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Abstract
This study investigates the classification of voiced
and unvoiced segments in speech signals using
both traditional and modern machine learning
approaches. We examine conventional meth-
ods such as Mel-Frequency Cepstral Coefficients
(MFCC) and Mel spectrogram analysis alongside
contemporary deep learning techniques. Our re-
search focuses on the application of convolutional
neural networks to datasets containing speech
samples from three speakers, evaluated using
frame-level voiced/unvoiced classification with
7-fold cross-validation. We compare CNN per-
formance on MFCC features versus Mel spectro-
grams at 32, 64, and 128 bands. Results show
MFCC features achieve about 85% validation ac-
curacy, while Mel spectrograms achieve about
81–82% across band configurations. Accurate
voiced/unvoiced classification is fundamental to
speech processing applications, as it serves as a
prerequisite for fundamental frequency estima-
tion, where voiced segments typically exhibit
greater harmonic content and periodicity than un-
voiced segments.

1. Introduction
The classification of voiced and unvoiced segments in
speech signals plays a crucial role in diverse speech pro-
cessing applications, including speech recognition, speaker
verification, and speech synthesis (Hillenbrand et al., 1994).
Voiced/unvoiced classification presents significant chal-
lenges due to factors such as background noise, breathy or
creaky voice quality, fricative sounds with high-frequency
energy, and ambiguous boundaries between speech seg-
ments. Traditional approaches to voiced/unvoiced classifi-
cation typically rely on manually engineered features and
heuristic-based algorithms (Jouvet & Laprie, 2017). How-
ever, these methods may fail to capture complex patterns
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and variations inherent in speech signals, necessitating the
adoption of advanced techniques capable of automatically
learning discriminative features from raw speech waveforms
to improve classification accuracy.

In recent years, machine learning methodologies, particu-
larly deep learning, have achieved remarkable success in
audio signal processing (Huang et al., 2014). These ap-
proaches have the potential to revolutionize voiced/unvoiced
classification by enabling automatic extraction of high-level
representations from raw speech data. Deep neural networks,
including convolutional neural networks (CNNs) and recur-
rent neural networks (RNNs), can learn hierarchical features
that capture complex relationships within speech signals,
thereby improving classification performance.

The choice between MFCC and Mel spectrogram represen-
tations is particularly interesting in this context. MFCCs
decorrelate log-Mel energies and emphasize spectral enve-
lope characteristics that often align with voicing cues, while
Mel spectrograms preserve local harmonic structure that
may be better captured by CNNs with sufficient data and
context.

The objective of this investigation is to leverage machine
learning, specifically deep learning, for voiced/unvoiced
classification in speech signals. We employ a CNN archi-
tecture for accurate discrimination between voiced and un-
voiced audio segments. Through training on labeled audio
samples from three speakers, our model learns to identify
discriminative patterns associated with each category.

In the following sections, we outline our methodology,
present experimental results, and discuss the implications
of our research. By combining the power of deep learning
with the challenges of voiced/unvoiced classification, we
aim to contribute to the development of more sophisticated
and accurate speech processing systems.

2. Audio Representation: Mel Spectrogram
and MFCCs

In speech signal processing, selecting an appropriate audio
representation is critical for accurate analysis and classifica-
tion (Zhou et al., 2011). Two widely adopted representations
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are the Mel spectrogram and Mel-Frequency Cepstral Coef-
ficients (MFCCs) (Sato & Obuchi, 2007; Ayvaz et al., 2022).
These representations capture important spectral character-
istics of audio signals and have been extensively utilized
in various applications such as speech recognition, speaker
identification, and music analysis.

Figure 1. Audio signal waveform from one speaker (25 ms analysis
window, 10 ms hop size, 16 kHz sampling rate).

2.1. Mel Spectrogram

The Mel spectrogram is obtained by applying a Mel filter-
bank to the short-time Fourier transform (STFT) magnitude
spectrum of an audio signal. The Mel filterbank divides
the frequency spectrum into perceptually relevant frequency
bands, approximating the non-linear characteristics of hu-
man auditory perception. This transformation provides a
spectrogram where the frequency axis is scaled according to
the Mel scale, resulting in a representation that better aligns
with human auditory perception.

The Mel spectrogram calculation begins with the STFT
using a 25 ms Hann window with 10 ms hop size:

X(k, n) =

N−1∑
t=0

x(t+ nH)w(t)e−j2πkt/N

where x(t) is the audio signal sampled at 16 kHz, w(t) is
the Hann window function, H = 160 samples (10 ms hop),
N = 400 samples (25 ms window), and X(k, n) is the
STFT coefficient at frequency bin k and time frame n.

We then apply the Mel filterbank with M filters spanning
0–8 kHz (Slaney-style triangular filters (Slaney, 1998)) to
obtain the Mel spectrogram:

S(m,n) =

N/2∑
k=0

|X(k, n)|2 Hm(k)

where Hm(k) is the m-th Mel filter response at frequency
bin k, S(m,n) is the Mel spectrogram power at Mel band
m and time frame n, and M ∈ {32, 64, 128} depending on
the experimental configuration.

Finally, we apply logarithmic compression:

Slog(m,n) = 10 log10(S(m,n) + ϵ)

where ϵ = 10−10 is a small constant to avoid taking the
logarithm of zero, resulting in features expressed in dB.
We use 10 log10 compression; using the natural logarithm
would change only a constant scale and not the relative
information content.

Figure 2. Mel spectrogram corresponding to the audio signal in
Figure 1 (64 Mel bands, 0–8 kHz frequency range).

2.2. Mel-Frequency Cepstral Coefficients (MFCC)

Mel-Frequency Cepstral Coefficients (MFCCs) are obtained
by applying the Discrete Cosine Transform Type-II (DCT-II)
to the logarithmic Mel spectrogram:

C(k, n) =

√
2

M

M−1∑
m=0

Slog(m,n) · cos
[
πk(2m+ 1)

2M

]
where C(k, n) is the k-th MFCC coefficient at time frame n,
M = 26 is the number of Mel filters for MFCC computation,
and the normalization factor

√
2/M applies for k > 0 (for

k = 0, the factor is
√
1/M ).

In our implementation, we retain 20 MFCC coefficients,
apply a liftering coefficient of 22, and do not include delta
(∆) or delta-delta (∆∆) coefficients in the baseline experi-
ments. The MFCC computation uses the same windowing
parameters as described above (25 ms Hann windows, 10 ms
hop). Per-utterance cepstral mean and variance normaliza-
tion (CMVN) is applied to improve robustness. We exclude
C0 to reduce sensitivity to overall loudness and channel
effects, improving robustness across recordings.

Unlike representations that emphasize low-frequency com-
ponents, the MFCC transformation separates source-filter
components of speech. The lower cepstral coefficients en-
capsulate slow spectral variations that reflect vocal tract
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filtering characteristics, while higher cepstral coefficients
capture finer spectral details related to source excitation,
noise levels, and other factors.

2.3. Fundamental Frequency (F0) in Voiced and
Unvoiced Speech

The classification of speech sounds into voiced and unvoiced
categories is a fundamental aspect of phonetics (Fant, 1971).
Voiced sounds are characterized by periodic vibration of
the vocal folds, generating regular pressure variations that
result in sound with a measurable fundamental frequency
(F0). Voiced sounds include vowels and voiced consonants
such as /b/, /d/, /g/, /v/, /z/, and /m/ in English, and possess
an F0 that contributes to perceived pitch.

Unvoiced sounds are produced without vocal fold vibration
and are characterized by turbulent airflow through specific
articulatory configurations. English examples include /p/,
/t/, /k/, /s/, /f/, and /h/. These sounds lack regular periodicity
and therefore have no discernible F0, but exhibit spectral
characteristics that reflect energy distribution across frequen-
cies.

The ability to distinguish between voiced and unvoiced
sounds is essential in speech analysis (Greenberg, 1999).
This distinction provides valuable insights into speech char-
acteristics, enables speaker identification and language anal-
ysis, and is crucial for the development and operation of
speech processing technologies.

2.4. Significance in Voiced/Unvoiced Classification

In our research, we utilize both Mel spectrograms and
MFCCs for voiced/unvoiced classification in speech sig-
nals. These audio representations capture essential spectral
characteristics and provide valuable insights into the dis-
tinctive attributes of voiced and unvoiced segments. By
extracting relevant features from the audio data, we aim to
enhance the precision and robustness of the classification
task.

In subsequent sections, we introduce the methodology used
to train our model on Mel spectrograms and MFCCs ex-
tracted from audio signals, and discuss its effectiveness in
discriminating between voiced and unvoiced segments.

3. Model Architecture
Our approach employs a Convolutional Neural Network
(CNN) model, which has demonstrated exceptional perfor-
mance in tasks involving image and time-series data, includ-
ing audio signals. CNNs excel at detecting local patterns or
features in data and exhibit translation invariance, making
them particularly suitable for our voiced/unvoiced classifica-
tion task based on time-frequency characteristics of speech

signals.

The input audio signal is first processed through two convo-
lutional layers. Each layer employs a Rectified Linear Unit
(ReLU) activation function, which introduces non-linearity
into the model, enabling it to learn complex patterns. The
first layer uses 32 filters, and the second uses 64 filters, both
with a kernel size of 3× 3. These layers are responsible for
extracting relevant features from the input data.

Following the convolutional layers, a max-pooling layer
with 2× 2 pooling reduces spatial dimensions while retain-
ing the most informative features. This operation reduces
computational complexity and helps achieve translation in-
variance.

To prevent overfitting, dropout layers are incorporated, ran-
domly setting a fraction of input units to zero during train-
ing, which improves the model’s generalization capability.
Through hyperparameter tuning, we determined an optimal
dropout rate of 0.4.

The output from the preceding layers is flattened to a single
dimension before being input to a fully connected (dense)
layer with 128 units and ReLU activation. This layer serves
as a classifier for features extracted by the convolutional
layers.

The final output layer is a dense layer with a single neuron
using sigmoid activation to provide the probability of the
input signal being voiced or unvoiced. We use a threshold
of 0.5 for binary classification. Threshold tuning on a dev
set could improve F1/balanced accuracy; we leave this to
future work.

The model is compiled with the Adam optimizer (Kingma
& Ba, 2015) with a learning rate of 1× 10−4, determined
through hyperparameter optimization using Hyperband. We
use binary cross-entropy as the loss function, appropriate
for our binary classification problem. The model is trained
with a batch size of 32 for a maximum of 100 epochs, with
early stopping (patience = 5) based on validation loss.

4. Experiments and Datasets
We conduct experiments on two different datasets to vali-
date the effectiveness of our Convolutional Neural Network
(CNN) model for voiced/unvoiced classification in speech
signals.

Data. The dataset was provided by Saulo Santos; redistribu-
tion follows the original corpus licensing terms.

4.1. Dataset 1: MFCC Dataset

The first dataset was created by Saulo Santos, where a base-
line model achieved a performance score of 0.82. This
dataset contains multiple features extracted from speech
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signals from three speakers:

• Column 1: F0 reference values in Hz (manually anno-
tated fundamental frequency)

• Column 2 (voiced ground truth): Boolean vector in-
dicating voiced (1) and unvoiced (0) frames based on
manual annotation of periodic vocal fold vibration

• Columns 3–16: F0 estimations from several Pitch De-
tection Algorithms (PDAs)

• Column 17: Harmonics-to-Noise Ratio (HNR) com-
puted using 25 ms analysis windows with autocorrela-
tion

• Column 18: Cepstral Peak Prominence, Smoothed
(CPPS) computed following Hillenbrand et al. method-
ology

• Column 19: Intensity in dB (extracted with Praat using
25 ms analysis windows)

• Column 20: Spectral emphasis following Traunmüller
and Eriksson methodology (Traunmüller & Eriksson,
2000)

• Columns 21–40: 20 Mel-frequency cepstral coeffi-
cients (MFCCs) computed using the Librosa Python
package with 26 Mel filters, excluding C0, with lifter-
ing coefficient 22

• Final column: Group index/file index identifying the
original source file

The dataset appears imbalanced (voiced likely dominates
continuous speech); we did not apply class weighting in our
baseline experiments.

4.2. Dataset 2: Mel Spectrogram Dataset

In addition to the first dataset, we generated a second dataset
focused on Mel spectrograms of audio signals. The Mel
spectrogram is a powerful feature for speech and audio anal-
ysis, capturing both spectral and temporal characteristics.
We experimented with different resolutions, generating three
versions with varying numbers of Mel bands: 32, 64, and
128.

Like the first dataset, the new datasets include ground truth
F0 reference values and voiced/unvoiced labels based on
manual annotation. The remaining columns contain Mel
spectrogram values for each audio frame, computed using
the parameters described in Section 2.1.

4.3. Protocol and Reproducibility

4.3.1. DATASET SPLITTING AND CROSS-VALIDATION

Dataset splitting and model training significantly influ-
ence predictive performance. We employed 7-fold cross-
validation, partitioning the original sample into 7 equal-
sized subsamples at the file level to prevent data leakage.
One subsample was retained as validation data for testing,
while the remaining 6 subsamples served as training data.

Important limitation: With only three speakers in our
dataset, the 7-fold cross-validation does not ensure speaker-
independent evaluation. Files from the same speaker may ap-
pear in both training and validation folds, which limits gen-
eralization claims. Future work should employ leave-one-
speaker-out (LOSO) evaluation or expand to more speakers
for robust cross-speaker validation.

Dataset splitting was implemented using a
split features labels function, distinguish-
ing between feature set (x) and target set (y). Depending
on chosen features (fts), the feature set varies. For
fts="f0", we used features from columns 3–20, whereas
for fts="mfcc", we utilized features from columns
21–40.

For data splitting, we employed a KFold strategy
using sklearn.model selection.KFold with
n splits=7, ensuring balanced splits between training
and validation sets. The random seed was fixed to maintain
reproducibility.

Split unit. Cross-validation splits are by file (never splitting
an individual file), not by speaker; thus our results assess
within-speaker generalization. Speaker-disjoint evaluation
is left for future work.

4.3.2. SLIDING WINDOW PROCESSING

To account for the temporal nature of data, we designed a
custom Sliding Window Data Generator class capable of
creating batches of sliding windows from the dataset as
model input. Window size was set to 50 frames (500 ms
of audio context), with 50% overlap between consecutive
windows.

For window labeling, we use the label of the center frame
of each window. Windows spanning file boundaries are dis-
carded to avoid artifacts. Boundary frames between voiced
and unvoiced segments are a common error source; future
work could use soft labels or exclude ±1–2 frames around
transitions. When generating overlapping windows, we en-
sure that windows from the same file never appear in both
training and validation folds to prevent data leakage.
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4.3.3. HYPERPARAMETER OPTIMIZATION

For efficient optimization, we applied Keras Tuner’s Hyper-
band algorithm (Li et al., 2018) to search for optimal model
hyperparameters including dropout rates (0.0, 0.2, 0.4, 0.6),
learning rate (1 × 10−3, 1 × 10−4), and label smoothing
(0.0, 0.1). We integrated early stopping callbacks that ter-
minated training if validation loss failed to improve for five
consecutive epochs.

Model selection protocol: To avoid overfitting during tun-
ing, a held-out portion of the training fold should be used
(e.g., 20%); we treat this as recommended protocol for hy-
perparameter optimization.

We train our CNN model separately on each dataset and
evaluate performance. By comparing model performance
across different datasets and configurations, we gain insights
into which features and representations are most effective
for voiced/unvoiced classification.

5. Results and Discussion
5.1. Model Performance

This section presents a detailed analysis of our deep learn-
ing model’s performance. We focus on multiple met-
rics—accuracy, precision, recall, F1-score, and balanced
accuracy for both training and validation datasets. These
measures provide understanding of the model’s capacity to
learn from data and its ability to generalize to unseen data.

Figure 3. Training and validation loss and accuracy for 32 Mel
bands over epochs. Axes: Epoch (x), Accuracy (%, y-left), Loss
(cross-entropy, y-right).

Figure 3 illustrates the model’s training loss and accuracy
over epochs. With 32 Mel bands, the model’s training loss
converged to 0.42 with training accuracy of 91.1%. The

validation loss plateaued at 0.41 with accuracy of 81.3%,
indicating some degree of overfitting.

Metric note. Balanced accuracy (BA) is the mean of per-
class recalls for the voiced and unvoiced classes, i.e.,

BA = 1
2 (TPRvoiced +TPRunvoiced).

Table 1 displays comprehensive model performance met-
rics on training and validation sets for different numbers of
Mel bands. As the number of Mel bands increases, train-
ing accuracy improves significantly; however, validation
accuracy shows minimal improvement while the training-
validation gap increases, indicating progressive overfitting
with higher-dimensional representations.

Table 1. Training and validation performance for different Mel
band configurations (mean over 7 file-level folds). Higher is better
for Acc.

DATASET ACCtrain (%) ACCvalid (%)

MEL32 91.1 81.3
MEL64 93.2 81.5
MEL128 96.1 81.8

Table 2 compares classification performance across differ-
ent feature representations using our CNN model. The
MFCC dataset demonstrated superior validation perfor-
mance compared to Mel spectrogram variants, while Mel
spectrogram datasets showed relatively similar performance
with marginal improvements as the number of Mel bands
increased.

Table 2. Comprehensive performance comparison across feature
representations (mean over 7 file-level folds). Higher is better for
Acc/BA; lower is better for Loss.

DATASET VAL. ACC. (%) VAL. LOSS BAL. ACC. (%)

MFCC 85.2 0.40 84.8
MEL32 81.3 0.41 80.9
MEL64 81.5 0.42 81.1
MEL128 81.8 0.43 81.4

Across CV folds, MFCCs consistently outperform Mel spec-
trograms by approximately 3–4 percentage points on valida-
tion accuracy and balanced accuracy, suggesting that MFCC
features provide more discriminative information for our
CNN architecture and dataset size.

5.2. Discussion

Results clearly demonstrate that increasing the number of
Mel bands in spectrograms does not lead to significant
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performance improvement on validation sets. The consis-
tent validation performance across Mel band configurations
(81.3–81.8%) suggests that our CNN has reached its learn-
ing capacity with the current dataset size. However, larger
numbers of Mel bands tend to increase overfitting, as re-
flected by the growing disparity between training and vali-
dation accuracies: 9.8 percentage points for MEL32 (91.1%
vs 81.3%), 11.7 pp for MEL64 (93.2% vs 81.5%), and 14.3
pp for MEL128 (96.1% vs 81.8%).

The superior performance of MFCC features can be at-
tributed to their design for speech processing tasks. MFCCs
decorrelate log-Mel energies and emphasize spectral enve-
lope characteristics that align well with voicing cues, par-
ticularly the separation of source and filter components in
speech production. The DCT transformation in MFCCs
provides a more compact representation that may be better
suited for our limited dataset size.

Mel spectrograms, while preserving local harmonic struc-
ture that could theoretically benefit CNNs, may require
larger datasets and more sophisticated 2D CNN architec-
tures with greater temporal context to fully exploit their
representational capacity.

Typical classification errors likely include unvoiced frica-
tives (e.g., /s/) being mis-flagged as voiced due to strong
high-frequency energy, and breathy or whisper vowels being
mis-flagged as unvoiced due to low harmonics-to-noise ra-
tio. The inclusion of HNR and CPPS features in our dataset
specifically addresses these challenging cases by providing
explicit measures of vocal fold vibration regularity.

6. Limitations
Several limitations should be acknowledged in this study:

• Small speaker population: Having only three speak-
ers limits generalization claims and prevents proper
speaker-independent evaluation

• Cross-validation design: 7-fold CV with 3 speakers
allows speaker leakage between folds, compromising
generalization assessment

• Limited metrics: Primary focus on accuracy; compre-
hensive evaluation would benefit from precision/recall
analysis, confusion matrices, and ROC/PR-AUC

• Hyperparameter selection: Potential overfitting to
validation performance during model selection

• Class imbalance: No explicit handling of the
voiced/unvoiced class imbalance

• Baseline comparisons: Lack of comparison with tradi-
tional methods (energy + ZCR, autocorrelation-based
approaches)

• Window labeling: Simple center-frame labeling
may not optimally handle boundary regions between
voiced/unvoiced segments

7. Conclusion
Throughout this study, we have successfully demon-
strated the application of convolutional neural networks for
voiced/unvoiced classification in speech signals using both
Mel spectrograms and MFCC features. Our experiments re-
veal that MFCC-based features achieve superior validation
performance compared to Mel spectrograms across band
configurations, likely due to their explicit design for speech
analysis tasks and better alignment with voicing discrimina-
tion cues.

The consistent validation performance across different Mel
band counts (32, 64, 128) suggests that our CNN archi-
tecture has reached its learning capacity with the current
dataset size, while increasing feature dimensionality primar-
ily leads to overfitting rather than improved generalization.
This highlights the importance of matching model complex-
ity to available training data.

Despite the limitations of our experimental
setup—particularly the small speaker population and
potential speaker leakage in cross-validation—the results
provide valuable insights into feature representation choices
for voiced/unvoiced classification. The MFCC-based
approach showed superior generalization performance,
suggesting that cepstral domain representations may be
more suitable for this classification task, especially with
limited training data.

Looking ahead, future work should explore: (1) expansion
to larger, more diverse speaker populations with proper
speaker-disjoint evaluation protocols; (2) investigation of
more sophisticated temporal models such as Long Short-
Term Memory (LSTM) networks (Pradeep et al., 2019) and
Transformer-based models like HuBERT (Hsu et al., 2021)
or Wav2Vec (Baevski et al., 2020); (3) architectural improve-
ments including batch normalization after convolutions,
modest L2 weight decay, global average pooling instead
of flattening, and addition of ∆/∆∆ coefficients for MFCC
features; (4) data augmentation strategies such as light time-
masking and additive noise for Mel spectrograms; (5) com-
prehensive evaluation including precision/recall analysis
and comparison with traditional baseline methods (energy +
zero-crossing rate, autocorrelation-based approaches); and
(6) exploration of hybrid approaches combining multiple
feature types to leverage the complementary strengths of
different representations.
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