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Abstract

This research explores the application of deep learning
techniques for emotion recognition using bone-conducted
(BC) speech, utilizing the EmoBone dataset—the first
dataset specifically created for this purpose. The study
aims to investigate the effectiveness of deep learning ap-
proaches in recognizing emotions from BC speech while
addressing challenges such as degradation and informa-
tion loss in neural networks. By implementing advanced
models, the research compares the accuracy of emotion
recognition with other relevant techniques, showcasing
the advantages of BC speech in terms of noise resilience
and privacy. The findings contribute to the develop-
ment of more accurate and reliable emotion recognition
systems, creating the way for innovative applications in
fields such as healthcare, human-computer interaction,
and secure communication systems.

1. Introduction

In recent years, the development of human-computer
interaction (HCI) systems has increasingly focused on
making interactions more natural and responsive. A
key aspect of achieving this goal is the ability to ac-
curately recognize human emotions from speech. By
identifying human emotions from voice signals, speech
emotion recognition (SER) finds applications in diverse
areas such as robotics, mobile services, contact centers,
gaming, and psychological assessments [1]. A lot of re-
search has been done on air-conducted (AC) speech in
the SER system, but bone-conducted (BC) speech has
its benefits, especially in noisy locations and when pri-
vacy is important. BC speech propagates auditory sig-
nals directly to the cochlea using bone conduction of the
skull. Despite its potential, research on emotion recog-
nition from BC speech remains largely unexplored [4].
The research aims to explore the potential of deep learn-
ing in recognizing emotions from BC speech and address
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the unique challenges associated with this task. Addi-
tionally, it seeks to compare the accuracy of emotion
recognition achieved by deep learning models with other
relevant approaches. Ultimately, this research aspires
to contribute to the development of more accurate and
reliable emotion recognition systems.

The noise-robust feature of BC speech, which cap-
tures the body’s vibrations and makes it less suscepti-
ble to outside noise, is what drives its application in
SER. This property of BC speech not only enhances the
low-frequency components but also improves the accu-
racy of speech analysis [2]. In [2], although SER takes
AC speech as input, there have been promising results
in converting AC speech to equivalent BC speech using
an infinite impulse response (IIR) filter. The expecta-
tion is that BC speech provides more valuable informa-
tion for SER due to its enhanced low-frequency com-
ponents, which are essential for recognizing emotions.
They got 72.50% accuracy for recognizing BC speech
emotion using convolutional neural networks (CNNs)
with synthetic data. The authors of [3] have also em-
phasized the improved accuracy rates for speaker recog-
nition when AC and BC speech are used together under
noiseless conditions. Their findings indicate that the er-
ror rates for BC and AC speech are comparable, which
suggests that BC speech can serve as a compensatory
feature, potentially leading to better accuracy in SER
models.

The rest of the paper is structured as follows: Section
2 provides a detailed description of the study protocol
and evaluation methodology. The comparative findings
and various statistical analyses are presented in Section
3. This section also divides into the corresponding dis-
cussion and limitations. The final conclusions are drawn
in Section 4.

2. Methodology and structure

This section will describe the data collection meth-
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ods, data analysis procedures, and data validations em-
ployed in this study. The LSTM is a variant of the RNN
that consists of memory blocks connected and capable
of maintaining temporal states through self-connections.
It has three gate units: input, output, and forget gates.
LSTM solves long-term dependence issues in RNNs and
implements refined internal processing units for better
storage and updating context information. It also over-
comes gradient vanishing or explosion problems in stan-
dard RNNs. The BiLSTM model utilizes contextual in-
formation in both the forward and backward directions,
enhancing its robustness by detecting hidden emotions
through directional analysis [5]

The initial model architecture developed in this study
was a BiLSTM network. This model was built to take
advantage of the sequential structure of voice data by
capturing both forward and backward temporal depen-
dencies. The architecture consists of several layers that
hierarchically process the input data. The input layer
receives the MFCC feature vectors, which serve as the
model’s raw data input. This layer is followed by a stack
of two bidirectional LSTM layers, each with 128 hidden
units. These LSTM layers are responsible for process-
ing the input sequences and generating a sequence of
hidden states that capture the temporal dependencies
within the data. The LSTM layers in the model can in-
clude both past and future context when processing each
time step due to their bidirectional nature, enhancing its
ability to capture relevant The final output of the LSTM
layer is sent into a fully linked layer, which transforms
the LSTM’s output into the seven emotion classes. This
mapping is achieved through a linear transformation, fol-
lowed by a Softmax activation function. The Softmax
function converts the raw scores into probabilities, pro-
viding a measure of the model’s confidence in each emo-
tion class. The choice of a Softmax activation function
is motivated by its ability to normalize the output prob-
abilities, ensuring that they sum to one. This property
is essential for multi-class classification tasks, as it al-
lows the model to express uncertainty in its predictions.
The model was implemented using the PyTorch frame-
work, which offers a versatile and effective framework for
constructing and instructing deep learning models. To
optimize the parameters of the model, we employed the
Adam optimizer, a modified version of stochastic gradi-
ent descent that adjusts the learning rate for each pa-
rameter using estimates of its first and second moments.
The learning rate was set to 0.001, a commonly used
value that balances the need for quick convergence with
the risk of overshooting the optimal solution. The model
performed 100 epochs of training, utilizing a batch size
of 8, to achieve sufficient exposure to the training data
while also retaining computational efficiency.

98

RISP International Workshop on Nonlinear Circuits, Communications and Signal Processing 2025
February 27 - March 2, 2025, Pulau Pinang, Malaysia

Training Loss Validation Loss

- Validation Loss

444444

Epochs.
Training Accuracy

Epochs
Validation Accuracy

-~ Validation Accuracy

100

Figure 1: Training and Validation Loss and Accuracy
over 100 epochs.

The BiLSTM model was trained using the EmoBone
dataset. In order to train the model, we minimized the
cross-entropy loss, which is the difference between the ac-
tual emotion labels and the predicted probabilities. To
avoid overfitting, we checked the accuracy of the model
on a validation set while it was being trained. We used
an early stopping mechanism to cease training after three
consecutive epochs if the validation loss failed to im-
prove. This method is useful for preventing the model
from becoming “overfit” to its training data, thereby im-
proving its generalization performance. If the validation
loss did not improve, a learning rate scheduler was em-
ployed to lower the learning rate, so assisting the model
in achieving a more optimal minimum. The performance
of the model was evaluated using classification accuracy
on a held-out test set. The BiLSTM model achieved an
accuracy of 85%, indicating its ability to capture tempo-
ral dependencies in the speech data. To further analyze
the models’ performance, we computed confusion ma-
trices and classification reports for both models. The
confusion matrix for the BiLSTM model showed a sig-
nificant lower number in misclassification. The classifi-
cation report highlighted the improvement in precision,
recall, and Fl-score for most of the emotion classes, in-
dicating a more balanced and robust performance.

3. Experimental results

The EmoBone dataset was utilized to train and eval-
uate the BiLSTM models. The dataset’s distribution
across the seven emotion classes (neutral, calm, happy,
sad, angry, fear, and surprise) is visualized in Figure
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Figure 2: Confusion matrix using BLSTM
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Figure 4: Receiver operating curve

5.2. The figure illustrates a relatively balanced distri-
bution, with each emotion class represented by a sub-
stantial number of samples. This balance is crucial for
preventing the model from being biased towards any par-
ticular emotion class during training.

The performance of the BiLSTM model is depicted in
Figure 1. The figure presents the training and valida-
tion loss and accuracy curves over 100 epochs. The loss
curves demonstrate a steady decrease in both training
and validation loss, indicating that the model is learning
to fit the training data effectively. The accuracy curves
show a corresponding increase in both training and vali-
dation accuracy, further confirming the model’s learning
progress. The intersection of the training and validation
curves implies that the model is not overfitting, which
is a positive sign for its generalization capabilities. The
confusion matrix for the BILSTM model is presented in
Figure 2. The matrix provides a thorough analysis of
the approach estimates, highlighting its advantages and
disadvantages in categorizing various emotions. The di-
agonal elements of the matrix represent the number of
correct predictions for each emotion class, while the off-
diagonal elements indicate misclassifications. The ma-
trix shows that the model performs well for most emo-
tion classes, with high accuracy for emotions like angry
and surprise. However, there is some confusion between
similar emotions like calm and neutral, suggesting room
for improvement.

The accuracy of each emotion class for the BiL-
STM model is visualized in Figure 3 using a pie chart.
The chart provides a clear visual representation of the
model’s performance across different emotions. The
chart shows that the model achieves high accuracy for
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Figure 5: Classification accuracy diagram spanning both columns.

most emotions, with accuracy exceeding 80% for several
classes. However, the accuracy for Calm is relatively
lower, indicating a potential area for improvement. Fig-
ure 4 presents the ROC curves for the BiLSTM model.
ROC curves graphically represent the relationship be-
tween the true positive rate and the false positive rate
across various classification levels. The curves illustrate
the ability of the model to differentiate across several
emotion categories. The area under the curve (AUC) for
each emotion class is also provided, serving as a quan-
titative measure of the model’s performance. The AUC
values are generally high, indicating good discriminative
power for most emotions.

The overall classification accuracy for the BiLSTM
model without attention is presented in Figure 5. The
figure shows that the model achieves an accuracy of
85.17%, which is a respectable performance consider-
ing the complexity of the task. This result serves as
a baseline for comparison with the Bi-LSTM model with
attention.

4. Conclusions

This study highlights the feasibility of using Bil-
STM networks for emotion recognition via bone-
conducted speech, providing a baseline performance for
the EmoBone dataset. While the results are promis-
ing, the findings suggest that further enhancements, such
as incorporating advanced preprocessing techniques or
combining BiLSTM with other neural network archi-
tectures, could improve performance. This work lays
the groundwork for future research in BC speech emo-
tion recognition and underscores the significance of ex-
ploring novel datasets like EmoBone to advance human-
computer interaction. Future research could explore the
integration of other advanced techniques, such as trans-

fer learning and multi-modal fusion, to further enhance
the performance and robustness of speech emotion recog-
nition systems.
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