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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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! Passive Sonar System (PSS)
2 Autonomous Underwater Vehicles (UUVs)
3 Underwater Acoustic Target Recognition (UATR)
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! Passive Sonar

2 Active Sonar

3 Hydrophone

4 "Hydro" = "water" and "phone" = "sound"



185 o 9 b ST/ Jlabpl jlgw 4o mbaw sloylid ;U055 o Lol

5o oolatuwl dy50 'S Slgrn S e el Bl BB SO S LS @
ooyl Sigo Jlid (S Sl LS 4 ol o 5 S90Sl o sl sty nle
Slge 3l eolanwl b1, jLad ol 5l oododes T a5 g (25,5 g 00ges <l o |, Slaal )

Qe jasels |y Gao g allel U aies oo 1,8 po LS o Qi slacys o,

(55 YA 6 5L a)

hydrophone

(P ATAY 5 ) by o gebans 513 9 gebus (59 idly ol (y989, 18 (V) S

TGmos xSl
S seyinn ot S04 i bl (S0l ] S yarmats ent 5,25
S50k ;00,8 oo plall (oras LSl ol 4 Ll i (sla gl o Sl 5l a5 034
OlFse s Groe (5 250k (slapi ;5801 digds 0015 hjgel fazrded s (59 48 Broe
Sgad (g Ml 590y 5 Vo5 ded Foadi i g S0k slahg;
shls glrosls 5l oolaiwl b Jow G g0l Gl o oond s 6,50k o,
Lo S o ol jslateas wiloads guiail 8 5l &S mo slocaz

! Peizoelectric
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! Jiang & Zhao & Wang

2 Deep Convolutional GAN

3 Tian, Chen, Wang & Liu

4 multiscale residual unit (MSRU)

5 Deep convolution stack

¢ multiscale residual deep neural network (MSRDN)
" Hu, Wang & Liu

8 depthwise separable convolutional neural network
% Chen & et al.

10 |_ow frequency analysis and recording (LOFAR)
11 Saffari, Zahiri & Khozein Ghanad

12 sonar micro- Doppler

13 support vector machine (SVM)
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2 fusion feature

3Luo &etal.

4 Multi-Window Spectral Analysis (MWSA)

5 time—frequency analysis

6 Jin & Zeng
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! Epoch

2 Stochastic Gradient Descent Optimizer
3 Feed-Forward

4 Back-Propagation
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! Support Vector Machine (SVM)
2 k-nearest neighbors algorithm
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