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A study on the weakly-supervised deep learning algorithm for
active sonar target recognition based on pseudo labeling using
convolutional recurrent neural network model
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ABSTRACT: In this paper, we proposed the weakly-supervised deep learning algorithm for active sonar target
recognition based on pseudo labeling using Conventional Recurrent Neural Network (CRNN) model widely used
for acoustic signal processing because it can effectively utilize small and unbalanced active sonar data. Active
sonar simulation data assuming two different SNRs and clutter environments were used in the training and testing
process, and spectrogram obtained by applying Short Time Fourier Transform (STFT) to the simulation data was
used as a feature factor for algorithm training. The algorithm proposed in this paper was evaluated based on the
target and nontarget F1-score using test data independent of training data. As a result, it was confirmed that the
CRNN model showed significant performance not only in typical acoustic signal processing but also active sonar
target recognition. Also, pseudo-labeling helps to improve the performance of the active sonar target recognition
algorithm used the CRNN model.
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Fig. 1. (Color available online) A block diagram for
the proposed weakly—supervised algorithm based
on pseudo labeling using CRNN.
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Table 1. Network architecture.

Input Shape : 30 x 1 x 300 x 200
Channels: 16, Kernel size: 2 x 2
CNN layer Stride: 1, Padding: 1
Maxpool2D Kernel size : 2 x 2, Stride : 2
Channels: 32, Kernel size: 2 x 2
CNN layer Stride: 1, Padding: 1
Maxpool2D Kernel size : 2 x 2, Stride : 2
Channels: 64, Kernel size: 2 x 2
CNN layer Stride: 1, Padding: 1
Maxpool2D Kernel size : 2 x 2, Stride : 2
Dropout Probability: 0.5
Reshape Shape: 30 x 25 x 2432
LSTM Hidden size: 1
Input channel: 30 x 1
FClayer Output channel: 30 x 2
Output Shape: 30 x 2
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Spectrogram Data preprocessing

STFT
Sensor data — — | » Min-Max normalization
« Crop augmentation
200 x 300
Conv1
Conv2
Sigmoid Dropout l
Conv3
Target recognition 4 LSTM
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Fig. 2. (Color available online) A diagram for the
CRNN structure used in the proposed algorithm,

3.2 AX|= st Y

Fig. 104 2.0 Aok el 4
2 OpA| 2 3152 913 04} o] 2 7]
2 w2k WA 239 5E A E] o]
Sfo] U2 SRR 2 AL Bhes mElE
he B (1) o4 221 o)A} o] 2] 14
H LA g oFe] ] 357] Bo] o] chsl Aba
o] 15 3} W) el ol T 2GS
MBI, B 2 o2 S 7H e 2 A S m ] |

O]E1°ﬂ tfj st oJ A} _L'ﬂol 22 X A3} u]-;(]ul—o§4

42

o PN

T o
_l?’ﬂ o n{& W 1o
>_arr>
o & oo

<] rg_lg

& g
xr
i
)
ofs
oL
2
o
2,
of
i

M J
ot mf

f
E

o o
of
:?_14_4’

)

e
©
&

fu
ro
s
3
i)
9
o>
1o
2
)
O O
o
X
R

41 AlE2{|o]d HlolE

2 =9 AlEdelAd HolHe F4
Ko} o) 425 1| ki 20 25 Z20] ] Al
H Z (Linear Frequency Modulation, LFM) 41 &
s} A2de] S9 A5 2 71 AlE ol
tlolE o] Ak 544 dare]Eo] £

N
I3
o & 4

ot
rE oofl 4y w

U

_llm

PR3 GeRIX] H43H M5 (2024)

A5 AFESIAL ThAIZE o] waks H gl
dolele] AHER T8 e A,

R L PR EER R E
o A2 e ARt} 2ele B2 7}
3l = 7ol glo] gl AL AAFIGTH B =R o A
52 7)©) | o] €] A& Casel ] 0] €] A3} Case 2 o]
EAle R stk 7zke] gojesle i 1t
oM7), 12| 2 AR 2l Rkae] A7) W §
o4 o7} Sl

eF Aloe 4o1e] f1Aol Y ol9] Atst Al71E
7HA= o TR AREA|E A Adste] o] of] oJgt wE
&S FAFo =N AT 5 QIot P B lefo
A= Reference [14]2} -S-AF5HA] 1300 ~ 150071 2] At
Al %i1§6000m‘ﬂd%’—l°ﬂ AA 0°of A 180° AFo] 2]
ool i EEE 7= U2 sk, ol =
B o —%l,‘— I5ho 24 7 7] AFEA| 25 E 9
S Bl
% oAM=
131 Qo= Ao T i‘ds}ﬂ 44% 3 A
HA| 2R E Y] Wk wEEn & =RolAe
Reference [14]19} A FHHE 0 2 0|5 HALS|HY|
915k, 070 ~ 37112] JoJ o] A = td 229
e A AR E A2l S 71202 300m~
400mH 91 9] oL HE2E 7Wi7007ﬂ94 RS
271 Aetel LeREe] Wk owown}
174 e AFEREIE 2E d4E AA 54

Ao o stel skt

34 vjo] el 2] 45, Case 1 o] E AL 72 A1)
O] i} 3= 7 =5 445t 9dB ~ 17dB2] 4l
Sl B SH] B 7dB ~ 12 dBO] Al S o hek2-H]
£ 7 =5 A48T Case 2 Tl o] E| A 9] 524 4]
S +=11dB~22dBo] Al S ofjul A4 W 6dB ~ 10
dBE] Al Tt FEHE 7HA =5 A E o], Case 1
T} B EHH v F] oFsk vl A A8 A 7|9} 733k 2
3 Al71% 71ck ¥ Polel o] 7, Case 13}
Case 2 elo] B A0) 24 AebA] 3 the A A4
sof A2t W3 Ho|E S A4 eI 7
A A o] 9, 5 dlo] el Alo] Sl Fj4e] A1
215 743|215k Case 1 H]0]E| 4] A1) 7} Case 2
tlo] & o) AbekA|of vlsl 2] 2}e] A7} o HiL

ﬂl

o, oo

g

A

o
ot oy %

R =

o



AT 2B APY BDL o g3k o)t ol

Target : Nontarget

reverberation from
clustered scatterer

Fig. 3. (Color available online) Examples of target
and nontarget simulation data.
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Table 2. Configuration of the simulation dataset
used in each experiment,

Case 1 Case 2

Pretrain Pseudo Test

T N T N T N

Experiment 1 | 55 | 564 | 79 | 1206 | 56 | 804

Experiment2 | 40 | 440 | 79 | 1206 | 56 | 804

Experiment3 | 52 | 690 | 79 | 1206 | 56 | 804
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Fig. 4. (Color available online) Convergence of models for
each experiment.
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Table 3. Performance comparisons of the models
for each experiment.

Target Nontarget
Model based based
(F1-score) | (F1-score)
Pretrained 67.9 97.8
. Pseudo
Experiment 1 weakly-supervised 80.6 98.5
Supervised 99.1 99.8
Pretrained 512 97.5
. Pseudo
Experiment 2 weakly-supervised 60.8 98.1
Supervised 98.2 99.8
Pretrained 752 98.3
. Pseudo
Experiment 3 weakly-supervised 84.7 98.9
Supervised 100 100

EN & glo]gof tigt He, @5, n|d 55 Tst
o 4 Fl A4 E40] 374, v A o] 24 of
ul8han H] 4] Fl g4 1] 3E4o] 34, o] &
7€ ofn|githiz ol A thth
L TP
precision = o5 g, @
TP
recall = TPIEN 3
X 1S T X
Fl = 2 X precision X recall @

precision + recall

Table 30]| Al| -] A ol] thgt A o5 el
O AR OFA| 2 Bk W], T2l A e Bk e 9]

S
=]
2 FI 40k v 24 FI 952 Urehich. 49 19]

I

A, o9 5 2 p] 27] Hlo]e] 6197 5 54 Hlo]e] 9
H]- 0] 89%¢) E# vlo]e = AP WSS
o Sk AT 48 AAY STLES 5
3 4] A]o] FYu)3 S Holt 2L 2l
% glek. B3 ol B 7] A o= A
S e A tiu] E1 FIH5 133 % 7
A9 3 4 Fl 84 07 % A=l 9lek. 49



ot
o
el
M

13} Bl arske] B 22 Fef 3
& 204 EA F1 A %;PO}X]LﬁS 1}
U4 2 W) ok HlolE = 71l vl
o]l o] Fl 4= A HAol| A vf9- 32 4
= Elvh A9 32 AY 1H o 4 HlojE o] &at
@ A&7 1L3ul] 3t 2ol A =R = )l ol = A

_!TL

:
A 8¢5 melo] 4] Fl 40} vl 34 FI 447} 7}
A etk o)z AR Bt Rl o] o] BHs o] el
ool 2 Ak W) WO BAEE 4 glch. o)}
dlo e 7ol Ashert b shg wle] o)
#o]7] uf o] o)A} Ofx| = BH5 mEle] Aol 7
o RS 710w Bskn wE A4 ok
dlo1 2 7)Mol St 4 AP kelEel
A Aol =88 s A1S el 4 gk,

Al 50 A4, AP 8t Tlolelet oAt ¢
o2 $I3t dloE 8 BE 7] lo|g 24 3}
ol ALE T A\ Bhes wRlo] 49 malo] 4ol
U 2 212 BHoIEE 4= Ik o)z 7] Hlo] el o]
47 o mel sj<soll AHESE 5] loje o
o} vl mste] 4GS W) RO R BetEch &
ﬂqﬁﬂﬁ=m§%al o]l A4

\__

ooZi
I'E
N
5
ol
2
ofd
Jﬂ
DA
52
52,
AN

E
N
e}
it
(0]
o
N
o4
N
=)
A
2 =
H
N
_IZ:
e
%

|
o
ol
ol
o
N
N

Nl

s
ol
52
o
£ [

le]

ta rle

)

X,
ofr
o
o
Kl
i
RN

= %o e
lo

|a
L

.ﬁ
=
(¢]
(98]
2
>
lo
lo
>
12
N
&4
>
H
e
k&
>
o
5!

@
1o

X,

Ir
Y
o,

>
s
!
S5
oo

ol
o
fr
e
1o
oXx, Lok

N
==

A A2, A ek HEly) o)A
Eﬂ—‘] /\‘]L X}’Ol(AFM)—‘ “g ‘1}9\‘
S A oA = S 5

1=Ee) Fl-score% 7]%—2& H, 37H )

_ﬁ
o 19
2
1
k)
o> off

J
N
re
-1
o o

ol
E

w2
|

fn)

©

e
o
1)

L 3o
r_t“
2
N
N

N
=y fﬂ‘d@—*r %E} —‘l, *e‘?;‘ (AR, =127,
AF,=85 A (AF =95 AF,=153)
Hl 3, AE AAF,, =96, AF,, =374)2] 2}o]7} ¢
FEHA =, ol= dlofE o] FEo] 47k 2H
01]*1%*}%1 o5 2dl o) X4§*E7P ﬁEEJ Xl eFotA]
A5 Aol Al A

2T El

%0
k)
o>
o
_L
h
N
re
—Ll
i
ol
QL
olr

—_
N
[N

J R o §3F A Aol 7 FNE AL BA A o e duelE AT 509

M
rr
2l
2
X
(|
N
riN
1o

gﬁ

X
e
s
=)

i
o Hy M

[T}
B T CY o < T

)

tlo

o

ofo

ol

ol

2

&

e} rE O

s

i

Bl ot i

B
ﬂlo > ox oM,

g o

il
i)
gl
e
}01,
=
0o
=

o o
% i
7L ok
o o,
2 o
P
= o
- o
u o
>

mlo rEI T
>’l -
o rr
< ¥

N
pacs E

>

i

i)

o
o o i

H
fn)
L
q

O
O

A=)
e
£
ol
oX
H
2
o
Kl

O > B o ke

O
m B
=
N
N
N
>

o

of 4

f flo ox
— oft
N

[*]

éﬂl
O o

i)
=]
o
>«
i
o
Mr 2L ot |o
ox

>
> T,
il
N
R
p
o
i B

il
=
2

ol

Mr oy 2
~|
il
ol
%
L
>

=
oo
il
1o
oX o
olr
o O
0%
=2
H
o
o o
N
2 Jl_]

»

Mo

O

4 ope Lo 8
ol
Jor

50
- 0

Seii oA dol 2 F1 e A B4 B
Ao ojzHo]7] uj o] A Bhes :
o] a4 ot o] VWO AT A
A} A7 ol Aths BAo] Ik B Aol
A 5] golel o] B Aol &g 27t 2Esto]
Al ol djolge Ans Rekshs B4l B
Qs Ao FE Helth

ORI AU R
A 91 ot 43l el
5 g4 714 AFAMNo.
R ERRES
HX) 74 A7),

References

1. A. D. Waite, SONAR for Practicing Engineers, 3rd
ed. (Wiley, Hoboken, 2001), introduction.

2. G. De Magistris, P. Stinco, J. R. Bates, J. M. Topple,
G. Canepa, G. Ferri, A. Tesei, and K. L. Page, “Auto-
matic object classification for low-frequency active
sonar using convolutional neural networks,” Proc.
OCEANS, 1-6 (2019).

3. D. P. Williams, “Underwater target classification in
synthetic aperture sonar imagery using deep convolu-
tional neural networks,” Proc. 23rd ICPR, 2497-2502

The Journal of the Acoustical Society of Korea \ol.43, No.5 (2024)



510

10.

11.

12.

13.

14.

15.

16.

(2016).

F. Liu, T. Shen, Z. Luo, D. Zhao, and S. Guo, “Under-
water target recognition using convolutional recurrent
neural networks with 3-D Mel-spectrogram and data
augmentation,” Appl. Acoust. 178, 107989 (2021).

B. Shi, X. Bai, and C. Yao, “An end-to-end trainable
neural network for image-based sequence recognition
and its application to scene text recognition,” IEEE
Trans. Pattern Anal. Mach. Intell. 2298-2304 (2016).

. X. Zheng, H. Chen, and Y. Song, “Zheng ustc team’s

submission for dcase2021 task4-semi-supervised sound
event detection,” DCASE, Tech. Rep., 2021.

. J. Ebbers and R. Haeb-Umbach, “Pre-training and

self-training for sound event detection in domestic
environments,” DCASE, Tech. Rep., 2022.

. S. Xiao, J. Shen, A. Hu, X. Zhang, P. Zhang, and Y.

Yan, “Sound event detection with weak prediction for
dcase 2023 challenge task4a,” DCASE Tech. Rep.,
2023.

. W. Zhang, B. Lin, Y. Yan, A. Zhou, Y. Ye, and X.

Zhu, “Multi-features fusion for underwater acoustic
target recognition based on convolution recurrent
neural networks,” Proc. IEEE BigDIA, 342-346
(2022).

P. Qi, G. Yin, and L. Zhang, “Underwater acoustic
target recognition using RCRNN and wavelet-auditory
feature,” Proc. Multimed. Tools and Appl. 47295-47317
(2024).

D.-H. Lee, “Pseudo-label: The simple and efficient
semi-supervised learning method for deep neural
networks,” Proc. ICML, 896 (2013).

X. Dong, J. Shen, and L. Shao, “Rethinking clustering-
based pseudo-labeling for unsupervised meta-learning,”
Proc. ECCV, 169-186 (2022).

D. A. Abraham, Underwater Acoustic Signal Processing:
Modeling, Detection, and Estimation (Springer, Cham,
2019), pp. 180-189.

G. Kim and S. Lee, “Reverberation suppression
method for active sonar systems using non-negative
matrix factorization with pre-trained frequency basis
matrix,” IEEE Access, 9, 148060-148075 (2021).

D. P. Kingma and J. Ba, “Adam: A method for sto-
chastic optimization,” Proc. 3rd ICLR, 1412.6980
(2015).

A. Géron, Hands-on Machine Learning with Scikit-
Learn, Keras, and TensorFlow, 2nd ed. (O’Reilly
Media, Inc., California, 2022), pp. 93-98.

PR3 GeRIX] H43H M5 (2024)

| ™=} o=

»S o L} (Yena You)

» 0| & 4 (Wonnyoung Lee)

2020 8% : AE st MXPHI | SSHE
StA}

202014 88 - = CHBHT MR 7|23t
KA}

20224 9% ~ SiRK - AL St M|

i urALaLY

» 0] A ZI (Seokjin Lee)

20064 8L : MSCHEtm M7 |HBE{ D5t
£ AL

2008 82 : MEchetw M7 | AFEISS
2 MAL

20124 2¢ -
S i

201244 38 : GELGRIXF CTOHTLA Ao
o2l

201441 3% :

= Mo =
mi

2018 3 : ZEstn TAZSE =
i

2020 102 ~ 24 - ARSI TS
SiE R





