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AUDIO EVENT ANALYSIS METHOD
IN NETWORK-BASED AUDIO ANALYTICS SYSTEMS

Abstract. Relevance. In the rapidly evolving field of network-based audio analytics systems, the detection and analysis of
audio events play a crucial role across various applications, including security, healthcare, and entertainment. Subject. This
paper examines a method for recognizing audio events in network-based audio analytics systems, including preprocessing, sound
separation, and the creation of machine learning models for analyzing audio signals. Objective. The objective is to develop and
improve integrated methods for analyzing audio signals in network-based audio analytics systems to enhance the accuracy,
speed, and reliability of data analysis. Methods. The proposed approach uses a modified ResNet architecture for multi-event
classification and a convolutional neural network for separating sound sources in multi-channel recordings. Results. The method
achieves competitive results, comparable to baseline results in contemporary challenges like DCASE and demonstrates robust
performance in noisy environments. Conclusions. The proposed method shows potential for improving the accuracy and
reliability of audio event recognition in real-world scenarios, particularly in complex acoustic environments.
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Introduction

Relevance. In recent years, the demand for
intelligent audio analytics has surged due to the increasing
volume of audio data being transmitted and processed
across various networks. A network-based audio analytics
system is a technology that utilizes signal processing
algorithms and machine learning to analyze audio data.
This technology can be applied in various fields, including
security, healthcare, marketing, and entertainment. For
example, it can be used to detect specific sounds or speech
patterns in the environment, analyze emotions in voice,
recognize speech, and so on. The main components of such
a system typically include gathering audio data from the
surrounding environment, preprocessing the collected
data, transmitting audio data to a server for processing,
extracting features and processing the obtained audio data,
as well as providing feedback mechanisms.

In the modern world, the increasing amount of
information and audio data flowing through networks
necessitates the development of effective methods for
their analysis and processing. One important area of this
analysis is the recognition of audio events in network-
based audio analytics systems. This technology enables
the detection and classification of various sound
phenomena in real-time or based on recordings, using
various signal processing algorithms and methods.

Audio event recognition in network-based audio
analytics systems is the process of identifying and
classifying various audio events occurring in audio
recordings by understanding their content and context. This
process can be used for automatically detecting events such
as voice commands, noises, speech, transportation sounds,
explosions, weather conditions, and more.

An overview of scientific works. Before conducting
the classification of audio events, it is necessary to detect,
preprocess them and transmit the data to the server.
Methods for audio event detection are outlined in [1, 2]
Preprocessing audio data is a critical step in the audio
analysis process, as it prepares raw audio data for further
processing and analysis. Preprocessing may include noise
filtering, alignment, segmentation, and echo removal. The

specifics of preprocessing are outlined in [3]. The method
of transmitting audio signals plays a crucial role in
network-based audio analytics systems as it determines
how collected audio data is transmitted from the recording
source to the analysis and processing systems. The method
of transmitting audio signals in network-based audio
analytics systems is proposed in [4, 5].

The quality of the developed machine learning or
deep learning model significantly depends on the quality
and relevance of the dataset on which it was trained. The
dataset should be representative of the real world and free
from errors, missing values, or incorrect labels. Machine
learning methods are discussed in [6], and their application
to audio in [7. 8]. The main datasets for training sound
separation and sound event detection models are listed in
[9-11]. Sound separation as a preprocessing stage in the
method of audio event recognition in network-based audio
analytics systems is important for increasing the accuracy
and efficiency of analysis. In the real world, audio signals
often contain a mixture of different sounds - speech, music,
ambient noise, etc. Sound separation allows isolating these
components for more accurate analysis. The specifics of
modern sound separation methods are detailed in [12, 13].

Thanks to the annual DCASE Challenge [14], audio
event recognition methods are constantly evolving. The
DCASE Challenge provides unified criteria for evaluating
and comparing different methods of audio event
recognition. This helps identify the strengths and
weaknesses of various approaches and contributes to their
further improvement. Each new edition sets more
challenging tasks for researchers, such as event recognition
in multi-sound conditions or in real-time, stimulating the
development of more advanced technologies. Modern audio
event recognition methods are outlined in [14, 15].

Definition of key aspects of the general problem

Analysis of audio signals in network-based audio
analytics systems consists of several important
components that require careful consideration and
development. The first part involves preprocessing and
detection of audio events. This includes the application of
various techniques such as filtering, alignment, and
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segmentation for preprocessing audio data before further
analysis. The second part involves developing algorithms
for separating different audio signals, which typically
contain a mixture of various sounds. This requires the
development of sound separation methods and their
optimization for real-time operation. The third part is the
creation of machine learning models for audio event
analysis. This part involves developing machine learning
algorithms for classification and recognition of audio
events. Challenges in this part include selecting appropriate
models, training on relevant data, and managing the
reliability and accuracy of the model.

Setting objectives. Therefore, there is a need to
develop and enhance comprehensive methods for
analyzing audio signals in network-based audio analytics
systems. Based on this, the goal of this paper is to
develop and improve integrated methods for analyzing
audio signals in network-based audio analytics systems
to enhance the accuracy, speed, and reliability of audio
data analysis. To achieve this, it is necessary to develop
an audio signal analysis method that takes into account
preprocessing, sound separation, and the stage of creating
machine learning models for audio event analysis.

Justification of the quality metric for
the transmission and analysis of audio signals

Justification of the quality metric for the transmission
and analysis of audio signals is a critically important task
in the development of audio analytics systems. These
metrics may encompass various aspects such as sound
quality, speech recognition accuracy, compression
efficiency, and others. It is essential to consider the specific
context and objectives of the system when justifying the
selection of particular quality metrics.

The quality metric should account for the accuracy
of the audio signal recognition system. This may involve
correctly identifying sound events, speech recognition, or
other audio signal characteristics according to the
requirements of the specific context. High accuracy in
speech or sound recognition is crucial for systems used
in tasks such as voice command understanding, audio
transcription, and more. Improving recognition accuracy
contributes to better user interaction and ensures proper
handling of audio data. However, the quality of analysis
should be justified in terms of the resources expended by
the system. For example, optimizing algorithms to use
minimal computational and memory resources.

The analysis quality should be robust against noise
and other interferences that may affect the audio signal.
This is important to ensure the adequacy of results in
different conditions. Maintaining system stability in noisy
environments helps maintain high-quality audio data
processing in real-world conditions. In real-time
applications such as voice chat systems or video
conferencing, minimizing delays in audio signal
transmission and processing is crucial. Low latency helps
avoid a sense of delay in interacting with the system and
ensures smooth interaction. Additionally, in cases of audio
data transmission over the network, it is important to use
efficient compression methods to reduce data volume.
Reducing data volume contributes to faster transmission
and preserves network bandwidth. The quality metric may

consider the system's scalability to handle large amounts
of audio data or to expand functionality in the future. The
system should be able to adapt to different conditions and
be configurable depending on specific user requirements
or use cases. If the system integrates with others, the quality
metric may consider the efficiency of this interaction and
compatibility with other technologies. To assess the
accuracy of the model, so-called Event-based metrics such
as F1-score and Error Rate (ER) are used. A key advantage
of event-based metrics is their ability to provide detailed
analysis of event detection quality, allowing developers to
better understand and optimize their systems for specific
requirements and usage scenarios. F1-score is considered
as the harmonic mean between precision and recall. To
calculate these values, true positives (TP), false positives
(FP), and false negatives (FN) are used. Precision is a
measure of how many selected items are correct. The
precision value is calculated as:

TP+FP

Recall is a measure of how many relevant items

were selected. The formula for recall is:
R=— 1"
TP+FN
The F1-score value is calculated as:
p_ 2PR .
P+R

The Error Rate, as a metric in audio event recognition
tasks, utilizes the values of substitutions (S), insertions (1),
deletions (D), and the number of reference events (N) to
determine the effectiveness of the model. This metric is
particularly crucial in scenarios where accurate
recognition and classification of audio events are critical.

Substitutions (S) represent the number of cases
where the model incorrectly identifies one event as
another. Insertions (1) indicate false alarms, where the
model detects an event that did not actually occur.
Deletions (D) signify the instances where the model
misses a real event. Reference events (N) correspond to
the total number of events that should have been detected
according to the reference data. Based on these values,
the overall event error rate (EER) is calculated, typically
expressed using the following formula:

S+D+1

ERR =

This metric allows for the assessment of the overall
effectiveness of the system in detecting and recognizing
audio events, taking into account all possible types of
errors. A low value of EER indicates high accuracy and
efficiency of the system, while a high value of EER
indicates issues in event detection or classification.

Dataset

FSD50K is a large dataset used for tasks related to
sound recognition. This open dataset contains over 51,000
audio clips totaling more than 100 hours, manually labeled
using 200 classes from the AudioSet ontology. The
licensing of FSD50K audio clips under Creative
Commons makes them freely distributable and accessible.
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This open accessibility is a significant advantage
compared to some other datasets, making it an invaluable
resource for researchers and developers worldwide.
Sounds in FSD50K cover a wide range of categories,
including natural sounds, music, human voices, urban
sounds, and many others. Each sound in the dataset is
accompanied by metadata, including information about the
source, license, tags, descriptions, and more.

Preparing data from FSD50K for use in the model is
essential. This includes selecting relevant audio recordings
from the dataset that correspond to the event classes to be
recognized. For training the sound event recognition
method, 25 sound classes with loud audio events such as
Alarm, Gunshot, Gong, and similar ones were used. The
total dataset comprises 7,763 recordings. All recordings
are appropriately labeled and have timestamp information.

Moreover, due to the diversity of audio samples, the
FSD50K dataset provides a challenging platform for
training machine learning models, as it includes various
background noises, overlapping sound events, and
differing recording conditions.

Data partitioning into training, validation, and test sets
is an important part of preparing data for machine learning
tasks. The training set is the primary dataset used for model
training. It should be representative and include a wide
range of possible cases that the model may encounter in the
real world. The validation set is used for fine-tuning model
parameters and checking its performance during training.
The validation set helps determine when the model starts
overfitting to the training data. The test set is an independent
dataset used to evaluate the final performance of the model
after training and tuning. This dataset allows assessing
how the model will perform on new, unseen data,
simulating real-world usage. The test set should be entirely
independent of the training and validation sets. The overall
dataset was divided into training, validation, and test sets
in a 70-20-10 ratio. Additionally, each of the samples was
combined into a single audio file while preserving the
labels, to simulate real-time operation.

Audio event analysis method

The task of sound separation involves obtaining
audio tracks of individual sound sources from a single
audio recording containing multiple sources. In general,
it can be represented as follows:

N
ami><ed = zai .
i=0

The task of sound separation involves identifying the
components a; of the primary audio file a ., . To solve

this task, audio data is represented in the form of a
spectrogram. After detecting anomalies in the input audio
stream using a noise threshold and filtering, the audio data
is buffered and fed into a special event classifier, which
determines the number of simultaneous audio events. The
main idea of the proposed method is illustrated in Fig. 1.
If the number of audio events N equals 1, it is
directly passed to the audio event classifier; otherwise,
simultaneous audio events are determined through the
sound separator, and their respective characteristics are
obtained. Subsequently, the obtained audio data undergo
sound recognition, resulting in N audio events and one

from the undistributed record. A separate model called
the channel classifier receives all audio data and selects
the main audio event.

Audio event detection

Sound separator A'I,-

Y h

Sound classifier Sound classifier

Y

Channel classifier

-
x
Yy

A

Classified audioevent

Fig. 1. Audio event analysis method

During the multievent classification stage, it is
crucial to quickly determine the algorithm's path. In the
case of a single audio event, this stage can significantly
increase the overall audio signal processing time.
Therefore, the model needs to be relatively small. A
modified ResNet on spectrograms with one input and
three output classes, corresponding to the possible
number of simultaneous audio events, was used as the
multievent classifier. Cases where N>3 are rare and
require complex solutions for processing.

During the sound separation stage, a method of
sound separation using a convolutional neural network
(CNN) and binary masks is employed. CNN training is
based on spectrograms. Instead of directly reconstructing
sounds, CNN is used to create binary masks. A binary
mask determines the presence or absence of a specific
sound source in each time frame and frequency range of
the spectrogram. The obtained binary mask is applied to
the input spectrogram to highlight the intensity of those
frequencies corresponding to the target sound source,
separating the target sound from the rest of the mix.

The CNN consists of two blocks, each containing
two convolutional layers. The convolutional layers are
used to detect local features in the input data, such as
edges, textures, or specific patterns in the spectrogram.
Using multiple convolutional layers allows the network
to learn more complex and abstract features of the data.

Each block has a max-pooling layer, reducing the
data dimensionality by selecting the most significant
elements in the pooling window. This helps reduce
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computational complexity and control overfitting. After
each max-pooling block, dropout is applied. This makes
the network less sensitive to specific characteristics of the
training data, thereby preventing overfitting.

After passing through the convolutional and max-
pooling layers, the data is transformed into a one-
dimensional format and fed into a fully connected layer.
This layer integrates information from all previously
extracted features, allowing the model to make complex
conclusions based on the overall information. Using
another dropout layer with a value of 0.2 before the last
fully connected layer further reduces the risk of
overfitting. The last fully connected layer generates a
vector of values corresponding to the number of
frequency bins in a typical STFT spectrogram. The
vector represents binary masks for each frequency
component over time.

For sound classification tasks, a basic combination
model based on Residual Networks (ResNet) and
Recurrent Neural Networks (RNN) is used. ResNet is
adapted from the ResNet model of solving image
recognition tasks. Combining ResNet and RNN creates a
model capable of working with audio data, performing
both spatial sound analysis (using ResNet) and temporal
dependency analysis (using RNN). Initially, ResNet is
used to analyze sound spectrum, and then the obtained
features are passed to RNN to analyze time sequences
and solve the specific classification task.

The channel classifier performs a classification task
over all received mixes. At this stage, all audio signal
features, binary masks from the sound separator, and
classification results from the sound classifier are
available. These inputs are fed into the classifier, and the
classification's target variables are established based on
the probability associated with each hypothesis.

Results

After constructing, training, and testing the model,
Fl-score results for the detection and multievent
classification of audio events were obtained, which
amounted to 56.3%. This corresponds to average values
compared to other contemporary methods for solving the
audio event detection task. However, for the task of
processing audio signals in a networked audio analytics
system, which includes tasks of detecting and
recognizing audio events, F1-score and ER results were
obtained, amounting to 49.6% and 0.44, respectively
(Table 1). These results are quite respectable compared,
for example, to the baseline in the DCASE 2023
challenge task 3, where 48.7% and 0.54 were obtained,
respectively. By achieving comparable or superior
F1-scores and lower error rates, the proposed method
showcases its potential for robust and accurate audio
signal analysis in real-world scenarios.

Additionally, the quality of analysis should be
robust to noise and other interferences, facilitated by the
presence of the sound separator block. Ensuring the
system's stable operation in noisy environments helps

maintain high-quality audio data processing in real-world
conditions. A particular challenge for the system is the
presence of a large number of simultaneous audio events
and the classification of loud sounds with high tonality.
Conversely, the system demonstrates good results in
classifying loud bass sounds.

Table 1 — F1-score and ER

Method F1 ER
The nerc-slip system for sound event | 62.7% 0.33
localization and detection
Attention mechanism network and | 58.5% 0.35
data augmentation
The distillation system based on | 51.4% 0.40
ResNet-Conformer model guided by a
ResNet-GRU
Proposed 49,6% 0.44
Baseline 48.7% 0.54
One audio augmentation chain | 45.0% 0.48
proposed for sound event localization
and detection
A framework for SELD wusing | 33.1% 0.56
conformer and  multi-ACCDOA
strategies
Based on omi-dimensional dynamic | 22.1% 0.64
convolution and feature pyramid
attention module

The research results indicate the potential of such
an approach in solving the task of audio signal processing
in a networked audio analytics system. Future studies
may consider expanding and optimizing the neural
networks and classifiers used. In the current work, a
relatively simple model with a limited number of layers
and parameters was used for compactness and training
efficiency.

Conclusion

The effectiveness of audio signal processing
methods in networked audio analytics systems is an
important aspect, as this field has significant practical
potential for applications in various domains, including
security, medicine, automatic speech recognition, video
analysis, and many others.

In this article, the following results were obtained:

1. The quality metric for transmitting and analyzing
audio signals has been justified.

2. Datasets for training, validation, and testing of
methods for audio event recognition in networked audio
analytics systems have been investigated.

3. A method for audio event recognition in
networked audio analytics systems based on multievent
classifier has been proposed.

Future research in the field of audio signal
processing methods in networked audio analytics
systems may focus on improving the accuracy and
robustness of models for audio event recognition, using
more powerful neural networks, new architectures, or
more efficient training methods.
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Merton anani3y ayaionofiii y Mepe:KHHX cHCTeMAaxX ayTioaHATITHKH
A. 1. Tlopomenko, A. A. KoBaneHnko

AHoTanisi. AKTyaldbHicTh. Y CTPIMKO PO3BHBArOUiics cepi MEpeKEeBUX CUCTEM ayJi0aHAITHKY BHSBICHHS Ta aHANI3
ayJiomoiil BiirpaloTh BUPIMIANBHY POJb Y PI3HUX Taly3sx, BKIIOUAoUH Oe3leKy, OXOpOHY 3/0poB's Ta po3saru. [Ipeamer. YV
il CTaTTi PO3IIIAAAETHCS METO PO3Ii3HABAHHS ayAiONOiH Y MEpeKEeBUX CHCTEMax ay/i0aHAIITHKH, BKIIOYAIOUYH TOMEPETHIO
00poOKy, MOALT 3BYKIB i CTBOPEHHS MOJIeJIeil MallMHHOTO HaBYaHHs AJIs aHai3y ayniocurnaniB. Mera. Metoro € po3poOka ta
B/IOCKOHAJICHHsSI IHTETPOBAaHUX METOJIB aHaji3y ayAiOCHTHANIB y MEpPEeKEeBUX CHCTeMax ayAiOaHATHKU U ITiABUICHHS
TOYHOCTI, IIBUAKOCTI Ta HAAIMHOCTI aHani3y faHux. MeToau. 3armpornoHoBaHuUil MiaXix BUKOPUCTOBY€E MOAN(IKOBAHY apXiTEeKTypy
ResNet mis xmacugikamii KiTbKOX ayaiomofiifl 1 3rOpTKOBY HEHPOHHY MEpEeKy s PO3AUICHHS 3BYKOBHX JDKEpEN Y
GaraTokaHaJIbHUX 3amucax. Pe3yabraTH. MeToa JeMOHCTPY€e KOHKYPEHTOCTIPOMOJKHI PE3yJIbTaTH, sKi TIOPiBHIOIOTHCS 3 6a30BUMI
MOKa3HHKaMH B Cy4acHHX MerozaX, mpexacraeieHnx Ha DCASE, ta mokasye criiiky po6oTy B yMoBax uiyMy. BHCHOBKH.
3anponoHOBaHWK METOJ Ma€ TMOTEHINad AJS MiJABUIICHHS TOYHOCTI Ta HAMIHHOCTI pPO3IMi3HABAaHHS ayAiONOMAid y pealbHHX
CLIEHapisX, 0COOJIMBO B yMOBAX CKJIAJHHX aKyCTHYHHX CEPEIOBHILL..

KawuoBi caoBa: anami3 ayniocurnaiy, rnepenoOpoOKa; BHSBICHHS aymiONOJii; pPO3IUICHHS 3BYKIB; MallWHHE
HaBYaHHS; KOC(Ili€HT TOMUIIOK.
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