JOURNAL OF INFORMATION, KNOWLEDGE AND RESEARCH IN
ELECTRONICS AND COMMUNICATION ENGINEERING

NOISY SPEECH VOICED AND UNVOICED
CLASSIFICATION AND RECOGNITION USING HYBRID
WAY

'RAJNIKANT P SANDHANI, *RAVI G MEHTA

L2 gC Dept. , Govt. Engineering College, Rajkot

sandhanirp @gmail.com

ABSTRACT: Robust segmentation of speech into voiced (V) and unvoiced (UV) frames is a vital preprocessing
step for effective automatic speech recognition (ASR), particularly in noisy environments. This paper presents a
hybrid framework that leverages Mel-frequency cepstral coefficients (MFCC), RelAtive SpecTrAl (RASTA)
filtered MFCC features, Support Vector Machines (SVM), and Hidden Markov Models (HMM) to enhance noise
robustness. Initially, each speech frame is classified as voiced or unvoiced using an SVM classifier trained on
either standard MFCC or RASTA-MFCC features. These classifications are subsequently used to refine feature
sets for isolated word recognition using HMMs. Experiments were performed on spoken digit sequences (0-9)
and a selected subset of the publicly available TIMIT corpus with recordings artificially corrupted by white and
babble noise at different signal-to-noise ratios (SNRs). The results indicate that RASTA-MFCC features notably
enhance V/UV classification accuracy in noisy conditions, yielding significant relative improvements in F1-
score at 0 dB SNR compared to standard MFCC. Moreover, the integrated RASTA-SVM-HMM system achieves
a substantial reduction in word error rate (WER) under babble noise at 5 dB SNR, demonstrating its efficacy in

challenging acoustic environments.
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1. INTRODUCTION

Speech recognition systems are increasingly being
deployed in real-world scenarios where background
noise is a persistent challenge. A critical issue in such
environments is the accurate segmentation of speech
into voiced and unvoiced regions. This segmentation
plays a vital role in various speech processing tasks,
and its accuracy significantly impacts overall
recognition performance. Voiced segments, typically
associated with periodic excitation (such as vowels),
and unvoiced segments, characterized by aperiodic
noise-like excitation (such as fricatives) will require
distinct processing approaches to ensure optimal
recognition accuracy. In noisy conditions, errors in
voiced/unvoiced (V/UV) classification can propagate
through the processing pipeline, severely degrading
recognition performance [1].

Zero-crossing rate (ZCR) and short-time energy
(STE) were mostly used as traditional approaches for
V/UV classification which rely on time-domain
features. However, these features are known to be
highly susceptible to additive noise, limiting their
effectiveness in adverse acoustic environments [2].
To overcome these limitations, spectral features
especially Mel-Frequency Cepstral Coefficients
(MFCCs) have been widely adopted due to their
perceptual relevance and robustness. Despite their
advantages, MFCCs alone are insufficient in the
presence of environmental noise and channel
distortions.

To address this issue, the RelAtive SpecTrAl
(RASTA) filtering technique was introduced, which
enhances noise robustness by applying band-pass
filtering to the temporal trajectories of spectral or
cepstral features, thereby suppressing slowly varying
and convolutive distortions [3].

In this paper, we propose a noise robust framework
for V/UV classification and speech recognition that
integrates RASTA-MFCC features with Support
Vector Machines (SVM) and Hidden Markov Models
(HMM). The proposed system employs SVMs for
robust V/UV segmentation using RASTA-MFCC
features, which exhibit improved resilience to noise
compared to standard MFCCs. The V/UV
classification results are then used to refine the

feature representation, thereby enhancing the
performance of HMM based isolated word
recognition.

We have conducted evaluations under different noise
conditions like white and babble noise at varying
Signal-to-Noise Ratios (SNRs), demonstrating
significant improvements of systems performance.
The remainder of this paper is structured as follows:
Section 2 reviews related work; Section 3 describes
the proposed methodology; Section 4 outlines the
experimental setup; Section 5 belongs to discussion
on obtained the results; and Section 6 gives
conclusion and possible future work.
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2. BACKGROUND REVIEW

The problem of  voiced/unvoiced (V/UV)
classification and noise-robust speech recognition has
been widely investigated. Early methods relied on
simple time-domain features. For example, Rabiner
and Schafer [4] employed short-time energy and
zero-crossing rate (ZCR) for endpoint detection tasks
closely related to V/UV classification. However, such
approaches are highly sensitive to background noise
and perform poorly in low-SNR conditions.

The adoption of spectral features, particularly Mel-
Frequency Cepstral Coefficients (MFCCs), marked a
significant improvement in recognition performance.
Compared to earlier features, Davis and Mermelstein
[5] showed that the MFCCs proved useful.
Subsequently, Hermansky [6] introduced Perceptual
Linear Prediction (PLP), which offered improved
robustness by incorporating perceptual models of
hearing.

A major breakthrough came with the introduction of
RASTA (RelAtive SpecTrAl) filtering by Hermansky
and Morgan [3], which applies a band-pass filter to
log-spectral energies, effectively suppressing both
slow-varying and fast-varying distortions. This
technique has since been integrated into many
automatic speech recognition (ASR) systems [7].

For classification tasks, Gaussian Mixture Models
(GMMs) were historically the dominant approach for
V/UV segmentation [8]. However, Support Vector
Machines (SVMs) have shown better performance in
noisy environments due to their capacity to handle
high-dimensional, nonlinear data. Ganapathiraju et al.
[9] highlighted the advantages of SVMs in speech-
related classification tasks.

Hidden Markov Models (HMMs) have long been the
standard for temporal modeling in ASR. Rabiner’s
tutorial [10] remains a foundational reference.
Despite the rise of deep learning techniques, HMMs
are still favored in many embedded systems due to
their computational efficiency. Although some
studies have explored hybrid models, such as
combining RASTA-PLP with HMMs [11],few have
explored the combined use of RASTA-MFCC for
SVM based V/UV classification, followed by HMM
based speech recognition. Our work addresses this
gap by evaluating this integrated approach in noisy
environments.

Recent reviews [14][15] emphasize the growing
interest in hybrid machine learning frameworks for
robust ASR. Prior studies [16][17] have used SVMs
for robust classification, further motivating our
design.

3. METHODOLOGY

Our framework comprises of two main stages:

1. Voiced/Unvoiced (V/UV) Classification

2. Speech Recognition

An overview of the system pipeline is illustrated in
Figure 1.

Preprocessing

The input speech signal is sampled at 16 kHz. A pre-
emphasis filter is applied to boost high-frequency
components. The signal is then divided into
overlapping frames of 25 ms with a 10 ms overlap.
Each frame is windowed using a Hamming window
to minimize spectral leakage.

Feature Extraction -MFCCs: For each frame, we
compute 40 Mel-scale filter bank energies, apply the
logarithm, and then perform the Discrete Cosine
Transform (DCT) to obtain 13 static cepstral
coefficients (including the Oth coefficient). First-order
and second-order derivatives we can call it as delta
and delta-delta respectively are also appended to
make a 39-dimensional complete feature vector.
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Figure 1. Block wise processing of speech at various
stages for U/V classification and recognition

RASTA-MFCCs: RASTA filtering is applied to the
log filterbank energies using the following Infinite
Impulse Response (IIR) band-pass filter which have
transfer function like

02+01z7t 401273 +0.2z7*

H(z) =
N 7+ — 09475 .
After filtering, the DCT is applied to obtain the
cepstral  coefficients. Delta and delta-delta

coefficients are computed as with standard MFCCs.

Noise Injection: To evaluate robustness, additive
noise is introduced using white noise and babble
noise from the NOISEX-92 database. These are
superimposed onto clean speech at varying signal-to-
noise ratio (SNR) levels between -5 to 20 dB in
steps of 5dB .
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Voiced/Unvoiced (V/UV) Classification: An SVM
classifier is trained on frame-level features (MFCC or
RASTA-MFCC), with labels indicating voiced or
unvoiced regions. These ground-truth labels are
derived from the clean training set using a pitch
detection algorithm such as RAPT [13] combined
with an energy thresholding method. The trained
SVM is used to classify frames in both clean and
noisy speech.

Speech Recognition: Hidden Markov Models
(HMMs) are developed for isolated digit recognition
(0-9), employing a left-to-right configuration with
five states and three Gaussian mixtures assigned to
each state. The V/UV classification output is used to
refine input features frames classified as unvoiced are
replaced with a noise prototype (e.g., all-zero vectors)
to prevent them from distorting model training or
decoding. Alternatively, V/UV decisions may be used
to apply dynamic weighting to features. Training of
the models is done using the Baum-Welch algorithm
and Viterbi algorithm which helped to decode.

4. EXPERIMENTAL SETUP

The experiments utilize two primary datasets to
evaluate the proposed framework. The 0-9 digit
dataset comprises 100 isolated digit utterances (digits
0 through 9, each repeated 10 times) spoken by a
single male speaker. This dataset is partitioned into
an 80% and 20% split for training and testing,
respectively, ensuring that repetitions of the same
digit are not shared across sets to maintain
independence. For  voiced/unvoiced (V/UV)
classification performance assessment, a subset of the
TIMIT corpus is employed, consisting of 200
utterances (100 sentences each from two speakers,
one male and one female). This subset provides
phonetically rich speech data critical for robust V/UV
frame labeling. To rigorously test noise robustness,
two additive noise conditions are applied. White
noise is a stationary type noise with a uniform and
flat power spectral density, having consistent
background interference. Babble noise is a non-
stationary noise type sourced from the NOISEX-92
database, emulating multi-talker environments (e.g.,
crowded rooms). Noise is injected at signal-to-noise
ratios (SNRs) ranging from -5 dB to 20 dB to cover
challenging real-world scenarios. Performance is
quantified using two sets of metrics namely V/UV
Classification using Precision (fraction of true voiced
frames among those classified as voiced), Recall
(fraction of actual voiced frames correctly identified),
and Fl-score (harmonic mean of precision and
recall). F1-score calculated by

Precision = Recall

F1 — score = 2. —
Prericinm + Rerall

Second is speech recognition by Word Error Rate
(WER) which can be calculated as

S+D+1

WER = * 100 %

Where, S = substitutions of words, D = deletions of
words, I =insertions of words and N = total reference
words used.
Percentage improvement in Word Error Rate (WER)
under babble noise conditions can be calculated
using
WERMFCC—HMM - WERRASTA—SVM—HMM
* 100

WERMFCC—HMM

5. RESULT AND DISCUSSION
Table 1: F1-scores for V/UV classification under
white noise

SNR | MFCC | RASTA- | Improvement
(dB) MFCC
20 0.94 0.95 +0.01
10 0.87 0.91 +0.04
0 0.68 0.80 +0.12
=5 0.52 0.65 +0.13

F1-Score vs. SNR (White Noise)
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Figure 2. Comparison of F1 score of RASTA-MFCC
and baseline MFCC with different SNR for white
noise.

As per the Table 1 and Figure 2, RASTA-MFCC
consistently outperforms MFCC in low SNR
conditions, with notable gains in F1-score, especially
at 0 dB and -5 dB. This confirms its robustness in
noisy environments.

Table 2: Word Error Rate (%) under Babble Noise

SNR | MFCC RASTA- %
(dB) | -HMM | SVM-HMM Improvement
20 2.5 1.8 28.0%
10 15.3 9.5 37.91%
5 24.1 14.8 38.59%
0 35.2 26.0 26.14%

Table 2 illustrates the effectiveness of the RASTA-
SVM-HMM system compared to the baseline MFCC-
HMM under varying levels of babble noise. As the
Signal-to-Noise Ratio (SNR) decreases, the Word
Error Rate (WER) increases for both systems.
However, the hybrid RASTA-SVM-HMM system
consistently achieves significantly lower WERs,
especially in low SNR conditions (0-10 dB).

ISSN: 0975 - 6779| NOV 21 TO OCT 22 | VOLUME - 07, ISSUE - 01

Page 1537




JOURNAL OF INFORMATION, KNOWLEDGE AND RESEARCH IN
ELECTRONICS AND COMMUNICATION ENGINEERING

WER vs. SNR (Babble Noise)
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Figure 3. Comparison of WER of RASTA-SVM-
HMM and MFCC-HMM with different SNR for
babble noise.

As indicated, the RASTA-SVM-HMM system shows
substantial relative improvements across all SNR
levels. The largest improvement (= 39%) is observed
at 5 dB, where the effect of noise is stronger. Even at
0 dB, the system achieves over 26% reduction in
WER compared to the baseline. This reinforces the
advantage of combining RASTA filtering and SVM
classifiers before HMM decoding in noisy
environments like babble noise.

6. CONCLUSION AND FUTURE SCOPE

This study highlights the effectiveness of advanced
feature extraction and classification techniques in
improving the robustness of speech processing
systems in noisy environments. In particular, F1-
score evaluations under white noise show that
RASTA-MFCC features consistently outperform
traditional MFCCs across all signal-to-noise ratio
(SNR) levels. The performance gain is most
pronounced at lower SNRs, with an absolute
improvement of 0.13 in Fl-score observed at -5 dB,
indicating superior discrimination between voiced
and unvoiced segments under severe noise
conditions.

Similarly, word error rate (WER) analysis under
babble noise confirms that the combined use of
RASTA filtering, SVM-based classification, and
HMM-based decoding leads to marked performance
improvements. At 5 dB SNR, the proposed RASTA-
SVM-HMM system achieves up to a 39% reduction
in WER compared to the baseline MFCC-HMM
framework.

These findings underscore the benefits of integrating
noise resilient features like RASTA-MFCC with
hybrid classification architectures for enhanced
voiced/unvoiced segmentation and speech recognition
accuracy in adverse acoustic environments. Future
research could focus on real-time deployment,
assessing computational efficiency and latency within
interactive  voice-controlled systems. Additional
evaluations involving diverse real-world noise types
such as street traffic, industrial machinery and
overlapping speech could further validate the model's
generalization capabilities.
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