speaker and achieving speaker recognition.

An augmented dataset has been used for training and testing purposes, with the aim
of increasing the size of the dataset. The entire dataset has been divided into three sets,
namely the training dataset, testing dataset, and validation dataset. In both training and
testing, experiments have been conducted under two conditions: the matching condition
and the mismatching condition. The matching condition is met when the duration of
the training and testing utterances is the same, while in the mismatched condition, the
durations are different. The accuracy curve for the matched condition is shown in Fig. 5.

4.1 Result Analysis

In matched conditions, this system has achieved 92.4% accuracy rate. Figure 5 shows
the accuracy curve against the number of epochs. It is observed that for a small dataset,
the epoch rate should be small. Figure 6 indicates the training loss and validation loss.
Every system should be perfectly fitted. Here there is no problem of over- or under-fitting
of the model. Figure 6 shows the training loss and validation loss curves in the matched
condition (Table 1).



Speaker Recognition Using Convolutional Autoencoder 327

Fig. 5. Accuracy curve for the matched condition.

Fig. 6. Loss curve for the matched condition.

Table 1. % Accuracy comparison table of system accuracy in matched and in mismatched
condition.

Training sample duration (sec) Testing sample duration (sec)

3 10

3 92.4 85.3

10 87.1 92

The results indicate that the system has achieved better accuracy in the matched
condition, meaning when the test conditions were similar to the training conditions.
However, in the mismatched condition, where the test conditions differed significantly
from the training conditions, the system’s performance decreased. Figure 7 displays the
confusion matrix for the matched condition.
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Fig. 7. Confusion matrix for the matched condition.

Table 2 shows the comparison of the proposed model with other methods. As shown
in Fig. 7, the confusion matrix shows the performance of the system. It shows the rate
of prediction for various labels. Here, five labels have been used. Speaker1, Speaker2,
Speaker3, Speaker4, and Speaker5. In the case of matched conditions, the system is
performing very well. But in the case of mismatched conditions, its accuracy rate is low.
Hence, during training and testing, one can use utterances of the same length.

Table 2. Comparison table of proposed model with other existing methods with same dataset

Method AUC CA F1 Precision

SVM 0.785 0.877 0.839 0.815

Random Forest 0.933 0.853 0.811 0.796

proposed Model 0.969 0.953 0.974 0.960

5 Conclusion

In this research paper, a new speaker recognition system is proposed that utilises a con-
volutional autoencoder. The system has achieved a good success rate under matched
conditions for utterances. However, its performance was not satisfactory under mis-
matched conditions. Various activation functions were experimented with, and it was
observed that the ReLU activation function produced better results. The system used raw
voice samples without any pre-processing, which made it somewhat resilient to back-
ground noise. A comparison was conducted between the proposed system’s results and
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existing techniques such as SVM and Random Forest using the same dataset. Accord-
ing to Table 2, the system achieved a good accuracy rate. Additionally, parameters like
Area under Curve, F1 score, CA, and precision were compared. Previous studies in the
related section revealed the use of MFCC features and readily available, clean datasets.
However, the novelty of this paper lies in feeding speech signals in the form of images
by converting them into spectrograms. Thus, instead of MFCC, the system used spectro-
grams as a feature of speech signals. Moreover, a specifically collected dataset was used
for this research purpose. Based on the experimental results, it has been identified that the
main issue lies in the mismatched conditions between the training and testing utterances.
Therefore, future researchers should focus on addressing this problem to improve the
system’s performance. Additionally, since the system was tested with voices containing
background noises, it would be beneficial to find a solution to remove these noises,
thereby enhancing its performance. Furthermore, it is recommended that researchers
explore the use of different types of autoencoders, such as denoising autoencoders and
vanilla autoencoders, as well as other feature extraction techniques like pitch, jitter, or
LPCC-based feature extraction, to further improve the system’s performance.
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