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Abstract: Article presents machine learning algorithms which can be used as a classifier of hydroacoustic
signals. Firstly, the preparation and methods of data presentation are considered, with the inquiring of the
necessary characteristics. Next, we consider machine learning models which are used to classify
hydroacoustic signals. When describing the algorithms, theoretical data and the accuracy of the classification
of algorithms are given. The paper compares the areas of application of machine learning algorithms, its
advantages and disadvantages. Based on the described data, recommendations on the choice of approaches
to data preparation and the use of machine learning algorithms for signal identification are formulated.
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AHomauisi: Y cmammi npedcmasreHi an2opummu MawuHHO20 Hag4YaHHS, SIKi MOXHa 3acmocyeaHmu sisi
Knacucgpikamop e2idpoakycmuyHux cuaHanig. Criodamky, po32nsadascs rnpouec 8UslyYeHHsI Xxapakmepucmuk
cueHany, ceped sikux 6ynu npedcmasrnieHi memoou: po3pidkeHe po3knadaHHs, 2eHepamusHUl rnpoyec
CMBOPEHHS cueHarly ma rnepemeopeHHsi @yp’e. Po3pidkeHe po3knadaHHS He 4acmo 3acmoco8yembCH,
OCKiflbKU, Malixke 8Ci HasigHi an2opummu pPo3pidKeHO20 pPOo3KnadaHHS Marmb 3Ha4YHy 06YUCI8asbHYy
cknadHicmb, W0 ceplio3HO 8rU8aE Ha NMpakmMu4YHe 3acmocy8aHHs Uux ar2opummie i 0bMexye po3pioxeHe
rpedcmassieHHs1 3a reperosHeHUM CII08HUKOM. [[eHepamueHuUl rpoyec Xo4 i MoxXe 32eHepysamu 38yKU 3
baxkaHUMU rokasHUKaMUu, CMBOPEeHHs cugHary € documb 3ampamHuM ma He 3aexou gidobpaxae 38yKuU 8
peanbHoMy cepedosulli. EcpekmusHuM ma riepegipeHUM criocobom € rnepemeopeHHsi @yp’e, W0 WUPOKO
3acmocogyembcsi 0nisi 06pobKu cuzHanie 8 bazambox obriacmsix. YHiepcanbHicmb Ubo20 Memody 6yna
rokasaHa y ropigHsiHHI 06pobKu 2i0poaKycmu4yHo20 cugHally ma cuaHary 30bpaxeHHs, e uel ridxi0 mas
Mmicuye y obox npuknadax. Bynu posansHymi HacmynHi rnidxodu MawUHHO20 Has4YaHHSl: MemoO OropHX
sekmopie, depeso puliHAMMS pilleHb ma HelpOoHHa mMepexa. SIKWo € senuka esubipka OaHux i nompibHa
sucoka moYHicme Knacucpikauii, modi eapmo obpamu HelUpOHHY Mepexy. 3Ha4yHa KiflbKicmb muriie modesiel
ma anzopummie HeUPOHHUX Mepex O00380/15€ Mamu WUPOKUU Crlekmp MOoXnueocmel 8UpPIlueHHS
rnocmaeneHux 3adad. Skwo eubipka mana, mompibHa eucoka moyHicme i weudkicme, mo dobpum subopom
byde memod onopHux eekmopie. Memod onopHux eekmopie 6ye cmeopeHul Onsi 3aday biHapHOI
Knacucpikauii. 3acmocysarHs anzopummy 05151 upiuieHHs1 3aedaHb bazamoknacoeoi knacudgikayii nompebye
0odamkosux moluepikauil. lNpu 3acmocysaHHi Memody OropHUX 8eKmopis, ¢1id ocmepieamucsi 8eUKUX
obcsieie OaHux, rpu sIKUX MOXIIUBe fepeHasyaHHs. SKuo nompibHo He sumpadamu 6azamo 3ycusnb Ha
nideomoeky daHux, nompibeH npocmuli ma HenapamMempuyHUU an2opumm y UbOMy pasi eapmo obpamu
Oepeso npuliHamms piweHb. [Jepeso npuliHaAmMms pilueHb 3acmocosyembcsi O supiwieHHs1 3aday biHapHoT
ma Myrnbmukacogor knacuagikauir..

Knroyoei cnosa: ideHmudbikauisi 2idpoakycmuydHux cugHarsie, MawuHHe Hag4yaHHs, obpobka cuzHarny,
depeso rpuliHAMms piweHb, Memo0d ONMOPHUX 8EKMOpI8, HelipoMepexxa

Introduction

The study of acoustic signals has significant scientific and applied potential, the results of which
can be applied in the recognition of human speech, identification of objects as sources of
hydroacoustic radiation, and many other areas.

When identifying hydroacoustic signals, a number of problems arise, which include the receipt
of damaged data, reverberation and big data. In the presence of big data, a significant amount of



human effort is required to quickly determine acoustic features. It should be borne in mind that the
input data may contain features that cannot be interpreted by human perception. Even with machines
running, there can be problems interpreting corrupted data or having effective and accurate ways to
identify signals. These problems are solved by methods of artificial intelligence, particularly machine
learning.

Machine learning in acoustics is an area that is evolving rapidly and has many ways to solve
these problems. The use of machine learning technology has made significant progress in the
analysis of hydroacoustic signals. Let us consider the main approaches used in the extraction of
useful data from signals and in the recognition of hydroacoustic signals.

Data preparation

Before classification, hydroacoustic signals must be pre-processed, since the quality of the
classification will depend on its quality. Signal processing includes data preparation, as well as the
further usage of algorithms to eliminate characteristics that may be useful in subsequent stages.
Pre-processing includes noise reduction, estimation of the degree of randomness, removal of short-
term local features, and preliminary filtering.

Modern algorithms use preprocessing to represent the signal in a different space from which the
desired characteristics can be extracted. The signal spectrum reflects the distribution of signal
energy over frequencies. To represent the spectrum of the signal, it is necessary to apply the Fast
Fourier Transform. In spectral decomposition, the following features can be selected: spectral
density measure [1], mel-frequency cepstral coefficients and gammaton-frequency cepstral
coefficients. All these decompositions have a finer spectral resolution at lower frequencies, close to
biological hearing and may be sufficient for the recognition of hydroacoustic signals [2]. In addition
to the spectral-time domain, there are algorithms which extract characteristics from other
representations of acoustic data, but they are used in more specific cases, like the DEMON
algorithm, which is used to identify ships by analyzing the sonar signal of the ship's propellers [3].

The sparse decomposition provides the basis for optimally decomposing the waveform into a
set of features from which the original signal can be roughly reconstructed. This can be used to
optimize source recognition algorithms and, in particular, in the form of decomposition of non-
negative matrices, provides the studied set of functions for signal recognition [4].

Another approach to the selection of acoustic characteristics for classification is to consider the
processes by which signals with the desired characteristics are created. In some cases, the physical
processes that create sound are well characterized and can be modeled using physical models [5].

Fully physical simulations allows to create datasets of the required size, which will simplify the
training of classification algorithms. Such physical synthesis models enable classifiers to be trained
that can go beyond recognizing broad-sounding classes and be able to recognize small physical
features. Human perception can easily detect such traits, although the principle by which this occurs
is unknown [6]. Detailed and flexible judgments can be made using a generative model that explicitly
identifies relevant causal factors, which is, physical parameters. Such generative models can be
used to identify objects and surfaces from images, movement of the vocal tract during speech, simple
sounds from simulated scenes. However, physically synthesizing a signal is computationally
complex and slow. It is not yet clear how to apply such approaches to real-world scenes.

Raw samples form a one-dimensional time series signal that is fundamentally different from two-
dimensional images. Hydroacoustic signals can be transformed, for example, into a two-dimensional
representation of frequency and time and so utilized for processing, but the time and frequency axes
are not uniform, like the horizontal and vertical axes in the picture. Images are snapshots of a target,
which can be raster or vector models, and are often analyzed as a whole or in specific areas with
little ordering restrictions. However, acoustic signals should be studied in chronological order. Before
submitting an image for classification, it can be processed.

The next step is the segmentation of the image. With segmentation, you can separate the
unimportant aspects of the image. At the segmentation stage, the incoming image is divided into
subgroups consisting of many pixels. There are the following types of segmentation: semantic,
essential and panoptic. Various filters can also be applied to filter the image.

For hydroacoustic signals, it is possible to remove noise or to isolate the desired signal using
the Fourier transform [7].



For hydroacoustic signals, it is possible to create a spectrogram. To create a spectrogram, the
amplitude of each frequency is calculated over successive time frames using a Fourier transform.
To create a visual representation of the spectrogram, these intensities can be represented using
colors and frequency frames. In some cases, the preprocessing step may also extract only those
aspects of the signal which are relevant to the task and discard other information. For example, the
signal can be converted to a mel-frequency cepstrum to more accurately represent the way data is
processed in the human auditory system. This is useful for processing that simulates human
perception, such as speech processing.

You can remove the following types of features for an image:

1. Statistical features: features derived from a statistical distribution to increase speed and
reduce data complexity. There are various statistical characteristics such as zoning, intersection,
and distance.

2. Features of the global transformation and expansion of the series: these functions are
immutable to global deformations such as translation and rotation. The continuous signal contains
enough information for linear classification. Can contain the following data: Fourier transform, Gabor
transform, wavelets

3. Geometric and topological features: These functions can reflect global and local properties
and have high tolerances for distortion and style variation. These topological features can encode
certain knowledge about the contour of an object or require certain knowledge about what type of
components the object consists of.

Support vector machine

Support vector machine is a classification method that belongs to the group of limit methods and
defines classes using the boundaries of ranges. Support vectors are objects of the set which belong
to these limits. The classification is considered successful if the range between the boundaries is
empty.

Support vector machine is a group of algorithms used for regression analysis and classification
problems. It belongs to supervised learning type algorithms. A characteristic feature of the support
vector machine is a constant decrease of the empirical error of the classifier and an increase in the
range. Also, this method is called the maximum clearance classifier method. The essence of the
method is to transfer input vectors to a range with a different dimension and search for the resolution
of a hyperplane with a maximum interval in range. There is a construction of two parallel hyperplanes
on opposite sides of the hyperplane, which is located between the studied classes. A visualization
of the support vector machine operation can be seen in Fig. 1.

As the resolution of the hyperplane, the plane will be selected, which makes the maximum
distance to the parallel hyperplanes. For the algorithm, the true assumption will be that the greater
the difference or distance between the parallel planes, the less will be the average error of the
classifier [8].

Support vector machine is not robust to noise in input data and when data is standardized. If the
training sample contains noise emissions, this method is used irrationally. Among the advantages,
given the correctness of the input data, the method is one of the best algorithms for identifying audio
signals. This is the fastest way to find decisive functions. It solves quadratic programming problems
in releasing areas that always have a single solution. The method reveals the dividing plane of
maximum width, which further allows for a more accurate classification. Support vector machine was
applied in [9] and showed an accuracy of 89.5%.
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Fig. 1. Support Vector Machine Visualization

Decision tree

A decision tree (also called a classification tree or regression tree) is a decision support tool
used in statistics and data analysis for predictive models. It helps with classification and regression
problems.

The training set must have a target value for the examples because decision trees are
supervised learning models. By the type of the variable, two types of trees are distinguished:

classification tree - when the target variable is discrete;

regression tree - when the target variable is continuous;

Decision tree is a method of representing decision rules in a certain hierarchy, which includes
elements of two types - nodes and leaves. The nodes include rules and check the examples against
the selected attribute of the training set.

A simple case: the samples get to a node, they are tested and split into two subsets:

the first - those that satisfy the established rule;
the second - those that do not meet the established rule.

Then the rule is applied to each subset again and the procedure is repeated. It continues until
the condition for stopping the algorithm is reached. The last node, if not checked and split, becomes
a leaf. An example of a decision tree is shown in Fig. 2.

The leaf defines the solution for each input sample. For the classification tree, this is the class
associated with the node, and for the regression tree - the modal interval of the target variable
corresponding to the leaf. A sample is included into the leaf if it matches all the rules on the way to
it. There is only one path to each leaf. Thus, a sample can fall into only one leaf, ensures the
uniqueness of the solution.

This method is simple and straightforward, does not require the preparation of input data, and
makes it possible to assess the reliability of the model using tests. When used for identification of
acoustic signals, the method shows rather high indicators of completeness and accuracy of the
result. However, the disadvantages of the algorithm include a complicated way of describing certain
concepts. Another disadvantage is the need to retrain the model with a significant increase in the
size of the tree. The decision tree method was applied in [10] and showed a classification rate of
99%.
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Fig. 2. Decision tree visualization

Neural network

A neural network is a computing system based on a principle similar to the brain of an animal.
Neural networks are used for a number of tasks such as speech recognition and image recognition.
The classical network uses a three-layer feedforward structure to solve classification problems. An
example of a three-layer neural network architecture is shown in Fig. 3:

Hidden laver

Input

Fig. 3. Three-layer neural network architecture

Information enters the neural network through the input layer, which is the primary outer layer.
The final level through which information passes is the output level. The input and output layers may
or may not have additional layers in between. Layers, if any, are present between the input and
output layers, called hidden layers. A neural network is considered a "deep" neural network if it has
several hidden layers. As a rule, each neuron of any layer is interconnected with all neurons of
neighboring layers. Each layer of the neural network breaks down the input data into a simple form
for interpreting and classifying the content. The large number of layers means that there may be
more paths for information to move through the network, potentially allowing for quite complicated
tasks. In deep learning networks, each level of nodes is trained on a separate set of functions based
on the results of the previous level. The further work goes in the neural network, the more difficult
the functions can recognize the nodes, since they generalize and recombine the functions of the
previous layer.



One of the main algorithms that is used to train a neural network is the error backpropagation
algorithm, which is an iterative gradient method designed to minimize the mean square error
between the expected output and the actual output for a particular input in the neural network.
However, the backpropagation algorithm has two drawbacks. The first is that the learning process is
very slow. The second is the presence of local minima. The reasons for this are a complex nonlinear
cost function in the weight space and the lack of optimality in the choice of the learning rate, which
is associated with different weights. There are many modifications to the backpropagation algorithm.
Neural networks were applied in [11] and showed an accuracy ranging from 95% to 98%.

Neural network has been widely used in the field of pattern recognition because of its highly
parallel distributed processing, association, self-learning and self-organization capabilities and
strong nonlinear mapping capabilities. Based on the time-frequency analysis of the convolutional
neural network, in the feature extraction application, a high-dimensional time-frequency map is
selected, which contains a large number of signal features [12]. There are differences in the time-
frequency diagrams, and image recognition technology can be used for pattern recognition and
classification of underwater acoustic communication signals.

In order to use a deeper and wider network while reducing overfitting, reducing the amount of
parameters, and improving the utilization of computing resources, a network structure that combines
sparsity and intensive computing can be used, and on this basis, GoogLeNet[13] Inception v1
version, through the short-time Fourier transform (STFT) or wavelet transform of the underwater
acoustic signal, after extracting the time-frequency diagram, combined with the convolutional neural
network, the GoogLeNet is migrated and learned [14], reducing the amount of convolution operation
, So that the deep neural learning network used for image recognition, after optimization and
streamlining, can be used in the classification and recognition of underwater acoustic signals.

Conclusions

When considering the topic of data preparation, the following approaches were considered:
sparse decomposition, generative process of signal creation and Fourier transform. An efficient and
proven method is the Fourier transform. Fourier transform is widely used for signal processing in
many fields. The versatility of this method was shown by comparing sonar and image signal
processing, where this approach was used in both examples.

Machine learning algorithms were considered and compared, among which the following
approaches were described: support vector machine, decision tree, neural network. Neural networks
can be used for both regression and classification. A significant number of types of neural network
models and algorithms allows to have a wide range of capabilities for solving specific problems. In
comparison with others machine learning algorithms, neural network gives plausible results while
working with large amounts of data. Support vector machine has high accuracy and speed when
working with a small sample, but it should be understood that the support vector machine requires a
lot of resources, significant and complicated work with parameters. Decision tree is easy and non-
parametric algorithm, which do not require much effort for data preparation. It can be used for binary
and multiclass classification problems. The main advantage of a decision tree is its ease of
perception and implementation.
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