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ABSTRACT 

Human speech is the most effective form of communication, enabling individuals to convey their thoughts, 

ideas, and emotions clearly to others. However, many individuals suffer from different types of speech 

disorders, among which a common speech disorder is dysphonia. This speech disorder not only hampers 

everyday interactions but also affects the overall quality of life for an individual. Many researchers have 

worked in this field to develop various modern tools to convert dysphonic speech into normal speech. In 

spite of its impact, limited emphasis has been placed on addressing the challenges of dysphonia in 

languages other than English. This paper presents innovative, ensemble learning-based methods designed 

to improve dysphonic speech signals in Kannada, one of the most widely spoken languages in South India. 

In this paper, new deep learning methods, such as the Generative Adversarial Network (GAN) and the 

SepFormer model, are used for enhancement and reconstruction of Kannada dysphonic speech signals. 

Compared to the GAN, SepFormer provides better results in terms of objective evaluation metrics. 
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I. INTRODUCTION  

The fundamental mode of human communication is speech, 
enabling individuals to articulate thoughts, ideas, and emotions 
with clarity. This complex process involves both the production 
and understanding of spoken language, fostering significant 
interactions and strengthening relationships. When there are 
abnormalities in the vocal cords or other components of the 
vocal system, voice disorders occur. This may affect the pitch, 
volume, or quality of a person's voice. Different types of voice 
disorders exist, including: 

 Hoarseness: This condition presents as a raspy, breathy, or 
strained voice and is commonly caused by vocal cord strain, 
inflammation, or overuse. 

 Aphonia: Aphonia refers to the complete inability to 
produce sound. This condition can arise from various 

factors, including vocal cord paralysis, severe laryngeal 
damage, or psychological issues affecting voice production. 

 Dysphonia: Dysphonia is a broad term that includes various 
difficulties in voice production. It involves changes in pitch, 
loudness, or quality of the voice. 

The development of techniques designed to improve the 
clarity and intelligibility of speech affected by additive noise 
helps address the challenges associated with dysphonia. To 
mitigate the impact of noise on speech quality, numerous 
researchers have focused on this issue, investigating and 
developing a variety of methods and algorithms over the last 
decade. Most speech enhancement systems aim at removing 
artifacts, typically considering only the spectral magnitude 
based on Short-Term Fourier Transform (STFT) 
analysis/synthesis [1]. Consequently, the short-term phase is 
not considered for the enhancement of speech. Later, 



Engineering, Technology & Applied Science Research Vol. 15, No. 6, 2025, 29097-29102 29098  
 

www.etasr.com Rajeswari et al.: Enhancement and Reconstruction of Dysphonic Kannada Speech Using a Generative … 

 

researchers developed methods that also incorporate the phase 
information to improve speech quality [2]. 

Within the deep learning framework, generative methods 
directly model the distribution of clean speech, avoiding mode 
collapse and enabling effective utilization of speech priors. The 
Generative Adversarial Network (GAN) is a state-of-the-art 
(SOTA) network model [3]. Two key variations include the 
introduction of learnable skip connections and the reduction of 
architecture size through larger convolutional strides, which 
increases adversarial training stability [4]. 

Following the development of GAN-based methods, 
researchers worked on SOTA methods that rely on 
discriminative training approaches for speech enhancement, 
although these methods often perform poorly under adverse 
Signal-to-Noise Ratio (SNR) conditions [5]. For real-time 
speech enhancement, DeepFilterNet was developed, leveraging 
harmonic structure and capable of running on embedded 
systems [6]. Researchers have also used a recurrent U-Net 
lightweight model for speech enhancement [7]. To further 
improve performance, a Convolutional Recurrent Encoder–
Decoder (CRED) structure was proposed for monaural speech 
enhancement, overcoming the drawbacks present in 
Convolutional Recurrent Networks (CRN) through an 
integrated convolutional encoder–decoder architecture [8]. 

Recent studies have shown that under very low SNR 
conditions, where the desired speech is often completely 
masked by dominant noise components, these SOTA 
discriminative speech enhancement methods cannot effectively 
suppress noise without distorting or suppressing speech 
content, resulting in a significant decline in overall speech 
quality [9]. After conventional deep learning methods, 
researchers proposed using Mel Frequency Cepstral 
Coefficients (MFCCs) for the reconstruction of speech 
magnitude spectrum using Deep Neural Networks (DNNs) 
[10]. In addition, a GAN called DisCoGAN conditioned on 
latent features of a pre-trained discriminative model has been 
proposed for speech enhancement in low SNR scenarios [11]. 
In this approach, a SEANet-based generator is combined with a 
pre-trained DCCRN discriminative model. The proposed 
DisCoGAN outperforms other approaches in both Perceptual 
Evaluation of Speech Quality (PESQ) and SNR metrics, 
although its performance degrades under extremely low SNR 
conditions [12].  

Later, researchers proposed a two-stage processing scheme 
using a Complex Spectral Mapping-based GAN (CSM-GAN) 
and a Convolutional-Recurrent Metric GAN (CRM-GAN) 
[13]. The performance of these models was tested with English, 
Chinese, French, German, Italian, and Russian, and the results 
were satisfactory except for word accuracy. Furthermore, 
authors in [14] developed a novel GAN-in-GAN framework 
that integrates two GAN models. The inner GAN performs 
spectrogram-to-spectrogram recovery to remove audio noise, 
with supervision provided by metric discriminators. The outer 
GAN performs audio-to-audio recovery, optimizing the final 
audio quality under multi-resolution discriminator supervision. 
The performance of this framework was evaluated using PESQ 
and Short-Time Objective Intelligibility (STOI). 

Authors in [15] conducted a review on different GAN 
architectures proposed for small datasets, comparing the 
performance of models including pix2pixGAN, CycleGAN and 
SRGAN. Authors in [16] developed SepFormer, a transformer-
based model for speech enhancement in complex noise 
environments. Authors in [17] proposed a SepFormer-based 
user-friendly toolkit, leveraging neural speech processing 
technology. Authors in [18] introduced a novel method using 
SepFormer to enhance audio quality in audio–video processing. 
Authors in [19] employed a magnitude STFT in SepFormer to 
handle long sequences for speech enhancement. Authors in 
[20] used a two-stage transformer-based model to reconstruct 
enhanced speech on benchmark datasets. 

Speech enhancement techniques have made remarkable 
advancements with the development of deep learning. A more 
recent architecture is the transformer network, in which the 
significance of different segments of the input sequence is 
assessed through a self-attention mechanism. This allows long-
range dependencies to be captured more efficiently and in 
parallel, resulting in substantial advancements. 

In this work, the GAN model is used for generative tasks, 
where the goal is to produce enhanced or novel speech 
representations. Its adversarial framework enables learning a 
distribution of improved speech features from dysphonic 
inputs. In this setup, the GAN uses dysphonic MFCCs as a 
condition to generate reconstructed versions, making it suitable 
for scenarios where creative enhancement is desired without 
paired data. Another model is the SpeechBrain SepFormer, a 
pretrained transformer-based model originally designed for 
source separation and speech enhancement. It is adapted here to 
process dysphonic speech directly on raw waveforms, 
leveraging its pre-existing knowledge from large-scale training. 
SepFormer is particularly relevant for speech enhancement in 
noisy or degraded audio contexts. Its transformer architecture 
excels at modeling complex patterns, making it well-suited for 
improving dysphonic speech. 

II. SPEECH ENHANCEMENT USING THE 

GENERATIVE ADVERSARIAL NETWORK 

The proposed GAN model is implemented as shown in 
Figure 1, in which one-dimensional audio samples are recorded 
from a high-quality microphone to reduce distortions and 
background noise in a closed environment from subjects 
suffering from dysphonia. The developed dataset consists of 10 
speakers with 10 different sentences in the Kannada language. 
Each sentence is recorded 10 times from each individual.  

 

 

Fig. 1.  Block diagram of dysphonic speech enhancement. 

Audio preprocessing is performed using the Log-MMSE 
method to remove additive noise, such as background and 
microphone noise, present in the recorded signal. The 
preprocessed signal is then converted from the time domain to 
the frequency domain using STFT. The noisy STFT magnitude 
is calculated from the amplitude of each frequency component 
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over time. The initial noise frames of the magnitude signal 
contain primarily noise, and to estimate the noise spectrum, the 
mean magnitude across each frame from each frequency bin is 
calculated. A Wiener gain factor based on Log-MMSE is 
applied to the magnitude of the noisy signal to reduce noise, 
attenuating frequency components where noise is dominant. 
The denoised audio signal is then reconstructed using both 
magnitude and phase and the inverse STFT is used to convert it 
back to the time domain. The results are evaluated using the 
Mean Square Error (MSE), which measures the difference 
between the actual and predicted values by the model: 

MSE �
�

�
∑ �	 
 	��
   �

���    (1) 

where 	 is the actual value, 	� is the predicted value, and � is 
the number of data points. 

After noise reduction, feature extraction is performed using 
MFCCs to transform raw audio data into a set of features and 
reduce the dimensionality or complexity of data, improving 
model performance. To extract features from the denoised 
signal, the audio file is resampled. Figure 2 shows the steps to 
obtain the MFCCs.  

 

 

Fig. 2.  Block diagram of feature extraction using MFCC. 

After feature extraction, training is performed using the 
GAN model. The proposed GAN model and its internal 
architecture are shown in Figure 3. The GAN model is 
constructed by combining a generator and a discriminator and 
is trained by including adversarial labels. During training, the 
generator's weights are updated whereas the discriminator is set 
to be non-trainable. The discriminator is first trained to 
distinguish real and fake data. Then the generator is trained 
(with discriminator frozen) to produce data that can fool the 
discriminator. The goal of the discriminator is to distinguish 
between real and fake signals. 

 

 

Fig. 3.  Core components of the proposed GAN model. 

The input passes through the generator to produce 
generated coefficients, which are then passed through the 
discriminator. The discriminator also receives the real data for 
compilation. During compilation, only the generator's weights 
are updated. The training progress accumulates and averages 
generator and discriminator losses and accuracy over an epoch, 
with periodic model checkpointing.  

The difference between the original and reconstructed 
signals is quantified using objective metrics such as SNR, 
Mean Absolute Difference (MAD), and Mean Absolute Error 
(MAE) providing a numerical measure of the difference 
between the original and reconstructed signals. The generator 
loss (�����) and discriminator loss (�����) are calculated using 
the following equations: 

At generator �: 

����� � log�1 
 ��������  or 
 log��������� (2) 

The cost equations are given by: 

�

�
∑ log�1 
 ���������

���    (3) 

�

�
∑ 
log����������

���     (4) 

At discriminator �: 

����� �� � � log���!��    (5) 
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 ��������   (6) 
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The cost functions are: 

�

%
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)

max
,
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After training the GAN, its performance is compared with 
that of another deep learning model, SepFormer, which is 
explained in detail in the following section. 

III. SPEECH ENHANCEMENT USING THE 

SEPFORMER MODEL 

The SpeechBrain SepFormer is a pretrained transformer-
based model originally designed for source separation and 
speech enhancement. It is adapted here to process dysphonic 
speech directly on raw waveforms, leveraging its pre-existing 
knowledge from large-scale training. Its transformer 
architecture, as shown in Figure 4, excels at modeling complex 
patterns, making it well-suited for dysphonic speech 
improvement.  

The model encodes the input and processes it through a 
dual-path network (the mask net), which leverages transformer 
layers for both local and global context modeling. It then 
decodes the processed representation back into the separated 
audio signal. The network includes a feedforward subnetwork 
with linear transformations, activation functions, and layer 
normalization applied at different points. In particular, a 
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position-wise feedforward network applies two linear layers 
with ReLU activation and layer normalization. 

 

 

Fig. 4.  Transformer architecture of the SepFormer model. 

The preprocessed signal is passed through the SepFormer 
for the speech separation task. The network begins with 
convolutional layers for initial processing, followed by the 
dual-path transformer encoder layers for complex feature 
extraction and mask generation, and lastly a decoder to 
reconstruct the separated signal. Performance is evaluated by 
comparing the original and reconstructed audio signals using 
objective metrics. 

IV. RESULTS AND DISCUSSION 

From the private dataset of 100 samples, one sentence was 

selected for training and evaluation: "ನನ� �ೆಸರು ಅ	
ೇಕ" (My 

name is Abhisheka). The preprocessed result using Log-MMSE 
for this sentence is as shown in Figure 5, which includes the 
original, noisy, and denoised signal waveforms. 

After preprocessing, feature extraction was performed using 
MFCCs. The GAN model was trained on 10 samples. Each 
sample was divided into 400 timesteps, and 13 features were 
extracted from each timestep. Out of the 10 samples, 8 were 
used for training as real samples, and 2 were used as testing 
samples for the generator, which were considered as fake 
samples. 

Both generator and training data were fed to the 
discriminator model. Based on the difference between 
generator and discriminator outputs, the losses were calculated 
and fed back to the generator until the fake signals were 
converted into realistic samples. The original speech signal was 
then obtained after reconstruction. Table I illustrates the 
average generator and discriminator loss, along with the 
discriminator accuracy �� 778� 79 ) over two epochs. Lower 

discriminator loss indicates better discrimination between real 
and fake data, whereas lower generator loss implies better 
generator performance. 

 

 

Fig. 5.  Waveforms of the original, extracted noisy, and denoised audio 

signal using Log-MMSE for "ನನ� �ೆಸರು ಅ	
ೇಕ" (My name is Abhisheka) 

Kannada speech. 

TABLE I.  GAN MODEL LOSSES AND DISCRIMINATOR 
ACCURACY 

Epochs Avg :;<== Avg >;<== Avg :?@@AB?@C (%) 

1 1.9948 0.0835 81.25 

2 3.5585 0.2574 67.19 
 

The performance was then evaluated using the SepFormer 
model. A pretrained SepFormer model was loaded, where the 
input signal is transformed into a higher dimensional 
representation by the encoder. The encoder consists of a 
convolution layer that downsamples the input data from 16 to 8 
channels, which are then passed to the decoder. The decoder 
reconstructs the separated signal from the encoded 
representation, upsampling the data to their original dimension 
using another convolution layer. The original and enhanced 
audio waveforms are shown in Figure 6, the individual MFCCs 
and mean MFCC are shown in Figure 7, and the power spectral 
density is shown in Figure 8. 

 

 

Fig. 6.  Waveforms of the original and enhanced audio for the "ನನ� �ೆಸರು 
ಅ	
ೇಕ" speech signal. 
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Fig. 7.  Comparison of the individual MFCCs and mean MFCC for the 

original and enhanced "ನನ� �ೆಸರು ಅ	
ೇಕ" speech signal. 

 

Fig. 8.  Power spectral density of the original and enhanced "ನನ� �ೆಸರು 
ಅ	
ೇಕ" speech signal. 

The performance of the GAN and SepFormer models was 
compared using objective metrics, including MSE, PESQ, 
STOI, SNR, and MAD, as shown in Table II. From the results, 

the SepFormer model outperforms the GAN model. PESQ and 
STOI scores approach the highest values in the standard ranges, 
and MSE, MAD, and SNR are also improved in the SepFormer 
model. 

TABLE II.  OBJECTIVE METRICS COMPARING SPEECH 
QUALITY BETWEEN GAN AND SEPFORMER MODELS 

Metric GAN model SepFormer model 

MSE 0.20 0.16 

PESQ 1.228 4.233463 

STOI 0.268 0.879939 

SNR (dB) −6.312 −1.328 

MAD 0.136498 0.00643 

 

V. CONCLUSION 

People suffering from dysphonia find it difficult to convey 
their thoughts as intelligible speech. This work aims to convert 
dysphonic speech into audible, normal speech for the Kannada 
language. The dataset was developed by recording from 
dysphonic subjects, resulting in a total of 100 samples. The 
data were tested using a Generative Adversarial Network 
(GAN) and a SpeechBrain SepFormer models. Performance 
was evaluated using objective metrics, including Mean Square 
Error (MSE), Perceptual Evaluation of Speech Quality (PESQ), 
Short-Time Objective Intelligibility (STOI), and Signal-to-
Noise Ratio (SNR). 

The SepFormer model demonstrated superior performance 
compared to the GAN model. STOI and PESQ scores reached 
the highest values within standard ranges for SepFormer, 
indicating better intelligibility and speech quality of the 
reconstructed speech. Performance could improve further with 
the addition of more data samples to the dataset. Combining the 
GAN and SepFormer approaches may lead to even better 
results. 
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