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Abstract. The importance of sound recognition and classification systems in
various fields has led researchers to seek innovative methods to address these
challenges. In this paper, the authors propose a concise yet effective approach for
sound recognition and classification by combining spectrogram analysis, Micro-
Electro-Mechanical Systems (MEMS) sensors, and the Pytorch deep learning
framework. This method utilizes the rich information in audio signals to develop
a robust and accurate sound recognition and classification system.

The authors outline a three-stage process: data acquisition, feature extraction,
and classification. MEMS sensors are employed for data acquisition, offering
advantages such as reduced noise, low power consumption, and enhanced sensi-
tivity compared to traditional microphones. The acquired audio signals are then
preprocessed and converted into spectrograms, visually representing the audio
data’s frequency, amplitude, and temporal attributes.

During feature extraction, the spectrograms are analyzed to extract significant
features conducive to sound recognition and classification. The classification task
is performed using a custom deep learning model in Pytorch, leveraging modern
neural networks’ pattern recognition capabilities. The model is trained and vali-
dated on a diverse dataset of audio samples, ensuring its proficiency in recognizing
and classifying various sound types.

The experimental results demonstrate the effectiveness of the proposed
method, surpassing existing techniques in sound recognition and classification
performance. By integrating spectrogram analysis, MEMS sensors, and Pytorch,
the authors present a compact yet powerful sound recognition systemwith potential
applications in numerous domains, such as predictivemaintenance, environmental
monitoring, and personalized voice-controlled devices.
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1 Introduction

The ability to accurately recognize and classify sound plays a crucial role in numer-
ous applications, including predictive maintenance, environmental monitoring, surveil-
lance systems, natural language processing, and human-computer interaction. Tradi-
tional methods of sound recognition and classification often rely on handcrafted fea-
tures and shallow learning models, which can be limited in their capacity to capture
complex patterns within audio signals. Consequently, there has been a surge of interest
in developing more sophisticated methods that can effectively recognize and classify a
wide range of sound types.

In recent years, deep learning techniques have demonstrated remarkable success in
various pattern recognition tasks, including sound recognition and classification. These
techniques excel in their ability to automatically learn discriminative features from raw
data, which has led to significant improvements in recognition and classification per-
formance. In this context, the PyTorch deep learning framework [1] has emerged as
a popular choice for researchers, due to its flexibility, ease of use, and strong com-
munity support. Spectrogram analysis, which provides a visual representation of the
time-frequency characteristics of audio signals, has also been widely employed in sound
recognition and classification tasks. The rich information contained within spectrograms
enables the identification of distinctive patterns that can be used to differentiate between
various sound sources. In parallel, advances in sensor technology, particularly Micro-
Electro-Mechanical Systems (MEMS) sensors [2], have facilitated the development of
high-quality audio data acquisition systems. MEMS sensors offer numerous advantages
over conventional microphones, such as reduced noise levels, low power consumption,
and increased sensitivity.

In this paper, the authors propose a novel sound recognition and classificationmethod
that includes spectrogram analysis [3], MEMS sensors, and the PyTorch deep learning
framework. The primary objectives of thiswork are to develop a comprehensive approach
for sound recognition and classification that leverages the rich information contained in
audio signals, and to demonstrate the effectiveness of the proposed method through
extensive experimental validation. The remainder of this paper is organized as follows:
Section 2 provides a literature review; Sect. 3 an overview of the proposed methodology,
including data acquisition, feature extraction, and training- classification stages; Sect. 4
presents the experimental results and performance evaluation; and Sect. 5 concludes the
paper with a discussion on future research directions and potential applications.

2 Literature Review

The field of sound recognition and classification has attracted significant attention from
researchers due to its wide range of applications and the inherent challenges in pro-
cessing and understanding audio data. This section provides a review of the relevant
literature, focusing on sound analysis, spectrogram representations, MEMS sensors,
and the application of PyTorch at sound recognition and classification.
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2.1 Sound Analysis and Spectrogram Representations

Sound analysis techniques play a vital role in extracting meaningful information from
raw audio signals. Traditional methods, such as Mel-Frequency Cepstral Coefficients
(MFCC) and Linear Predictive Coding (LPC), have been extensively used to capture
the spectral characteristics of audio signals (Davis & Mermelstein, 1980 [4]; Rabiner &
Schafer, 1978 [5]). However, these handcrafted features often fail to capture complex
patterns present in the data.

Spectrogram representations, which display the time-frequency characteristics of
audio signals, have emerged as an effective alternative to traditional methods (Fulop &
Fitz, 2006 [6]). By converting raw audio signals into spectrograms, researchers can
visualize and analyze the spectral content and temporal patterns of sounds, enabling
more efficient feature extraction and classification.

2.2 MEMS Sensors for Audio Data Acquisition

The quality of audio data acquisition plays a crucial role in the performance of sound
recognition and classification systems. Traditional microphones have certain limitations,
such as high noise levels and power consumption. MEMS sensors, on the other hand,
offer numerous advantages, including reduced noise levels, low power consumption,
and increased sensitivity (Koickal et al., 2006 [7]). The use of MEMS sensors in sound
recognition and classification tasks has led to significant improvements in data quality
and system performance.

2.3 Deep Learning and PyTorch in Sound Recognition and Classification

Deep learning techniques have revolutionized pattern recognition tasks, including sound
recognition andclassification.ConvolutionalNeuralNetworks (CNNs) [8] andRecurrent
Neural Networks (RNNs) [9] have been widely played a role in this domain due to their
ability to automatically learn discriminative features from raw data (Hinton et al., 2012
[10]; LeCun et al., 2015 [11]). The Pytorch deep learning framework has become a
popular choice for implementing deep learning models, thanks to its flexibility, ease of
use, and strong community support (Paszke et al., 2019 [12]).

Several studies have explored the use of deep learning and Pytorch in sound recog-
nition and classification tasks. For example, Aytar et al. (2016) [13] used CNNs for envi-
ronmental sound classification, while Zhang et al. (2017) [14] applied Long Short-Term
Memory (LSTM) networks for speech recognition. These studies have demonstrated
the effectiveness of deep learning models in recognizing and classifying various sound
types.

In summary, the literature highlights the potential of combining spectrogram anal-
ysis, MEMS sensors, and PyTorch-based deep learning models for sound recognition
and classification tasks. This paper aims to develop a novel method that integrates these
techniques, aiming to achieve improved performance and applicability across a wide
range of domains such as a predictive maintenance and environmental monitoring.
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3 Methodology

This section describes the proposed methodology for sound recognition and classifi-
cation, which integrates spectrogram analysis, MEMS sensors, and the PyTorch deep
learning framework. The proposed system is quite general and can be adapted for var-
ious data sources (e.g. image, video, audio). However, we consider the case where the
data we get from the sensors is audio data. A block diagram of our model is shown in
(see Fig. 1). The methodology consists of three main stages: data acquisition, feature
extraction, and training - classification.

Fig. 1. Proposed model block diagram.

3.1 Data Acquisition

In the data acquisition phase of the study, the authors employed a Raspberry Pi 4 [15],
a Raspberry Pi Pico [16], and an Adafruit MEMS microphone [17] to effectively gather
the necessary data. The Raspberry Pi 4, a versatile and powerful single-board computer,
served as the central processing unit, managing data acquisition and communication
with the Raspberry Pi Pico via a USB connection.

The Raspberry Pi Pico, a microcontroller board based on the RP2040 microcon-
troller chip, was utilized for real-time signal processing and data transfer. The Pico was
connected to the Adafruit MEMS a high-performance and compact digital microphone,
responsible for capturing and converting acoustic signals into digital data. The micro-
phone’s wide frequency response and low noise ensured accurate representation of the
collected audio data (see Fig. 2).

To facilitate communication between the Raspberry Pi 4 and the Raspberry Pi Pico,
the authors developed also, a custom data acquisition system using the Python program-
ming language. This system allowed for the efficient coordination and exchange of data
between the two devices via the USB connection. The Raspberry Pi Pico was chosen for
its affordability, simplicity, and compatibility with the Raspberry Pi 4.
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Fig. 2. System for Data Acquisition

The Adafruit MEMS microphone, played a crucial role in capturing high-quality
audio data. Authors selected the Adafruit MEMS microphone for its impressive
performance characteristics and compatibility with the Raspberry Pi ecosystem.

The collected data is focused on four distinct sound classes, namely Motor_single,
Motor_gran_no_chain, seatrak_all_elements, and kinhsh_koble, which collectively
comprise the dataset. Each sound class is represented by a set of WAV files that were
recorded within the laboratory environment. To efficiently manage the files, the authors
utilized Audacity software [18] to edit the length of each WAV file for every class, sub-
sequently allocating the files into their respective folders (see Fig. 3), including test and
valid, based on their corresponding labels.

3.2 Feature Extraction

The feature extraction stage involves the conversion of raw audio signals into spectro-
grams, which provide a visual representation of the frequency, amplitude, and temporal
characteristics of the audio data. Spectrogram analysis allows for the identification of
salient features that are conducive to sound recognition and classification.

To generate spectrograms, the Short-Time Fourier Transform (STFT) [19], is applied
to the preprocessed audio signals, resulting in a time-frequency representation that cap-
tures the spectral content and temporal patterns of the sounds. The Short Time Fourier
Transform (STFT) is a well-established technique for examining the time-varying fre-
quency content of a signal. The STFT is computed by taking the Fourier Transform of
a signal multiplied by a window function that is translated over time. The mathematical
formula for the STFT is expressed as follows (Eq. 1):

STFT (x(t),w(t), τ ) = X (ω, τ) = ∫ x(t) ∗w(t − τ) ∗ e−jωtdt (1)
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Fig. 3. Dir structure of the Wav files

Here, x(t) represents the input signal as a function of time ‘t’, and w(t) denotes the
window function as a function of time ‘t’. The parameter τ is the time shift or translation
parameter, while ω is the angular frequency (ω = 2π f , with ‘f ’ being the frequency in
Hz). The STFT output, X(ω, τ ), is a complex-valued function of both angular frequency
‘ω’ and time shift ‘τ ’. Lastly, j is the imaginary unit (j^2 = −1).

By varying the time shift parameter ‘τ ’, the authors obtain the time-frequency rep-
resentation of the signal, which offers valuable insights into the frequency content of
the signal at different time intervals. In the subsequent figure (see Fig. 4), the authors
present a comparative visualization of the previously mentioned fields for a linear Chirp
audio signal [20], often referred to as the “linear Chirp.”

Employing a sound spectrogram, a technique for visualizing audio signals is eluci-
dated, which affords an understanding of the integral frequencies of the auditory input.
Within the spectrogram, the ordinate signifies frequency, while the abscissa corresponds
to the temporal aspect. Each individual pixel in the spectrogram discloses the intensity of
a distinct frequency at a specificmoment, thus granting a thorough comprehension of the
time-frequency association present in the audio signal. As previously noted, the gathered
data was segregated into four distinct categories, with the corresponding spectrograms
exhibited in subsequent Figure (see Fig. 5).

3.3 Training - Classification

The training - classification stage employs a custom deep learning model implemented
in PyTorch, a popular deep learning framework known for its flexibility, ease of use, and
strong community support. The model is designed to automatically learn discriminative
features from the spectrograms and effectively classify the sound sources (see Fig. 6).

The proposed model consists of a combination of convolutional and recurrent lay-
ers, which enables the simultaneous learning of spectral and temporal features from
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Fig. 4. Linear Chirp in different domains

the spectrograms. The spectrogram representation of every individual class undergoes
processing through Convolutional Layers to extract features of the input spectrogram. It
is anticipated that, following the Convolutional Layers, the problem under investigation
transforms into a linearly separable one. Consequently, these features are transmitted to
the Fully Connected layers.

Ultimately, the unnormalizedNeuralNetwork responses aremodeled as probabilities
employing thewidely recognized softmax non-linearity. The softmax activation function
[21], a generalized variant of the sigmoid function, serves as a methodical selection at
the output stage of a Neural Network addressing a multi-class classification issue. The
attainable values range between [0, 1], with the aggregate of probabilities equating to
1. The element within the output vector exhibiting the highest probability additionally
signifies the class of the input waveform. The softmax function is depicted schematically
in the subsequent figure (see Fig. 7).

The convolutional layers are tasked with detecting local patterns, whereas the recur-
rent layers are responsible for capturing long-range dependencies and temporal dynam-
ics. The model undergoes training using a diverse dataset of spectrogram frames, with
the aim of minimizing classification error.

During the training phase, the dataset is partitioned into 70% for training, 15% for
validation, and 15% for testing. The CNN classifies and subsequently predicts the input,
which is a wave file divided into blocks of duration seq_dur (5 s), as well as the class
it belongs to (out of the four classes). The output of the CNN is a matrix of dimensions
(nb_blocks, nb_classes), with each row representing the unnormalized responses for
the four classes for one block. The objective function employed for minimization is the



10 A. Spournias et al.

Fig. 5. Spectrograms of sound classes

Fig. 6. Training – classification

cross-entropy function available in PyTorch’s CrossEntropyLoss [22], whereweights are
also utilized for each class to balance the input, as the dataset is typically unbalanced.
The training phase is depicted in the subsequent figure (see Fig. 8).

In the following figure (see Fig. 9), the training error is represented by the blue line,
which is considerably small from the second epoch onwards, while the validation error,
illustrated by the red line, remains low from the first epoch.
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Fig. 7. Softmax layers

Fig. 8. Training phase
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Fig. 9. Training - validation error (Color figure online)

4 Experimental Results - Performance Evaluation

The methodology consists of three main stages: Block of input-wav, Overall classifica-
tion performance of input-wav, Real-time classification performance of a sound.

4.1 Block of Input-Wav Classification Performance

In order to evaluate the performance of the proposed model, the network’s accu-
racy in classifying the provided blocks into various classes is assessed. The softmax
non-linearity is applied to the unnormalized network response (a 4-element vector
corresponding to the number of classes) to determine the class to which a block belongs.

This procedure is executed to transform these unnormalized responses into four
probabilities with values ranging from 0 to 1. The index of the highest probability (within
the vector) represents the class predicted by the network for the specific batch. Themodel
is then tested on an independent set of spectrogram frames, which have not been utilized
during training. A range of performance metrics, including accuracy, precision, recall,
andF1-score, are employed to evaluate themodel’s efficacy in identifying and classifying
distinct sound sources. The evaluation phase of a single sound class block (kinisi_koble)
is depicted in the following figure (see Fig. 10 and Table 1).

4.2 Overall Classification Performance of Input-Wav

During the inference stage, to ascertain the class to which the input-wav belongs, the
same step as in the evaluation is executed on the network’s output. However, the aim
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Fig. 10. Evaluation phase of a single sound class

Table 1. Evaluation performance

Name of Class Precision Recall F1-Score Support

Moter_single 1.00 1.00 1.00 23

Motor_gran_no_chain 1.00 1.00 1.00 23

seatrak_all_elements 1.00 1.00 1.00 23

Kinisi_koble 1.00 1.00 1.00 23

here is to determine the class of the entire input-wav, rather than merely its blocks.
Consequently, the decision is made in favor of the class with the most occurrences, akin
to consulting a histogram. It could be argued that the class to which a block belongs is a
randomvariable, and the distribution of this variable is calculated through this histogram.
The evaluation phase of a whole sound class (kinisi_koble) is depicted in the following
figure (see Fig. 11).

4.3 Real-Time Classification Performance of a Sound

In the real-time inference process, to determine the class to which the input-wav belongs,
the same step as previous in the evaluation is executed on the network’s output. However,
the goal here is to decide the class of the entire input-wav, not just its blocks. As a result,
the decision is made in favor of the class with the most occurrences, as if consulting
a histogram (It could be posited that the class to which a block belongs is a random
variable, and the distribution of this variable is calculated through this histogram). The
evaluation phase of a whole three sound classes in real-time, is depicted in the following
figure (see Fig. 12).
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Fig. 11. Overall classification performance of input-wav

Fig. 12. Real-time classification performance

For the experimental process, 15 recognition trials were conducted for each class.
The results demonstrated that recognition was highly successful in the class representing
a unique sound with a specific pattern. On the other hand, for complex sounds that
included a mix of noises from various components, the recognition performance was
equally good, despite a slight increase in false recognitions.
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In summary, the following graph (see Fig. 13) present the experimental results
and performance evaluation of the proposed method, demonstrating its effectiveness
in recognizing and classifying various sound types.

1
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9

11
13
15

Motor_single kinisi_koble seatrack_all_elements

Experimental Results

TRUE FALSE

Fig. 13. Experimental results.

5 Conclusion – Future Work and Potential Applications

In conclusion, this study has demonstrated the potential of machine learning-based clas-
sification techniques in sound recognition tasks. The findings indicate that such methods
can effectively classify unique sounds and even complexmixtures of noises from various
components. However, there is still room for improvement in terms of reducing false
recognitions.

Future research directions could explore the incorporation of more advanced deep
learning architectures, such as attention mechanisms, to enhance the model’s ability to
focus on the most salient features within the input data. Additionally, the development
of more robust and diverse datasets would contribute to the generalization capabilities
of the models, making them more applicable to real-world scenarios.

Potential applications of sound recognition via machine learning classification span
across various domains, including environmental monitoring, healthcare, industry, and
smart cities. For instance, in environmental monitoring, these techniques could be
employed to track and identify the presence of specific species, monitor ecosystems,
or detect signs of pollution. In healthcare, sound recognition models could be used for
early detection of diseases or monitoring patients’ conditions through the analysis of
sounds produced by the human body. In industrial settings, these techniques can be
applied to monitor equipment performance, identify malfunctions, and predict main-
tenance requirements. Lastly, in the context of smart cities, sound recognition models
could contribute to the optimization of trafficmanagement and the enhancement of public
safety by detecting unusual or potentially dangerous events based on sound patterns.
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Overall, the advancements in machine learning classification for sound recognition
hold great promise for numerous practical applications across diverse sectors. Continued
research in this area will undoubtedly contribute to the development of more efficient,
accurate, and versatile sound recognition systems, addressing the ever-growing needs of
various industries and society.
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