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Annoramusi. TepeH oxpiTy (deep learning) ynrinepai TaHy TarcelpamaiapbiH
OpBIH/Aya 3EpTTEYLIJICPAIH YJIKEH KbI3BIFYIIBUIBIK He O0ibIn OThlp. COHBIH imIiHAE,
OKHFallapJpl ayJUOCUTHAIZAApP HETI3IHAC aHbIKTay >KOHE KOpIIaFraH OpTajarbl TaOuFu
JObIOBICTAapapl TaHyABl epekuie aran otyre Oomagsl. DCASE challenge — Detection and
Classification of Acoustic Scenes and Events mapackl TepeH OKbITYIbIH OYJ1 TaricblpManapbl
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JKYMBICTapblHA HIONY JKacalabl. Ocipece, MOTUPOHMSIIBIK ABIOBIC HETi31HAeTi OKUFaIap bl
TaHy TarlCBIPMACHIHBIH KYPAETIri MEH TalChIPMaHBbI eIy epeKIIeTIKTepl KapacThIPbLIa bl
HeifiponapIk sxeninepii KoiJaHy MEH KYpbUTBIMAAPHI KEATIpiIin, ay JHOCUTHAIAap HeTi3iHae
okuranapasl aHbikTay yirH CNN sxone RNN konmany Hazapra ajiblHajabl. baranmay
METpHKalap MEH MAJIIMETTEP ACPEKKOpIIapra IOy Kacalbl.
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Annotauus. ['1y6okoe oOyueHre BBI3bIBACT OOJIBIION MHTEPEC y MccieoBaTeNei
Ipy  BBIIOJHEHWH 3a/ad pacro3HaBaHWs o00pa3oB. B uacTHOCTH, CTOMT OTMETHTH
BBISIBICHHE COOBITUH Ha OCHOBE ayJAMOCHI'HAJIOB M paclo3HaBaHUE MPHUPOAHBIX 3BYKOB
okpyxaromieit cpenbl. Meponpusitue DCASE challenge — Detection and Classification of
Acoustic Scenes and Events — mnponemoHcTpupoBano 3((EKTHBHOCTh TITyOOKOTO
00y4eHHs B BBITIOJIHEHUH 9THX 3a7ad. B nanHoii pabore mpoBoauTcsi 0030p MCCleT0BaHUN
JPYTUX aBTOPOB, KOTOPBIC NMPUMEHSIIM pa3IMYHble METOABI TIyOOKOro oOyueHHs yis
OIIpeeNICHHs] Ype3BbIUaiHbIX COOBITHI Ha OCHOBE ayAnocurHanoB. Oco0oe BHUMaHHE
yIeNseTCsl CIOKHOCTH 3aJlaud paclio3HaBaHUsl COOBITHH Ha OCHOBE MOJIM(POHUYECKUX
3BYKOB W OCOOCHHOCTSIM peIIeHHs 3TOM 3amaud. PaccMaTpuBaeTcsi TpUMEHEHHE H
CTPYKTypa HEUpPOHHBIX ceTed, a Takke wucnonb3doBanue CNN u  RNN  gus
OOHapyXeHHUsI COOBITHI Ha OCHOBE ayAHOcHrHaiOB. [IpuBeseH 0030p METPUK OLECHKH U
0a3 JaHHBIX.

KawueBbie cioBa: ayauokiaccuukanys, riyookoe oOyueHHE, ayIuOCHUTHAIBI,
ueriponnsie cetd, CNN, RNN

s yumuposanusn: JK. Jlocoaes, JI. Ununbaesa, A. Cynuman. OBPHAPYKEHUE
COBBITHH HA OCHOBE AYJJUOCUTHAJIOB C IIPUMEHEHHUEM IJIVEOKOI'O
OBYYEHUA/MEXYHAPOIHbBIH JKYPHAJI HHDOOPMALIMOHHBIX u
KOMMYHUKAIJUOHHBIX TEXHOJIOTHUH. 2024. T. 5. No. 19. Cmp. 23-31. (Ha anz).
https://doi.org/10.54309/1JICT.2024.19.3.002.

Introduction

Deep learning is being advanced based on performing complex tasks such as recog-
nizing images, sounds, and speech text in various languages (Mohmmad et al., 2024: 1-43;
Jiang Y. et al., 2024: 1-16; Li, 2022: 994-999; Zhang et al., —2021: 107760). Deep learning
refers to artificial neural networks with multiple levels of abstraction and several learning
layers in data representation. It enhances efficiency in le arning complex structures in large
datasets by using backpropagation, determining how to adjust internal parameters to obtain
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the expected signal in the output.

The task of audio signal based event detection (ASED) involves classification and
recognition based on audio sounds in the natural environment, such as a baby crying, a person
walking, or a dog barking. In other words, the main goal of sound-based event detection is to
measure the start and end times of each event and provide a textual description alongside the
audio recording. ASED consists of two main tasks: monophonic and polyphonic sound event
detection. Monophonic sound event detection focuses on identifying the most prominent
sound event at any given time, while polyphonic sound event detection identifies overlapping
sound events occurring simultaneously with the primary sound event (Mesaros et al., 2016).
Compared to monophonic ASED, polyphonic ASED is a more complex task due to the neces-
sity of detecting all events happening at once and the presence of overlapping sounds. Figure
1 illustrates the polyphonic ASED task.

Currently, various methods are used to solve the ASED task. For instance, several
ASED systems employ non-negative matrix factorization and Gaussian mixture models with
hidden Markov models for polyphonic sound detection (He et al., 2021: 4160-4170; Wang,
2019; Heitola et al., 2013: 1-13). In recent years, many deep learning methods have been
proposed for performing ASED tasks, establishing themselves as advanced techniques. In
the work by Annamaria M. and other authors, a deep neural network architecture is utilized,
achieving high accuracy (Mesaros et al., 2015: 151-155). However, while this architecture
consists of several intermediate hidden layers, it is not particularly effective for processing
input temporal sequences like video and audio due to its reliance on short time windows and
instantaneous information.

To address this task more effectively, powerful neural networks such as convolu-
tional neural networks (CNN) and recurrent neural networks (RNN) have been employed
(Mesaros et al., 2015: 151-155; Jeong et al., 2017; Smailov, 2023; Al Dabel, 2024: 173-183;
Al Dabel, 2024: 173—-183; Momynkulov et al., 2024: 284-289; Lan et al., 2022). These have
demonstrated very high efficiency in solving the ASED task in subsequent research works.
Moreover, models trained using a combination of CNNs and RNNs have achieved outstand-
ing results.

/, a N
N —
‘:\\\ ] Audio signal based [ Weapon } Weapon } { Weapon }
@. - Q event detection
—

/ Dog Dog
r barking barking

Time series

)\

Fig. 1. Task of identifying polyphonic sound events

In this work, we will review the studies of other authors on the application of deep
learning to solve the task of sound event detection (SED).
Deep learning
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In this section, we describe deep learning, neural networks, convolutional neural networks
(CNN), and recurrent neural networks (RNN).

Neural Networks

The fundamental structure of neural networks is organized in layers, forming arti-
ficial neural networks. The layers consist of neurons with internal connections that consti-
tute the activation function. In turn, the connections between neurons have corresponding
weights. Each neuron receives inputs that are multiplied by the connection weights and then
calculated through a mathematical function. The mathematical function used determines the
activation of the neuron.

In simple neural networks, neurons within a single layer do not connect to each oth-
er, but neurons in two adjacent layers are fully interconnected. Such layers are called fully
connected layers. In many applications, at least three types of standard layers are required:
the input layer, hidden layers, and the output layer. The input layer consists of D neurons,
which is equal to the dimensionality of the input data. The hidden layer, positioned between
the input layer and the output layer, performs intermediate computations for the network. A
neural network is only called a deep neural network when it consists of multiple stacked hid-
den layers. As the number of hidden layers increases, the depth of the network also increases.
To train neural networks, a backpropagation algorithm is used to optimize the effectiveness
of neurons by adjusting the weights.

Although neural networks are found in many systems, they also exhibit drawbacks
when applied to spatial and temporal structured data, such as text, images, video, audio, and
sound text. Firstly, the structure of neural networks consists of fully connected layers with
multiple parameters, and the number of parameters rapidly increases during training. This
slows down the learning speed for spatial and temporal structured data. Secondly, each pair
of neurons between two adjacent layers of a neural network has its own parameters, which
hinders the ability to exploit the correlations in multi-dimensional spatial and temporal con-
texts. In contrast, CNNs and RNNs allow for the distribution of parameters among neurons,
which helps overcome this limitation.

CNN

CNNs are a type of neural network architecture designed to address the shortcom-
ings of neural networks when working with spatially structured data (LeCun, 1989). A CNN
consists of three basic components: convolutional layers, pooling layers, and fully connected
layers.

The convolutional layer performs convolution operations to obtain a set of linear acti-
vations. Each linear activation is then transformed into a nonlinear activation using functions
like ReLU or tanh. In convolutional networks, local connections are used to take advantage
of spatial-local correlations between neurons in adjacent layers. The size of these connections
is controlled by hyperparameters known as the receptive field. The receptive field is a tensor
with dimensions [w % h X depth] (w - width; h - height; depth - depth) that uses the same
parameters applied to previous layers. The shared parameters in convolutional layers reduce
the overall number of parameters in the network and improve computational efficiency.

Pooling layers are used after each convolutional layer to reduce the computational
complexity of estimating the proposed size of the convolutional output. The pooling function
divides its input data into sets of rectangles, with each piece providing the collective statis-
tical value of neighboring input data. Using pooling is very effective for extracting the most
informative data in a segment. There are several types of pooling functions: max pooling, L.2
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norm pooling, average pooling, and weighted average pooling. Among these, max pooling is
the most commonly used in pooling layers.

Following the CNN, several convolutional and pooling layers are succeeded by fully
connected layers. These layers in a CNN resemble the layers in standard neural networks,
where neurons in adjacent layers are fully interconnected, while neurons within the same
layer do not connect to each other.

RNN

Recurrent neural networks (RNNSs) are neural networks used for processing sequen-
tial and temporal data. While the strength of CNNs lies in their ability to efficiently work
with large spatially structured data with width and height, RNNs excel at handling very long
sequences. In recurrent neural networks, interconnected hidden layers act like memory, gath-
ering information from input sequences over time. Many recurrent networks can work with
sequences of variable lengths.

Given an input vector sequence X=(X, X,, ..., X,»a standard recurrent neural network
computes a sequence of hidden activations h=(h ,h,,...,h ) and a task vector y=(3,, 9,,..., ¥,):

h, = f(Wyphe + Wyphe—y + by,) (1)

where: s=1,2,..., n represents time steps;;

, , - are weight matrices for the connections between layers (input and hidden layer;
hidden to hidden layer; hidden and output layer);

, — are bias terms;

fand g are activation functions.

n deep recurrent neural networks consisting of multiple hidden layers, the first hidden
layer takes the input vectors as its input, while each subsequent hidden layer takes the output
of the previous layer as its input.

The recurrent connections between hidden blocks in standard recurrent neural net-
works allow the network to retain information from previous time steps. Therefore, recurrent
neural networks are very suitable for accepting input sequences. However, the complexity of
training recurrent neural networks to capture long-term dependencies arises from the tenden-
cy of gradients to vanish or explode across many layers. Exploding gradients can be easily
managed by clipping the gradients element-wise before updating parameters in a mini-batch.
In contrast, vanishing gradients are difficult to handle due to the long-term dependencies
problem.

Methods such as LSTM (Long Short-Term Memory) and GRU (Gated Recurrent
Unit) have been developed to address the vanishing gradient problem. LSTM and GRU ar-
chitectures extend standard recurrent neural networks by replacing simple interconnected
neurons with memory blocks that accumulate information. These memory blocks are better
at capturing long-term dependencies in data consisting of time sequences.

Materials and methods

This section discusses the metrics used to evaluate the effectiveness of ASED sys-
tems. Additionally, we will compare the effectiveness of deep learning models used to solve
ASED tasks and draw conclusions based on the methods. A brief description of the dataset
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provided by the DCASE challenge will also be given.

Metrics

In ASED tasks, evaluations such as segment-based error rate and segment-based F1-
score are used. The segment-based error rate is measured based on the number of errors in
insertions (I), deletions (D), and substitutions (S) during the specified periods. A substitution
is determined when an event in the given segment is detected but an incorrect label is provid-
ed. Once the number of substitutions in the segment is counted, the insertions are considered
false positives in the system output, while deletions are treated as false negatives. Further-
more, the number of active true events in the segment is determined. The overall error rate is
calculated as follows:

Yho Sk + BE D) + BE, 1K)

ERROR =
E&:lﬂ{k} (3)

The second evaluation metric, the segment-based F1-score, is calculated based on
three statistics: false positives, false negatives, and true positives. A false positive occurs
when an event in the given segment is detected, but it does not exist in the corresponding
segment of the labeled data; a false negative occurs when an event in the given segment is
not detected, but it exists in the corresponding segment of the labeled data; and a true posi-
tive occurs when an event in the given segment is detected and it exists in the corresponding
segment of the labeled data. These statistics are collected through the test data. Based on
the collected statistics, precision (P-precision) and recall (R-recall) are calculated using the
following equations::

oracicion — TP
reclsion = TP + FP H (4)
Recall= ——
T TP RN (5
| _ 2PR
~ P+Rp)

Discussion and results

Dataset

In recent years, the TAU Urban Acoustic Scenes 2020 Mobile, Development dataset
(Heittola et al., 2020) and the TAU Urban Acoustic Scenes 2020 3Class, Development data-
set (Heittola et al., 2020), introduced by Tampere University at the DCASE challenge 2020
event, have been widely used for ASED tasks. Additionally, the list of datasets is updated and
enhanced with new datasets every year.

The TAU Urban Acoustic Scenes 2020 Mobile, Development dataset contains data
collected in twelve cities across Europe, within ten different acoustic environments, using
four different devices. Based on the original recordings, synthetic data for eleven mobile de-
vices was created. The recordings were captured using four main devices: Soundman OKM II
Classic/studio A3, an electret binaural microphone, and a Zoom F8 audio recorder with 24-bit
capacity and a 48 kHz sampling rate. Additionally, commonly available devices such as the
Samsung Galaxy S7, iPhone SE, and GoPro Hero5 Session were used. The total duration of
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the dataset is 64 hours, comprising 23,040 segments, with 13,965 segments used for training
and 2,970 segments for testing.

Deep Neural Networks:

In (Mesaros et al., 2015: 151-155), the authors explore a multi-label feedback deep
neural network for polyphonic ASED (Direction of Arrival) tasks. The study considers three
different features: log mel-band energies, mel-band energies, and MFCC. The deep neural
network consists of two hidden layers and eight hundred classifier blocks. The model is eval-
uated using natural environmental sounds, achieving an accuracy of 63.8 %, demonstrating a
20 % higher efficiency compared to (Wang, 2019).

CNN

1. In(Heitolaetal.,2013: 1-13), the researchers apply convolutional neural networks
(CNN) for the ASED task. Long-term and short-term audio signals are used as input features
in the study. They employ a one-dimensional layer with sixty-four filters. The model shows
excellent results in terms of error rate and F1-score.

RNN

Several studies have been conducted to solve the ASED task using recurrent neural
networks (RNN) (Smailov, 2023; Al Dabel, 2024: 173—-183; Al Dabel, 2024: 173-183; Mo-
mynkulov et al., 2024: 284-289; Lan et al., 2022).). Almost all of them employ bidirectional
LSTM and GRU architectures. These architectures are powerful methods for reducing over-
fitting and capturing long-term dependencies. Compared to deep neural networks and convo-
lutional neural network architectures, recurrent neural networks show a clear advantage when
working with sequential input data.

CRNN

For the ASED task, audio signals are sequential data over time. Recurrent neural
networks (RNNs) are based on processing time series data. They can relate information from
previous time windows and, by moving backward through time, offer unlimited information.
However, audio input features are known to be represented in both time and frequency. While
RNNSs perform well along the time dimension, CNNs can apply linear convolutional filters
across both time and frequency. To leverage the advantages of both architectures, a combina-
tion of convolutional and recurrent neural networks (CRNN) is used (Heittola et al., 2020).
As a result, CRNN demonstrates higher efficiency compared to all previously mentioned
methods.

Conclusion

This work reviewed deep learning methods used to perform the ASED task. In recent
years, deep learning methods have been widely adopted for this task due to their ability to
achieve high accuracy. The features of standard neural networks, as well as CNN and RNN
architectures, commonly used for solving considered task. The main steps of deep learning
and the structural characteristics of neural networks were described by analyzing the works
of other researchers. The advantages, disadvantages and challenges of the methods were
discussed in the context of the ASED task. Evaluation metrics for the results obtained using
these methods were presented, along with their equations. A brief description of the datasets
presented at the DCASE challenge event in 2020, aimed at solving the ASED task, was
provided. Additionally, the results achieved by researchers for each method were presented.
The CRNN architecture, which combines recurrent and convolutional neural networks, was
identified as the most effective method for solving the ASED task.
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