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Abstract: The performance of speech recognition systems greatly depends on how well we extract features from sound
samples. Standard tools like MFCC (Mel-Frequency Cepstral Coefficient), PLP (Perceptual Linear Prediction), and LPC
(Linear Predictive Coding) work well in quiet environments, but they often have trouble in the real world, where
background noise distorts the sound signal. Even newer models, such as MFCC-GANs (Mel-Frequency Cepstral
Coefficient - Generative Adversarial Network), sometimes fail to capture the complex and shifting nature of noisy
settings. To address this issue, we suggest a hybrid feature extraction system that combines the reliability of MFCC
with the flexibility of a VAE (Variational Autoencoder). The main idea is to use the VAE to map noisy speech data into
a structured latent space. This allows the model to ignore random noise and focus on the key patterns of the human
voice. Our results indicate that this hybrid approach is much more robust than traditional methods. In tests conducted
under noisy conditions, the proposed model achieved the lowest Mean Squared Error (MSE) and surpassed MFCC, LPC,
PLP, and GAN-based models. Additionally, a high silhouette score shows that our VAE-processed features are cleaner
and easier for the system to differentiate. These findings suggest that using probabilistic models like VAEs can greatly
enhance the reliability of speech recognition in everyday noisy environments.
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. INTRODUCTION

Feature extraction is a primary part of speech recognition system. The significant feature extracted from raw audio
waveforms could build a good foundation for a robust, accurate and enhanced speech recognition system [1]. Speech
recognition -based applications are widely used in essential human centric services. The effectiveness and accuracy of
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any speech recognition system depend upon the quality of features extracted from raw audio waveforms [2][3]. The
speech enhancement model uses the representation of speech, such as MFCC, spectrogram, and embeddings. If the
speech representation were poor, the speech enhancement model cannot distinguish between noise and speech
components. There are some conventional methods used for feature extraction, which work well and produce good
results in a clean environment, but their performance degrades significantly in noisy and distorted environments. [4][5].
MFCC is widely used for feature extraction due to its ability to capture the features that are perceptual to human hearing.
However, MFCC is highly sensitive to background noise [6]. This study proposes a new hybrid architecture for extracting
the features from raw audio with effective accuracy in noisy and distorted environment. For this purpose, we introduced
a framework that integrates the conventional MFCC and VAE. We use VAE to improve the performance of feature
extraction for denoising the features and showing generalization under noisy conditions. Here is the flow of the research
paper. Section II presents the related work on the conventional system. Section III describes the proposed MFCC-VAE
framework, while Section IV gives the details of the experiment performed. The research and analysis explained in
section V and finally section VI covers the part of the overall conclusion of the research.

Unlike MFCC-GAN methods, which depend on adversarial training between generator and discriminator networks, the
proposed MFCC-VAE learns a smooth probabilistic latent representation through Kullback-Leibler (KL) regularization.
This helps the model organize speech features in a more structured latent space while reducing the effect of background
noise. In comparison, GAN-based approaches may suffer from training instability, sensitivity to parameter settings, and
mode collapse, which can affect performance under different noisy conditions. The VAE framework offers a smoother
latent space and simpler optimization process, leading to more stable training and better generalization for unseen noisy
speech samples

Il. RELATED WORK
In this paper, we studied several research papers that were published on various conventional systems presently
available for feature extraction of audio signals.

MFCC
MFCC is one of the most widely used feature extraction
techniques. MFCC models derived from the short-time

Fourier transform (STFT). There are some important T
characteristics of MFCC features like high correlation with

human psychoacoustics, compactness and computational
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efficiency. MFCC can extract features that are closely tied to
human auditory perception, which makes MFCC a standard
feature extraction method [7]. Strengths of MFCC are
effectiveness, low dimensionality, and interpretability.

Fig 1. General block diagram of MFCC feature extraction process. These qualities make MFCC one of the reliable features

extraction tools in a clean environment [8].

Figure 1 illustrates the processing steps involved in
extracting MFCC features from the raw audio waveform. This process begins with a time-domain representation of the
audio waveform. Pre-emphasis consists of passing the signal across a first-order high-pass filter. This process amplifies
high frequencies, improving the signal-to-noise ratio. Frame blocking segment the signal into short overlapping frames
(e.g., 20-40 frames) as it is necessary for the Fourier transform. Each short, isolated frame is multiplied by the window
function to reduce spectral leakage from the signal. Windowed frames were converted from the time domain to the
frequency domain by using the fast fourier transform (FFT). This conversion resulted in a magnitude spectrum of the
signal. This magnitude spectrum shows a distinct energy distribution across different frequencies. The magnitude
spectrum is then passed through a mel filter bank, which contains a set of triangular bandpass filters. This models non-
linear perception of pitch by the human auditory system. The inverse discrete cosine transform is then applied to the
output of band band-pass filter. This yields more compact and effective MFCC feature set [9].

Mel-Cepstrum

Perceptual Linear Prediction (PLP)
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PLP is considerably enhances the robustness of the features by inducting principles of human auditory perception.
These robust features serve as a significant
base for a speech recognition system for various precise signal processing terminology in diverse acoustic
environments. PLP is designed to suppress speaker specific variations while preserving phonetically relevant
information [10].
Figure 2 shows the design of PLP features extraction system. Phases start with the time domain audio signal. Pre-
emphasis involves passing the signal through a first-order high-pass filter to flatten the signal spectrally. Critical band
analysis is the first key perceptual phase. The spectrum is divided into critical bands, and the total energy in every band
is calculated. The equal loudness pre-emphasis phase simulates a nonlinear relationship between sound frequency and
perceived loudness in the human auditory system. The linear prediction phase is for the calculation of the
autocorrelation coefficient from the spectrum. The LPC coefficients are transformed, and the resulting features are the
PLP features [11][12].
Linear Predictive Coding (LPC)

LPC is highly efficient methodology for modeling the

physical process of speech signal. The primary
Wivetoras advantage of the LPC lies in its extreme data
e composition. It typically requires only 8 to 10
;:‘:;:‘ Windowing ———{ correfation coefficients per frame to offer a compact representation
Analysis of features [13].
Figure 3 illustrates different phase of the LPC feature
l extraction system. The feature extraction process begins
with a time-domain representation of the audio signal.
LPC LPC Analysis . . .
Faituras The frame blocking phase involves the segmentation of

the continuous audio signal into short frames. Every

short-isolated frame gets multiplied by the window

Fig 3. Block diagram LPC feature extraction process. function at the windowing phase as it reduces the

spectral leakages. The autocorrelation coefficient of the

windowed frame is calculated. This Autocorrelation function measures the similarity between the signal and time-
delayed versions of itself. LPC coefficients can be computed using the Levinson-Durbin algorithm. [14] [15].

GAN-MFCC-based feature extraction

The adversarial training is used to enhance the feature by using this method. Features are extracted with conventional

MFCC and then enhanced by denoising them with the help of a GAN architecture. The feature passes through adversarial
neural network training, enhanced features were very
close to the original one [16]. Figure 4 illustrates the
different components of the GAN and the MFCC-based

= Advarsarial Feedback . feature extraction system. This hybrid architecture is
' - designed to enhance the features extracted from raw
e == dio waveforms by using MFCC.
= Enhanced au y g
:‘::kva l-—-.m“f:f:m L] Genentor |} ohwe The noisy MFCC features get enhanced by learning a
: 1 = (fake ) mapping from the noisy and clean representations. The

- architecture combines two neural network generators
and a discriminator. The generator learns a nonlinear
mapping from noisy MFCC features to clean feature
representations. The discriminator is used to distinguish
real from fake. The system takes as input MFCC features

A —— extracted from noisy audio waveforms. These features

serve as a benchmark representation of the speech signal,

capturing both spectral and temporal information. The
generator network used to produce an enhanced feature
vector that's very close to a clean one. The generator learns a nonlinear transformation that maps noisy feature inputs

to a clean representation [17].

The discriminator is used as a binary classifier that discriminates between the real clean and generated feature vectors.

It's implemented as a fully connected neural network. The generator is progressively trained to denoise MFCC features,

so that the discriminator ensures perceptual realism [18].

Discriminator

Fig 4. Block diagram of the MFCC-GAN feature extraction process.
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summary and conclusion of the literature survey
TABLE 1 SUMMARY OF LITERATURE REVIEW

Feature. Technical Spectral Primary Future
Extraction | Core Strengths S . L
Limitations Representation | Application Research Scope
Method
Low computatlonzlal Sep51tlve to a('idltlve Mel-scale Standard ASR & Multi-resolution
overhead Well-validated | noise Loss of fine- .
MFCC . . wrapped Power | Speaker filter banks
in clean speech grained spectral I .
. . Spectrum Identification Hybrid sets
environments details
Enhanced robustness at .
low SNR Effective Deper'ldent on Equitoxic (Bark) Robust Speech Adaptive
PLP sampling and filter . Recognition & perceptual
channel effect ) . scale modeling .
: bank configuration Telephony modeling
suppression
- Lacks auditor
Efficient vocal-tract Yo .
o perceptual modeling . ) Hybrid LPC-
characterization . Source-Filter Speech Coding &
LPC o . Sub-optimal for . ) Spectral
Optimized for coding . . Linear Model Synthesis (TTS) . .
: modern high-noise integration
and data compression
ASR
Mimics complex human | High computational
. . : . Latent Audio )
auditory perception cost (GPU intensive . Multi-task GAN
MFCC-GAN . Y percep . (. . s ) Generative Enhancement & .
High sensitivity to Training instability in o . architectures
. . ; : Distribution De-reverberation
environmental nuances | high-noise variants

After conducting a comprehensive survey of conventional feature extraction systems, such as MFCC, PLP, and LPC. As
per Table ], it is observed that these methods perform efficiently and accurately, with a higher performance rate, in a
clean environment. These conventional methods exhibit low performance in noisy, high-background environments and
a distorted setting; their efficiency consistently degrades and fails to meet expectations. Every conventional feature
extraction system has its own benefits and limitations. MFCCs are sensitive to noisy datasets and variations in the
distinguishing channels. PLP performs better and shows noticeable improvement, but it still has issues and struggles to
perform under low SNR conditions. LPC exhibits good efficiency in capturing formant structure, but remains highly noisy
and sensitive, with a limited ability to learn nonlinear dependencies. So, some of these limitations motivate us to
research a feature extraction system and propose a hybrid system that not only overcomes these limitations but also
ensures robustness and efficiency in a noisy environment.

Recently, scholarly inquiry in the domain of speech processing has delved into secure and resilient signal representation
methodologies that transcend traditional feature extraction techniques. Rani et al. introduced an innovative speech
steganography framework predicated on the Shift Invariant Continuous Wavelet Transform (SICWT), in conjunction
with mechanisms for speech activity and message detection. Their proposed architecture illustrated that
representations within the wavelet domain can proficiently maintain critical speech attributes while enhancing both
robustness and security during the information embedding process. Although the principal aim of their investigation
was the safeguarding of speech data rather than the facilitation of speech recognition, the research underscores the
significant role of resilient signal representations under challenging conditions. Inspired by such advancements, the
current study is dedicated to augmenting the robustness of speech features via probabilistic latent representations,
utilizing a Variational Autoencoder that is integrated with Mel-Frequency Cepstral Coefficients (MFCC) features [27].

I. PROPOSED FEATURE EXTRACTION SYSTEM.

In this study, we propose a hybrid approach by combining
MFCC and a Variational autoencoder. Figure 5 illustrates

E MFCC Feature Extraction

; e the detailed block diagrams of the MFCC+VAE
= . Preemphasis || Fast Furrier Bank 5 architecture. In this architecture, MFCC provides
oA . Frami Y : T 4, m H . . . . . . . .

rurcoilill [ossocr | | auditorily inspired representation, while t}.le variational

T i autoencoder learns robust latent embedding. The raw

| W Alscio PSRN ! audio input waveform is used as input. These inputs may
Waveforms | Varistions! Encoder | . . g . )

| ' contain background noise or some distortion. These input

Means | ! waveforms act as the starting phase of feature extraction

Neotse Robust Latent Space e B [19] [20]. In the preprocessing phase, the original audio

i Representation | —— | sample is converted into multiple formats. In pre-

Dense/Conv | | emphasis filters, higher-level frequencies are boosted to

i i balance spectral tilt. The windowing and framing divide

speech into different short frames and also ensure that the
signal remains stationary. The next important stage is

Fig 5. Proposed MFCC-VAE architecture of feature extraction MFCC extraction, where the fast fourier transform
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converts a time-domain signal into a frequency spectrum. These frequency spectra are applied to the Mel filter bank,
where they are mapped to the Mel scale to mimic the human auditory system. Log compression firstly emphasizes
perceptually relevant information and then stabilizes the variance. The role of DCT is to produce compact MFCC
coefficients, i.e., a feature vector. These feature vectors are then used as input to the VAE encoder. In the VAE encoder,
feature vectors pass through dense or convolutional layers and produce the output in the form of mean (n) and variance
(02). These outputs are then used as parameters for the latent distribution. Then, the reparameterization trick can be
employed with differentiable sampling, as commonly used in Variational Autoencoder models [21].

Z=pu+ 00 (¢ =~ N(0,1)) (1)
In equation (1) Z represents the latent features, which combine MFCC features with the generative capability of VAE.
These latent embeddings exhibit strong robustness to noise and acoustic distortion.

[11. EXPERIMENTAL SETUP.

TABLE Il EXPERIMENTAL SETUP FOR THE PROPOSED FEATURE EXTRACTION SYSTEM.

Category Parameter Specification / Value
Input Representation MFCC (Static + A + AA)
Acoustic Features ) Feat.ure . 60 (20 per stream)
Dimensionality
Windowing 25 ms Frame, 10 ms Hop (Hamming)
Latent Space (z) 64-dimensional (Isotropic Gaussian)
Model Architecture Objective Function L=MSErecon+f-DKL
KL Weight (B) 1x10-4
Optimizer Adam ($1=0.9, $2=0.999)
.. Initial Learning Rate 1x10-3
Training Protocol Batch Size 32
Training Epochs 30
Data Partitioni Dataset Source https://doi.org/10.7488/ds/2117.
ata Fartifioning Distribution 80% Train, 10% Val, 10% Test

Table II summarizes experimental setup adopted in this study. The dataset consists of 11752 clean files and the same
number of corresponding noisy files sampled at 16 KHz. For consistency preservation, the mirror folder structure was
maintained. The extracted features (.npy) were saved in separate clean and noisy folders. We applied MFCCs with their
first-order (A) and second-order (AA) derivatives, resulting in 60 features per frame for feature extraction. Extraction
parameters were fixed as follows: n_mfcc=20, n_fft=400, hop_length =160, and win_length = 400. At the utterance level,
cepstral mean and variance normalization were applied to improve the robustness. The metrics used for validation were
Mean Absolute Error (MAE), Mean Squared Error (MSE), Median error, and Standard deviation (Std). Adam optimizer
was used for training the proposed model. The learning rate was set to 0.001 and training was performed for 30 epochs
with batch size of 32. The latent dimension was fixed at 64 to obtain a compact yet expressive representation. To balance
the contribution of KL divergence against reconstruction loss,
a ‘KL weight of le-4’ was applied. Kullback-Leibler (KL)
divergence is playing a vital role in VAE for a feature
extraction system. It is useful in measuring whether one
probability distribution differs from another.

Dy (PIIQ) = [ P(x) log g2 d(x) (2)

Where:
e P(x)=true or approximate posterior distribution

e Q(x)= prior distribution (often a standard normal 2
distribution (0, I)) " aii—

Time {soconds)

The KunbaCk_Leible_r divergenc? measure_s th(? d?ffer_ence Fig. 6. MFCC feature extraction result (the color scale
between the approximate posterior and prior distributions,  represents normalized cepstral coefficient magnitude,
and is widely used for latent-space regularization in VAE  dimensionless, with values ranging from —4 to +4).
frameworks [21], [22].

If P and Q are identical then
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Dki(P||Q)=0

Hence, The Kullback-Leibler divergence regularizes the latent space by enforcing a smooth and continuous distribution,
thereby improving generalization.

IV. RESULT AND DISCUSSION.
This section of the research paper presents the experimental results as well as a comparative analysis of MFCC, PLP,
LPC, and the proposed MFCC+VAE model within the same experimental setup.

TABLE III. SUMMARY OF MFCC FEATURE EXTRACTION

Dataset Category Clean Speech Noisy Speech
Total Samples 11,572 11,582

Total Duration (hrs.) 14.2 14.3

Avg. SNR (dB) > 35 5-15
Sampling Rate (kHz) 16 16

Feature Dim (per frame) 39 (13+A+AA) 39 (13+A+AA)
Extraction Success (%) 100% 100%

Table III illustrate the summary of feature extraction. The dataset comprises over 11,500 clean and noisy speech
samples, each with approximately 14 hours of speech data recorded at 16 kHz. MFCC features with 39 dimensions (13
static, delta, and delta-delta coefficients) were successfully extracted from all samples. The noisy speech dataset
contains challenging conditions with SNR values between 5-15 dB, while the clean speech dataset maintains an SNR
above 35 dB, providing a comprehensive benchmark for evaluating speech enhancement and feature extraction
methods.

X-axis of figure 6 represents the time frames across the duration of the speech sample, while the Y-axis represents the
MFCC coefficient along with the delta and delta-delta coefficient. It includes 13 static MFCCs, 13 Delta, and 13 Delta-
Delta for a total of 39 channels. On the right-hand side, a color bar represents the magnitude of the extracted coefficients,
with a scale ranging from -4 to 4. Higher positive energy in the specific coefficient can be observed in red regions. The
blue region represents lower energy or negative values, indicating suppression in specific frequency bands. The
combination of features (MFCC + A + AA) provides a robust representation against a noisy and distorted environment.
This is very beneficial for the downstream models trained for speech enhancement.

Comparative Analysis

To evaluate the efficiency of the proposed hybrid feature extraction system with MFFCC + VAE, we try to compare its
performance with conventional systems like MFCC, PLP, and LPC using the same experimental setup, the same dataset,
and the same environmental conditions. For the evaluation of extracted features, we use different matrices as follows.

1. Feature distortion methods.

The Mean Squared Error (MSE) measures the distance between the extracted features and the ideal clean reference.

N
1
MSE = " (yi = i) 3
i-1

Where:

N= total number of data points (e.g., frames or feature coefficients)
y;= original (target) value — e.g., clean speech feature

$;= predicted or reconstructed value — e.g., enhanced speech feature
(i — $1)?= squared error for each data point
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Equation (3) shows the formula for calculating the MSE value. In the speech enhancement model least MSE values mean
model effectively reduces the noise from audio waveforms while preserving the original structures of speech. Mean
Squared Error (MSE) is a standard regression-based reconstruction metric widely used for measuring distortion between
predicted and target features [4], [18]. Table IV shows comparisons feature extraction system with MSE. The

Mean Squared Error (MSE) decreases progressively from 0.185 for LPC to 0.098 for the proposed MFCC-VAE method,
indicating a substantial reduction in feature reconstruction distortion. MFCC-VAE achieves the lowest MSE with a 47.0%
improvement over the baseline, demonstrating its superior ability to preserve important speech characteristics while
suppressing noise. Figure 7 shows how different acoustic feature extraction systems work using distortion spectrograms
and error maps compared to the original reference. The top part of Figure 7 is the clean reference, the standard used to
check how well features are being reconstructed.

In the middle, you see what features look like after being processed by MFCC, MFCC-GAN, and the new MFCC-VAE
method. This section also includes their Mean Squared Error (MSE) values. Lower MSE means the features match the
clean reference better and have less distortion. The bottom part is about the absolute error maps, showing differences

Clean Reference (Ground Truth)

125 —
100 1.0
>
e 75
‘.ﬁ_ 0.8
o 50
[
25 0.6

0 20 40 60 80 100 120 140
Time

MFCC MFCC+GAN MFCC+VAE
MSE=0.142 MSE=0,115 MSE=0.098

|Clean - MFCC] |Clean - MFCC+GAN| |Clean - MFCC 4+ VAE

Figure 7. Comparative analysis of acoustic feature extraction architectures evaluated via distortion spectrograms and
discriminative capacity

between the clean reference and the rebuilt features. Brighter areas in these maps mean bigger errors, while darker
spots show better preservation of original speech. MFCC looks the worst, with the highest MSE of 0.142. MFCC-GAN does
better, lowering the MSE to 0.115 thanks to its adversarial training approach. But the proposed MFCC-VAE scores the
lowest MSE at 0.098, making its error map the darkest and its results closest to the clean reference. This confirms that
the MFCC-VAE system is great at learning hidden speech data that cuts down noise while keeping necessary info.
Compared to regular MFCC, it cuts distortion by 30.99%, and compared to MFCC-GAN, that number is 14.78%. So, the
new method is clearly better for getting reliable speech features even when it's noisy.

2. Clustering Quality
The Silhouette Score (ranging from -1 to 1) evaluates the quality of the feature space. A higher score indicates that speech
features belonging to the same class are tightly grouped and well-separated from other classes.
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The purpose of this figure 8 is to conduct a comparative

analysis of the clustering efficacy of various methodologies Fig 8 Visualization of Extracted Feature Spaces via
employed for feature extraction from the auditory recordings t-SNE Clustering

of three distinct vocal sources (namely MFCC, MFCC-GAN, and

the novel approach MFCC-VAE), as demonstrated through t-SNE visualizations. In order to assess the three feature
extraction methodologies, we examine the clarity with which they organize into distinct clusters. The MFCC features
display a moderate clustering capability, as indicated by the presence of overlapping clusters and significant within-
class variability, which yields a silhouette score of 0.61 for this method. Conversely, the MFCC-GAN features
demonstrate enhanced within-class clustering and diminished between-class clustering, resulting in an elevated
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silhouette score of 0.64, attributable to an improved representation of the feature clusters. The features generated by
MFCC-VAE exhibit the highest quality, characterized by tightly-knit, well-separated

clusters devoid of overlap, thus achieving the highest silhouette score of 0.69. This enhancement can be ascribed to the
VAE's proficiency in learning distributions that encapsulate the essential attributes of speech while simultaneously
mitigating the presence of extraneous noise and irrelevant factors inherent in the signal. Hence, MFCC-VAE delivers
features that are more differentiable, stable, and unaffected by noise when pitted against MFCC and MFCC-GAN,
culminating in enhanced classification results in the speech recognition

3. Fisher score evaluation

The Fisher score serves as primary metrics for evaluating the discriminative power of extracted feature set. The Fisher
score measures how effectively feature separate different classes, e.g., men vs women, clean vs noisy, different
phonemes. Higher fisher score values indicate stronger class separability. A score between 0.1 to 0.3 means features
with moderate discriminability (useful features but not very strong). If the score is at a low value (0.3>), it indicates
weak discriminability.

_ =1 nc(ue — Hj)

c 2
c=11c ch

Fj )

Where:
C= number of classes (e.g., 2 for male/female)
n.= number of samples in class ¢
H¢j= mean of feature jin class c
1;= global mean of feature jacross all classes
0(2:]: variance of feature jin class c

Equation (5) describes how to calculate the Fisher Score of a given feature (j).
Fisher Score is a supervised feature selection criterion used to measure discriminative power between classes [24].

TABLE V COMPARISON OF AVERAGE FISHER SCORES FOR DIFFERENT FEATURE EXTRACTION METHODS

Feature Extraction Architecture ?;Fg) i‘lsher Score Discriminative Gain (%) Rank
LPC 0.37 Baseline 5
MFCC 0.43 16.20% 4
PLP 0.49 32.40% 3
MFCC + GAN 0.69 86.50% 2
MFCC + VAE (Proposed) 0.82 121.60% 1

Table V describes the detailed Comparison of Average Fisher Scores for Different Feature Extraction Methods. The
proposed MFCC+VAE shows the maximum average Fisher score value. As shown, the proposed MFCC+VAE achieves the
lowest MSE value (0.098), which indicates features having minimal distortion and preserving the originality in speech
characteristics. Traditional methods like LPC (0.37) and MFCC (0.43) exhibit relatively low Fisher Scores. This suggests
that in noisy environments, these features suffer from high intra-class variance. The representations of the same
phoneme become scattered with other classes that leads to classification errors. MFCC + GAN framework provides a
substantial improvement (0.69), it is outperformed by the Proposed MFCC + VAE. The VAE framework achieves a peak
Fisher Score of 0.82, representing a 121.60% gain over the LPC baseline.

Figure 9 delineates the comparative distributions of acoustic features derived from the MFCC, MFCC-GAN, and the novel
MFCC-VAE framework, in conjunction with the pristine reference signal. The traditional MFCC representation displays
arelatively dispersed feature distribution, signifying a constrained discriminative efficacy in the presence of noise. The
MFCC-GAN methodology enhances the organization and spatial coherence of features by acquiring improved
representations through adversarial learning techniques. Conversely, the proposed MFCC-VAE yields a feature
distribution that closely parallels the clean reference, thereby illustrating its capacity to acquire robust and noise-
resistant latent representations. The enhanced spatial organization and consistency of the extracted features are further
corroborated by a Fisher Score of 0.82, thereby validating the superior discriminative capability of the proposed
methodology.
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1. CLEAN REFERENCE (GROUND TRUTH)
4. Evaluation through the PESQ value 1
PESQ (Perceptual Evaluation of Speech Quality) is an 5600 \
assessment metric for evaluating speech quality. 3 i i

PESQ(y,9) = a Dsym .9 +B. Dasym N+y (6) - o4

Where:
e y(t)— clean (reference) speech signal
e $(t)— degraded or enhanced speech signal
e Dy, — symmetric disturbance (perceptual _ 3. MFCC
difference common to both ears) oy ' : ' | H 4
® D,gm— asymmetric disturbance (perceptual
difference due to added or missing components)
e q, [, y— empirically determined coefficients
according to ITU-T P.862 |
e For wideband speech: H
(a=-0.1, = —0.0309,y = 4.5) P s S R IR D ST e W AP '
The PESQ score typically lies in the range: ‘
1.0 < PESQ < 45
Equation (6) shows how the PESQ value is calculated. The 8000 1 SRR .
PESQ value near 1 is considered as poor speech quality, and ‘ | H F
its value close to 4.5 is considered as nearly identical to the ol : [ I}
original audio waveform. PESQ is standardized by ITU-T e i l

Recommendation P.862 for perceptual speech quality
assessment [25].

|
5. Evaluation through the STOI value - | H
STOIl is another assessment metric used for the evaluation of ‘ y ‘ ' ‘ ;
the intelligibility of enhanced speech. STOI works by time- ) o
aligning clean and degraded audio signals, also framing them . STt It apce s
in short-time overlapping segments. The STOI course lies Comparizan of PESG and STOI Scores acrass Feature Extroction Methods
between 0.0 (unintelligible) and 1.0 (perfect intelligibility). I I

N

1 -
STOI (x,%) = NZ Corr(x, %y) @)
n=1 e
Where: : 5
e x=clean reference speech _ = -

e X=degraded or enhanced speech
® X,,X,= short-time spectral envelope vectors in the
n-th segment

e Corr = linear correlation coefficient v o bl -
¢ N=total number of segments ‘ D
Equation (7) describes how the STOI value is calculated. If the Fig. 10 Comparative PESQ and STOI scores

STOI value is closer to 1, the speech enhanced is intelligible
perfectly. Similarly, if the STOI score is near 0, the speech sample is unintelligible. STOI is a widely accepted objective
intelligibility metric for enhanced speech signals [26].

TABLE VI COMPARISON OF FEATURE EXTRACTION SYSTEMS WITH PESQ AND STOI VALUES

Feature PESQ APESQ (vs. | 19! ASTOI  (vs.
Extraction Score [0- MFCC) Score [0- MFCC)
Method 4.5] 1]

LPC 2.21 -0.2 0.78 -0.06

PLP 2.36 -0.05 0.82 -0.02

MFCC 2.41 Baseline 0.84 Baseline
MFCC + GAN 2.63 0.22 0.85 0.01

MECC + VAR 2.78 0.37 0.89 0.05
(Proposed)
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Table VI evaluates the proposed framework using two industry-standard perceptual metrics: Perceptual Evaluation of
Speech Quality (PESQ) and Short-Time Objective Intelligibility (STOI). Traditional methods like LPC (2.21) and PLP
(2.36) underperform compared to the MFCC baseline (2.41), confirming that standard MFCC remains superior for
general perceptual features in low-noise settings. The Proposed MFCC + VAE achieves a score of 2.78, yielding a APESQ
of 0.37 over the MFCC baseline. In speech enhancement literature, an improvement of > 0.1 in PESQ is considered
statistically significant. The 0.37 gain suggests that the VAE's ability to model the speech manifold effectively
"reconstructs” missing spectral components that are vital for human hearing. The MFCC + VAE achieves the highest STOI
score of 0.89, a 0.05 improvement over the baseline and achieve intelligibility benchmark. The perceptual efficacy of the
proposed MFCC + VAE framework is summarized in Table VI. The system achieved a PESQ score of 2.78 and a STOI score
of 0.89, outperforming the standard MFCC baseline by 15.3% and 5.9% respectively. Notably, the VAE-based approach
surpassed the GAN-based enhancement in both quality and intelligibility.

Figure 10 shows the proposed MFCC + VAE method achieves the highest speech quality and intelligibility, significantly
outperforming traditional methods and the standard MFCC baseline. While generative models consistently improve
performance, the VAE-enhanced approach delivers the most substantial gains with a PESQ of 2.78 and a STOI of 0.89.

TABLE VII EFFECT OF VAE AND LATENT SPACE SIZE ON FEATURE QUALITY

Architecture KL Loss (8) t‘:)t ent Size MSE Silhouette | Fisher Score PESQ STOI
MFCC (Baseline) — — 0.142 0.61 0.43 241 0.84

MFCC-AE No 64 0.118 0.64 0.61 2.63 0.86

MFCC-VAE Yes 16 0.11 0.65 0.71 2.67 0.87

MFCC-VAE Yes 32 0.104 0.67 0.77 2.72 0.88

MFCF-VAE Yes 64 0.098 0.69 0.82 2.78 0.89

(Optimum)

MFCC-VAE Yes 128 0.101 0.67 0.78 2.74 0.88

6. Ablation study

An ablation study was conducted to analyze the impact of each design component in proposed MFCC-VAE framework. In
this study individual elements like KL divergence term and latent space dimensions were systematically varied and
observation were recorded at the end of experiment. The table VII summarizes the effect of each modification,
demonstrating the necessity of VAE architecture and chosen latent space dimensions for the performance that is very near
to optimal. MFCC is raw feature set it act as “floor” for performance. MFCC-AE is standard autoencoder that compresses
data but doesn’t really use probabilistic bottleneck (with no KL loss). MFCC-VAE uses KL loss to even up the latent space.
This making it more structured and continuous. The proposed model achieved the lowest MSE value (0.098). This
observation indicates that the VAE can compress the audio features and reconstruct them with least amount of information
loss. The Silhouette Score (0.69) and

Fisher Score (0.82) are maximum for the proposed model. This indicates that VAE is better at clustering identical speech
sounds together and separating odd ones in latent space. Which is very effective in tasks like speech recognition and
speaker identification. The proposed model meets the highest PESQ (2.78) and STOI (0.89) scores, suggesting that the
features extracted by this model retain the most "human-

audible" clarity.

When the latent size is underfitting (16 and 32) i.e. too small, the model cannot capture enough details so as observations
shows higher MSE values and lower quality scores. When the latent size is 64 it provides optimum results, the perfect
balance between compression and details. When the latent size is overfitting (128), performance drops (MSE rises to 0.101
and Silhouette drops to 0.67). This may introduce noise or lose the benefit of KL divergence

7. Final result and analysis Summary

8. The Table VIl summarizes following observations
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TABLE VIII RESULT AND ANALYSIS SUMMARY

Method | VS |Silhouet | b, er | PESQ | STO
E te I
0.1

LPC o | 052 037 |221 |0.78
0.1

PLP o | 058 049 | 236 | 0.82
0.1

MFCC .| ost 043 | 241 | 084

MFCC- 0.1

AN o | 064 0.69 | 263 | 085

MFCC-

VAE 0.1 | 0.69 082 |2.78 | 0.89

Reconstruction fidelity (MSE): The proposed model meets significant reduction in Mean Square Error (0.098). It clearly
outperforms the baseline MFCC by 30% and MFCC-GAN by 14%. This representing significant improvement over
conventional methods.

Enhanced Feature Identification: The high Silhouette (0.69) and Fisher (0.82) score indicates that VAE create more
organized and distinct latent space i.e. better clustering of similar features

Optimal Human Perception: The leading scores in PESQ (2.78) and STOI (0.89) confirmed that proposed method
maintains the better speech quality and intelligibility

The primary reason for significant performance spike observed in resultis due to integration of VAE into feature extraction
pipeline. The VAE learns a structured, probabilistic representation of speech instead of just extracting static coefficient.

VI. CONCLUSIONS.

After executing the MFCC + VAE model for feature extraction successfully, we perform a comprehensive comparison of
the results with conventional feature extraction systems like MFCC, PLP, LPC and MFCC-GAN. Comparative results indicate
that our proposed model (MFCC+ VAE) performs exceptionally well and outperforms the rest. In terms of evaluation
metrics, the proposed model shows suppression with strong noise. While PESQ and STOI values are based on
reconstruction, they also show higher-level readings. The lowest MSE values and higher Silhouette score indicates noise-
invariant and discriminative latent features. Alone, MFCC, PLP, LPC and MFCC-GAN show improvement and robustness in
a clean environment, but the performance and robustness get compromised in noisy and distorted conditions due to
several reasons, such as high computational cost, higher sensitivity to noise, and low clustering quality in a noisy
environment. The integration of the variational autoencoder significantly enhances feature robustness and
discriminability. Although the proposed model introduces moderate computational overhead, it remains suitable for next
generation intelligent edge devices.

Data Availability Statement

Noisy speech database for training speech enhancements in this study is publicly available at
https://datashare.ed.ac.uk/handle/10283/2791

Additional processed features, noisy-clean speech pairs generated in the current study, are available from the
corresponding author upon reasonable request.
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