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Motivation

1. Compared with a deep-sea environment, a shallow sea
environment has the complex characteristics of spatio-
temporal variability, reflection of the signal from the shallow
sea bottom, and human offshore activities that cause
aliasing of target signal, thus increasing the difficulty of
identification of the sound source signal.

2. With the development of noise reduction technology and
stealth technology, the working frequency band of ship
sonar is moving towards lower frequencies.

3. Traditional mathematical models need to set more
environmental variables.



Main idea

1. Vector hydrophones can obtain information of sound
pressure and acoustic particle velocity in the ocean sound
field at a particular time and point.

2. As a kind of data-driven model, neural networks have
the advantages of self-adaptation, self-organization, and
self-learning.

3. GeoHash is a positioning method that converts two-
dimensional (2D) labels into one-dimensional (1D) strings.



Method

1. A compressed recurrent neural network (C-RNN) model is
proposed that compresses the signal received by a vector
hydrophone into a dynamic sound intensity signal and
compresses the target position of the sound source into a

GeoHash code.

2. Two types of compressed data are used to carry out prior
training on the recurrent neural network, and the trained
network is subsequently used to estimate the target position
of the sound source.



Major results
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Fig. 6 Compressed recurrent neural network model



Major results (Cont’d)

Test results of our model and related methods

Table 4 Experimental results of different sound source localization models

Lat (m) Lng (m)

Experiment Before After Before After Ittz:[?;
Type Structure Mean FERMSE Mean EMSE Mean RMSE Mean EMSE

NW 1160 1357 1160 1337 4874 5849 4874 3849 0.04
FW 363 472 19.7 238 2507 3303 2001 2288 0.53
Interception O-FW 259 356 14.7 184 1542 2402 1248 1468 0.26
method DW 1306 1352 1306 15332 3042 3657 3042 3657 0.17
FDW 184 21.7 184 217 1513 1808 1513 1808 034
O-FDW 17.1 233 8.9 10,7 1048 1775 57.7 70.8 0.15
SP 19.7 280 10.4 150 1247 2083 027 1125 016
Information WV 255 361 145 175 1404 2216 1038 1161 0.13
finsion SPVV 268 376 158 197 1756 2706 1480 1759 0.15
SI 5.0 10.7 8.9 10.7 57.7 70.8 57.7 70.8 0.16
RINN 204 26.6 10.7 13.0 111.3 1857 69.0 833 0.24
Network LSTLI 60.1 653 139_3 6&1.5 2441 2768 2303 2710 EJ_%S
One-BiL.STM 507 662 502 650 2422 2732 2387 2666 0.50
Two-BiLSTM 379 633 57.9 633 2264 2607 2264 2607 0.73
SPVV+LSTM 10.3 12.0 10.3 120 808 004 808 00 4 0.08
SPVV-ENN 241 200 241 200 1337 1714 1337 1714 0.21
Structure SPVV+O=ENN 15.5 192 152 186 1154 1358 1115 1200 0.60
SI+O+RNN 142 16.7 142 167 1065 1235 1065 1233 0.63

GEO+SI+0+RNN 17.1 233 3.9 10.7 148 1775 37.7 70.8 0.16

10-min+50-sample 14.6 10.5 8.7 09 761 1435 56.4 68.1 0.20
30-min+50-sample 63.2 004 482 578 2231 3304 1453 1629 0.15

Sample 30-min+200-sample 33.6 704 375 488 1935 3028 1315 1846 0.18
60-min+3500-sample 35.9 445 359 445 1884 3000 1884 3000 0.15
60-min+1000-sample  46.6 66.0 201 386 2202 3650 1676 2315 0.17

Before: before the averaging; After: after the averaging. Best results are in bold



Conclusions

1. A C-RNN model has been proposed which is used to
achieve the localization of unknown signals.

2. The model considers that the chirp signal received by the
vector hydrophone must be related to the signal in a certain
time domain.

3. The C-RNN model improves the operating speed for low-
frequency sound source signals, and can provide accurate
positioning. The average error radius is approximately 56 m.
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