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In this study, we used deep learning to align bone-conducted speech signals
with air-conducted speech signals, aiming to replace traditional air conduction
microphones in voice-based services capturing surrounding sounds.

We

fabricated headphones, placing bone conduction microphones on the rami (the
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Deep learning

branches of a bone in the jaw area), in line with traditional bone conduction
headphone configurations. Using LSTM, CNN, and CRNN models, we created
databases that aligned bone-conducted speech signals with their air-conducted
counterparts and tested them with bone-conducted speech signals captured via
our custom-made headphones.
performance in accurately distinguishing three English words (“apple,”

The CNN model demonstrated superior

“hello,” and “pass”), including their voiceless pronunciations. In conclusion,
our study shows that deep learning models can effectively use bone-conducted
speech signals extracted from the rami for automatic speech recognition (ASR),
paving the way for future ASR technology that precisely recognizes only the
speaker’s voice.
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Fig. 5 Visual representation of the designed product concept and
realized prototype production outcome. The representation
was created with BioRender.com
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Table 1 Audio classification using an LSTM model

with MFCC features

Section

Description

Main Functions / Components

Import libraries

Import necessary libraries for file operations,
audio processing, ML modeling, etc.

os, random, librosa, numpy, tensorflow,
matplotlib, seaborn

MFCC extraction

Function to extract MFCC features from audio files.

librosa.load, librosa.feature.mfcc

Data splitting

Split data into training, validation, and test sets.

random.seed, random.shuffle

Data loading

Mount Google drive, define categories, and load data.

google.colab.drive.mount, os.listdir

Data processing

Process audio files to extract features and split into sets.

extract mfcc, split data

Data padding

Pad data sequences for uniform input size.

numpy.pad

Model building

Construct an LSTM model for classification.

Sequential, LSTM, Dense

Model compilation

Compile the model with loss function and optimizer.

model.compile

Model training

Train the model on the training data.

model. fit

Model evaluation

Evaluate the model performance on test data.

model.evaluate

Prediction

Predict and classify on the test set.

model.predict

Table 2 Key functions in building and training a CNN for audio classification. The training, evaluation, and prediction processes
are excluded for simplicity in the table

Section

Description

Main Functions / Components

Import libraries

Loads essential Python libraries for processing
and model building.

os, random, librosa, numpy, tensorflow,
matplotlib.pyplot, sklearn.metrics, seaborn

MFCC extraction

Converts audio files into MFCC features for analysis.

librosa.load, librosa.feature.mfcc

Data splitting

Divides the dataset into training, validation, and test sets.

random.shuffle, List slicing

Data loading and proces:

sing

Loads audio files, extracts features, and prepares dataset.

os.listdir, extract mfcc, split_data

Padding sequences an
reshaping

d . .
Ensures uniform data shape for CNN input.

np.pad, np.newaxis

Building the CNN model

Constructs the neural network
with convolutional and dense layers.

Sequential, Conv2D, MaxPooling2D,
Flatten, Dense

Table 3 Comprehensive summary of essential functions and libraries utilized in CRNN model development for audio feature extraction
and processing. The training, evaluation, and prediction processes are excluded for simplicity in the table

Section

Description

Main Functions / Components

Libraries import

Import necessary Python libraries and modules.

os, random, librosa, numpy, tensorflow,
matplotlib.pyplot, sklearn, seaborn

MFCC extraction

Extracts MFCC features from audio files.

librosa.load, librosa.feature.mfcc

Data splitting

Splits a list of files into training, validation,
and test sets based on given proportions.

random.seed, random.shuffle

Data loading

Process and prepare data for the model.

os.listdir, os.path.join

Padding sequences

Pads the MFCC sequences to ensure uniform length.

numpy.pad, numpy.array

Reshaping for CNN input

Reshapes data for compatibility with the CNN layers.

.reshape

Model building (CRNN)

Constructs a model with convolutional (CNN)
and recurrent (LSTM) layers.

Sequential, Conv2D, MaxPooling2D,
Reshape, LSTM, Dense

Model compilation

Prepares the model for training by setting the
loss function, optimizer, and metrics.

.compile
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