Quarterly Journal Defensive Future Studies

N
a¥
v

P
{35

A Crewraed wnd S Linkassty httpaiveww.dfsrin Online 1SSK 26457172 Prnt SSN. 2588 428

Automatic Target Recognition Vessels In Passive Sonar
Using Emerging Technologies Of Artificial Intelligence And

Deep Learning
Hassan Akbarian! | Mohammad Hosein Sedaaghi®*

1. Department of Electrical Engineering, Sahand University of Technology, Tabriz, Iran. E-mail:
h_akbarian98@sut.ac.ir

2. Department of Electrical Engineering, Sahand University of Technology, Tabriz, Iran. E-mail:
sedaaghi@sut.ac.ir

Article Info

ABSTRACT

Article type:
Research Article
Article history:
Received
2023-08-11
Received in revised form
2023-11-16
Accepted
2024-01-16
Published online
2024-01-16

Keywords:

Emerging technology,
Deep learning, Passive
sonar, Artificial
intelligence, Automatic

target detection

Objective: Artificial intelligence is a part of computer science that
emphasizes the creation of intelligent machines in defense equipment
and military equipment. Intelligent systems for automatic underwater
target recognition are increasingly used in passive sonar to reduce
human intervention and related challenges in accurately identifying
vessels. Today, highly advanced methods of machine learning and
deep learning are being used by the world's navies to identify acoustic
targets.

Methodology: In this article, recent works in the field of automatic
underwater acoustic target recognition are reviewed, and a new
method based on deep learning algorithms is presented. In this
method, first, the raw audio signals are received from the
hydrophones, and after performing the necessary pre-processing,
using the Short-time Fourier transform, the spectrogram images
related to the passive sonar acoustic data are generated and fed to the
model layers for model validation and classification.

Results: The obtained results show that the multi-layer structures of
the proposed model can automatically extract several features are
required for the classification of different ship classes. In this article,
common deep learning algorithms are used to identify targets, which
can increase identification accuracy and reduce evaluation errors by
searching for the most informative features of sonar data.
Conclusion: The obtained results show that the recognition accuracy
of the proposed model is more than 97%, and its validation loss is less
than 3%. In this method, with the relative improvement of
classification accuracy, the speed of target recognition has increased
significantly.
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3 Underwater Acoustic Target Recognition (UATR)
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3 Hydrophone

4 "Hydro" = "water" and "phone" = "sound"
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" Hu, Wang & Liu
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13 support vector machine (SVM)
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2 fusion feature

3Luo &etal.

4 Multi-Window Spectral Analysis (MWSA)
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6 Jin & Zeng

7 Li, Song & Feng
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Class C Passenger Ferries
Class D Ocean Liners And Ro-Ro Vessels
Class E Background Noise Recordings
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2 pilot boat

3 passenger ship
* ocean liner




1£r e 9 b ST/ Sl pl Jlsw yo xbw slo gl J L0985 Lol

Ve oodgazme U la g 5l (B wizpa i Bb oo 3,25l S T (oS 3 039000 50
"wle ;L8 51 res ol 0 o 3 Sl Ll o oo ZBL s wn 35 0slS
ol oy solaiuwl

68 Gyo JiSw S 50 jloliae Gloy lagisy 9,5 K5 T (sl am al> e o
ol o T3 ol 5o oS so (sauankd | by T iy sS o o | (5 lonis slaains o]
$lizl 005 o0 plnl G RUSSE Sgo JiSKew 15 CualeS 5 Coerly Gl o
85 atad cotee SlOO] gl o Lt oo axkad pb L 1) ba )] Voons a5 ool
3590 Sy gl 30 a5 3l S9zg DS (g Dlabkd o s LT L
S5 A Lo 511l 6l i 5 oo b (g5l SgSs sla i ¢l
S olisS ley 65yl ml 00,5 so eolaiul 1 gl (6,Ja5 wliul g obigS e
(Ozydin,2019) 54 o iy y25 5 Aolre O jg0ds Fao JuKw

(")
E = NZ[x(m).w(n - m)]2

555 olay 551 8l silo; il 5N Jolo & 2 ol igen JLSi X(M) 5
D gn 0ol lis by &G ygods aS 00g (Ldatus o iy 8 ee W(N) Lol
ae
1, 0<n<N-1
w(n)= )
0, otherwise

! Median Filter
2 Auditory Scenes
3 Segment
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' Hamming Window
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! feed forward

2 backpropagation

3 loss function
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TP+TN +FP +FN
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! Accuracy
2 Precision
3 Recall
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! Epoch

2 Stochastic Gradient Descent Optimizer
3 Feed-Forward

4 Back-Propagation
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3 Pointwise Convolution

4 Fully Connected
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! Support Vector Machine (SVM)
2 k-nearest neighbors algorithm
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! Receiver Operator Characteristic
2 True Positive Rate
3 False Positive Rate
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