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ABSTRACT

In this study, a recurrent neural network (RNN) was employed as a methodological approach to classify dolphin click signals derived
from ocean monitoring data. To improve the accuracy of click signal classification, the single time series data were transformed into
fractional domains using fractional Fourier transform to expand its features. Transformed data were used as input for three RNN
models: long short-term memory (LSTM), gated recurrent unit (GRU), and bidirectional LSTM (BiLSTM), which were compared to
determine the optimal network for the classification of signals. Because the fractional Fourier transform displayed different
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characteristics depending on the chosen angle parameter, the optimal angle range for each RNN was first determined. To evaluate
network performance, metrics such as accuracy, precision, recall, and Fl-score were employed. Numerical experiments demonstrated
that all three networks performed well, however, the BiLSTM network outperformed LSTM and GRU in terms of learning results.
Furthermore, the BiLSTM network provided lower misclassification than the other networks and was deemed the most practically

appliable to field data.
KEYWORDS
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oA "HAF 22 BUEPES 8 SRE A=A
Aol &gt ATt of 2} sfjefol| A&lske T
AE 457t 7159 sl Eel 93l 715E AE
A AIE B8] et 83 =1EH g
7 AE 9 TR FAAY 5 ot 2oF
F 4= Qlch(Jin et al., 2022). T3, BT EAE E35)
AFFAYY Fupp G A7 fYBEY T
3Z3E ] fFAEl Y= PIAH, 715H AU
F71& BN 2N S SBE] nXe Y &
9)th(Kavanagh ef al., 2019). = o) A= skl
Ao ogt Ay AlS (snap signal)e} S]] <
3 4T (click signalyt 2 #EEHH, 2 AE= 54
Th(impulse) FE| Q] A ZH YeERATH Wenz, 1962; Radford
et al, 2008). BUEE A2o|A 7|28 225} Fejo] 2
AT E F A BAES A AREH &85 Y=
29 4159 A4 gt Aozt olafe}t R a7EHTh 1
AU ZUHY ARol= S8 ASEN ohz} vig, o,
ol 98l 71E5= ¥ FS(ambient noise)o] A 7155
0=, olF EF3P7] Sl garglge] g 7|& A3 £
7 EuEEe] B9 AEAYAe] ARl Hdte] So7ke
2 Akt AuAy 475 2A 2 9ol rk(Sugimatsu
et al, 2015). o]2|3t SAE SESLA YA Qe 7S
2= A B Aladle] AFE e, T 533 £oF
oA 7IANGS =Yste] 9%t AsS A AT ER 2
98 A= Itk (Caruso et al., 2020; Jin et al, 2022; Ditria
et al, 2022). Jiang et al. (2019y= T# AFE Bz W B
317] 913l §35 A7 (convolution neural network, CNN )&
SHRX|FIAL, Caruso ef al. (2020)2 AESHH X5 HXE ¢
3l A 44 (transmission loss, TL) 2A¥} AEZE WHE mA]
(support vector machine, SVM)& A8} 2™, Thomas ef
al. (2019), Jin et al. (2022), 1T Kim e al. (2022b)2 &
A Al A AREH AR F2]o] $short-time
Fourier transform, STFT)S.2 WH3lE AHERZ 739 323}
of SPYBY AEZ HEHOZ A2skch. Tt AEE
we] oA GAF AR A9, AR AR Ag 1
Pl gomz AAeR F|SEE AT 4 TAS
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e 4= Qtk= EA1-o] Itk (Schmidhuber, 2015).
£ dollAes el drRte R HEEE AAE A=
o A& EAE uejste] Eudo 28 A3 E EF})
Sfo) & AFFS o8I STk <F AFTL G
£, 54 Hojot 2o AAL B A 4R AT &
of gJeiEl Auo PEEE EYSS A2 By
ZAgo|th(Graves et al., 2013). &3 AAY <
2 fxzxoe=x LSTM (long short-term memory)
(Hochreiter and Schmidhuber, 1997), GRU (gated recurrent
unit) (Dey and Salem, 2017; Cho et al., 2014), BiLSTM
(bidirectional long short term memory) (Schuster and Paliwal,
1997) WEYZ7} glon, 7+ HlE YA Askn} <R met
N2 e 45 7HEE A9 YEga A5 dss
52 T3 FAHHA vuwrt Eastri(Jozefowicz et al.,
2015; Kim and Kim, 2022). wghA], 2 AFoM= S22 =
2 A5 BRE o) YT ks A2 oleslo] 4] 71 4]
E95E Sgsigon], A0S vim 2Asle] HHe| Y
£ {AshA St
HUE PSS F8 715E AAE A=A e 29 4
5 AgstA 251 Hsiies AAE ArolA 28 AE
o] A3t £ (feature) Ago] Fasirh. shA|T, Tl AJAE
AzRkS o] g3t FAsks A FEthe A2 ofH7]
o, Bt F9CE AAE ARE HEFo RN 483 &
& FE87] A A7 3= Qrk(Saxena and Singh,
2005; Tian, 2021). 537 22 A150| B¢ F4l et o
2 345 Feje] ABE XTI Qo] ¥e Jolom Fus
uo] Busls E4L AT At old Eng) 22 A
o} 2l et Fukh B4 Aol olgale] Sad) 2
g AT E EFsP| S8l 2 Atolae AIAE A=Y Azt
SO 2S4S T 5 e 25 FEo HE
(fractional Fourier transform, FrFT)(Almeida, 1994)% ]85}
314 et

B Felo] WY B9 AAYD 4R BY B B
He 7YOR, 3 Zwo] whE ARFUS BE S B
A 4 glow] AE Helol] gleld 7129 Felo] Mg of

23t o T 943 A9E Holtky dEA 9Jth(Namias,
1980; Ozaktas and Kutay, 2001; Zhai, 2014). HZ-S 9J3f ©|
gEE 4 2w A 0ok AAY B4, 0°E Fuks
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P7] HYSH e A HEo|
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wEba, 2 Aol e 14‘51‘%‘ A=A 715H
=1 22 ASE 2R A8 < ABE 7 A &
7 guEEs Agstaat sk E3, H‘?—-_‘% G Ee
Al 7H] YEHT A 23 Ao Hol= 3 4% 3

£ MAst, 18 22 A5 ERE 93t 2Z o] YEYa
2 Jgeknat stk oln), A1 yED W 3 Zhe
9 AAE 93, A& = (accuracy), Y (precision), &S
(recall), F1-44=(Fl-score)e} T2 E5 EA|9 A5 7 A&
£ o] g3}tk (Read ef al, 2011; Cui et al, 2022). Bfx]FS
2, 4%E 5ol YEY @ 17 2= wslo] et sy
EaE W% A=o) Aegtonn ud dTeiEe] @
A A2 A FsAE SIS,
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Al Ex

H
- O X o o =

2 AFolA AREE S AZ Ame 20184 23 F5 9
HollA 2P A A= (Kim ef al., 2022a). 5 4l
3= 167 A717F 28 m A SR FAHE 42 m Zol9 5=
2 A i AAE 3l A= 179 miE 221 m7kA] 7155
Ack & dAFolA AN S AT A= HY e 1,550
m oA 7|EEouz, A BES she G 4l
5 e mskA Yokor, 7128 Auol 2Y ATk &
T 29 Az2H st oln, Yikdoz Snat
HAATE 29 ASE SEol4 Y e AR e &
HEY EAS 7IXE Aog dEA 9thAu and Herzing,
2003; Frasier et al., 2017). 3}, S8 sjgolA FEH= &
g AEE= A 7185 FH A Hu S o o E
270} Feo] vHE Q) AT 2 vH|nE =& FulpE 7l
QTH(Choi et al., 2019; Kim et al., 2022a). & HLoX= &
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Fig. 1. (a) Collection of 16 acoustic dolphin click signals from ocean monitoring data, (b) Enlarged view of the first acoustic signal within

0 ~ 1 s range, and (c) Frequency spectrum of signal displayed in (b).
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2 AAY daEES e ), 71 16,384 Hz| 1127] H]
‘S (sampling rate)= FHEH AE2E FLS 4 F7|M B
o} ZAIRE AJEA EAE AST 4= 3l 40,000 Hz2 A
127 (resampling)d} T}, Fig. lax= sfdolA HEH 16719
=% A5 Ueiid, b= 16719 33 A8 5 A HA &
& AToA 1 s7HA] ] 7S Eigt Aolt). 1be] 7=z
& BH, 29 A4S0 FH A2 Bladle of XFo] ofF 2
v o) Zpo|7t Yeht= R ERIT 4= ok SA4E 2%
Ao Fu SRS B Sis) Szt Felo] AuEg

EXE 4393 A3}, Fig. 1c9} Zo| Fukg ABHEHO AR
$o Fulg 9SS Zhe £ A0 H|F AdFez 2
Fate g G7HR] 29 A37F YeEPE )18k

24 el Hg

£ Ao AR GeolA] et e thehhs
29 N80 5HS BEP] §13) B4 Felo] WL B
AAG AEES 2044 4 AR AsHgch B4 Felo] ¥
e 4] (1), (22 Zo] ARFEITHAlmeida, 1994).

@

A7|A ae ﬂL e, f& T ¥, K2 Bgs 9%t
Ad, j= 35 29, (=

3, a=x Fa(cf)L 3 Ziwof met BigkdE X155 vepd
o} B Falof] Mke AAE AFEE o9 Fholl uek A7k

P BRoA ATE HSE = glom, 3H Zte
tq-_ AZ-Fae EAAS BAE 4 ). Fig 229 ARe=
Fig. 1a9] R}RoA 144 A2E JoJZ AA3e] 0~ 02 s
e FE3 Aolth. Fig. 229 A= &4+ Feof wghs
et A3, Fig 269} Zo] AFT S48 Ape 2
29 %% 34 kol wet AFue teloz s UE
53, 29 A5 4 RE Fuie tjefold A7} Hajs
A BRIT & ook B, 30 2T A Ao]s} of 20)
HoILHE 006 5, 0.19 s TUOIH 8 183} vzsto] 2
Aze] A7I7E e ek o] AR RS Sele
G Stk olsk o), 2 Alssl 74 Hee) A A TE

WS A AL BT 4= glon], B AToAE ojelat
=42 71 84 Ao B ARFTS B ARE GG

2 9% 99 AR BESIR St

2 AT Ak 3 AFT TNke] 29 AE 27
131%94 SF== Fig 30 =S 24 g5 A= A
s HEQT = 9 35 ZAnh, B8 wd As grig
—7'6]5]%12‘:4 38 28 AsE B2l HFo YEYa

A= 3l J#J LSTM, GRU, B1LSTM_4 s FAL
UsHA| sl FLEt stolH
J}E}E]Ei(hyperparameter}g Table 22]— Qo] HAAsIP o, oF
A AR F 20,0001 AFE Z 85%0) AFsH= =S 8}

Table 1. Parameters of the experimental environment.

Parameters of the experimental environment

CPU Intel(R) Core™ i9-10980XE CPU @ 3.00GHz
GPU NVIDIA GeForce RTX 3090 *2
RAM 96 GB

Operating system
MATLAB version

Lab environment

Win 10_64bit
MATLAB R2022a
Deep Learning Toolbox

Fig. 2. (a) Time-series data with click signals and (b) Data after fractional Fourier transform.
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Table 2. Hyperparameter and training settings for the proposed
network models.

Hyperparameters Value
Signal length of the input 50.0 ms
Sampling interval 0.025 ms
Input feature dimension 41
Number of epochs 10
Data shuffle Per every epoch
Mini batch size 128
Optimizer Adam
Learning rate le-4
L2 regularization 0.001
Training data set Value

Training data count 17,000 (85%)
2,000 (10%)
1,000 (5%)

20,000 (100%)

Validation data count
Test data count
Total data count

Lol AMBBIL, 10%E RS AZo] AL, %k HlAE
Az At

k

ol
>

AtE 478

d

Fig. 3. Flowchart of the proposed network model.

ol 8 Ahzel A9, 29 Alos) e 2 54
2 sjefsl] $1) 7 eR &
(signal to noise ratio, SNR)YE ZF= ﬂi —7—7P ;_11-13}01] =;_L
Y A2 =31 TR Z yAJE a9
oz At WA, o4 2w = —rlBH Fig. 1a9] 16
NS AT 5 F VI AZ(1HA, 16874 A5)5 doj=
X781 th(Fig. 4a). o]d] Fig. 1boflA ERIE 22 413 Zo]
£ st Z47te] 29 AlzolA FH 3ol vl LAl
AI71E 7M1= HA(peak) AZE F&T & X*T_Fi}OP%‘\E}
(Figs. 4b, 4c). @7 A=A 2 éﬂ% 29 A3 A71E
gste] 0304 0.59] FES Zh= A9 Ay dE ‘E*é
staL, o]5 A4tst | 29 ATt gt 29 A3 =
StE 23F Al E AT u}z]mi, AAE A5 &
& AR A8AE =ol7] A8l Ha I 01004 Fof IE
12 Zh= 72 A= F716HA E}(Flg 5). Fig. 6& 350l
/\FQQ o A=o|H, Fig. 629 TG AAE 2A7E &5 F
Zlof| HgRto 2K Fig. 6b9} -2 AAE A= 2] 34 2o
e AR EAAS ERIE 5 e 2AE 2 5 3
o} Fig. 6ao|A ZrxE 7k B, FH 20 AdEes
2 AZ zpol2 ZHe 2T Asrt AREE o &= 9} Eat

L.E_'!L

Fig. 6b9] QA YA=E E Felof HEdt A== Fig.
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Fig. 4. (a) Time-series data with click signals, (b) click #1, and (c) click #2.

Fig. 5. Schematic representation of synthetic data generation.

2bo} o] FY AT oA Almo| Al7|7t FskAl vt
£ gjgo] YehEs e SRlIsye). B o HEke] 3
A Z= ol wet 7]%% /\lﬂ—,—JJf-/,\— =4 2127} el
= .:‘_/Ho] M—o] 5} q:]a_:] X]-E_iyﬂ Ol—g-
He 21 4= el ‘ﬂr A gA4o] Jgsitt wEtA, &
Atollx= MEYTE F9 3d 2= |AE AFsh] 9
3, 417]9] U3 EA] 42 ox|5hEA AMLEE Zhro) F
o] HOE 9%l ARE 9071A] 9° 7HAoR, Z 1074 A
7= MO 48 A== 83

S5 HEYD 75 Y 3% F
B AT &3 44T TNOR YEYIE SEshge
o, YEQD P20 9 MRHOR 8 AFPLS BEIE

juta]
o{)lr

41737 & (stacked-RNN)Z A5Gt A%
YEY A= Fig. 3004 AAE <8 A3 EHZ 729
Zro| ¥ Z(input layer), A|BAZ(LSTM, GRU, BilLSTM
layer), 9 A A Z(fully connected layer), =Fo-Z(dropout

layer), A EWAZ(softmax layer),

AS
L=l

B = Z(classification

layer) 0.2 7513t} g HIEYAZY dgSMe &5 F
2ol Hghe] 3] 7t Yoo w2t W 24 2ol 99

o HEE AV 4 AREH olgsgon, BRE A9
ARl 2 BE ANE 2YstES YEY2S TSk,
ae)3, 2471e) ABAE Tl SRS FMst] AT
2 Wt} st

Al 7 HIEH T didt AT <8 A8 o 2t 3
Ao W A5 A=t 45 &2 Fig 7% L. Figs.
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Fig. 6. Input data: (a) Synthetic data with click signals before FrFT, and (b) Data after FrFT.

Fig. 7. Validation accuracy (a, c, ) and loss curve (b, d, f): (a, b) LSTM, (¢, d) GRU, and (e, f) BiLSTM.

Table 3. Validation loss and validation accuracy by angle for LSTM, GRU, and BiLSTM.

Range of Angle

Validation Accuracy (%)

Validation Loss

(interval) LSTM GRU BiLSTM LSTM GRU BiLSTM
0°~90° (2.250°) 97.686 97.265 99.395 0.0708 0.0824 0.0155
0°~81° (2.025%) 97.675 97.241 99.180 0.0724 0.0863 0.0204
0°~72° (1.800°) 97.763 97.087 99.486 0.0667 0.0906 0.0140
0°~63° (1.575%) 97.677 97.336 99.496 0.0705 0.0788 0.0129
0°~54° (1.350°) 97.739 97.349 99.301 0.0691 0.0784 0.0174
0°~45° (1.125°%) 97.737 97.343 99.403 0.0672 0.0789 0.0147
0°~36° (0.900°) 97.661 97.623 99.510 0.0713 0.0719 0.0124
0°~27° (0.675°%) 97.756 97.524 99.586 0.0726 0.0719 0.0110
0°~18° (0.450°) 97.618 97514 99.555 0.0803 0.0805 0.0119
0°~9° (0.225°) 95.528 95.839 99.623 0.1449 0.1339 0.0102
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Fig. 8. Confusion matrix used to evaluate performance of the three
classification models.

7a, Tc, Te= 34 ZHe ¥ 9lo] wkZ LSTM, GRU, BiLSTMS]
A% REwoln, Al YEYT BE w2 3471 SRkl o
o ebg Ao Hokwrt PAEE A 2 4 ook E Figs.
7o, 7d, 768 B, A 35 YEYS BE 81 2w geue
Bk 31471 Skl wet 4% 4] Hashs FAE 2
At Bk 3 HFAHOR ThAu vk Ggely Ae AF &
A 9 A% AL Table 39 2tk LSTMI} GRUS| %%,
2 Ao HAE AY=T} 97.756%, 97.623%, XA HE &4
0] 0.0667, 0.07192 et BILSTM?] A% 2t 4= A
=71 99.623%, A HAF £40] 0.01022 LSTMI} GRU

Fig. 9. Performance evaluation of the three classification models: (a-c) Accuracy, (d-f) Precision, (g-i) Recall, and (j-I) F1-score.
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ARk 71¥ A vlw D HHo YEYA AEE e A
AFEE ARSI g HHo] FFE F7HE AAlst
ot £ 299 45 37 AxEe A%, dUs, Ads,
a3 Flgseolth AUes B B9 Fos ERTT A
F AAE ] &S, Iee AA R A T 2do] I
olgtal |53t Hl&S, FI,E AUEY QA& 2319
T, 1P AYEs A Am F 2HEA ERE v
=x35kchRead ef al, 2011; Cui ef al., 2022). B8 Ao] ¥
7H= Fig. 89] 22} 3§ (confusion matrix)S 7|HtO.2 FA =
H, 45 B7F AE= A (3) ~ (6= T3l AL = U

&)
4)
©)
©

714 TP AR 2e Poleka A&7 A9, PP A4
ARG Folaln A&t HE, NS A4 2 ARolel o
231 749, 293 TNE A7) AR ARlolaln &3t A4S
olc}. oln), 4% 7} AJ= 1000] 77he W) St 5L
Ak B7ie.

Fig. 0% 717ke] 4% W7t R(HSE, HUE, AL, Fl-
) FEolA 3d 4= HeE LSTM, GRU, BILSTM Y|
932 vj@ale] Tejma w3 AoIch. Figs. 9a-c= 4

i

3%, Figs. 9d-f= A=, Figs. 9g-i= P&, Figs. 9j-1.
FI-gE 9ugitt. 31 4= jeE A 371 23 &
1,0007]9] A& F FHatghE AMEsIlen, BAEES 99%=
A7g3te] 99% mRtolH 0 FZ), 99% oldold 1(EE
A%)= ERSHEnh o 2z o) x5 19 off 0° ~ 90°, 10
A wf 0° ~ 9°F Yush, 9° 7HHer Y I Z%rt 7
238 I 4% HIE F 1072 Uitk Al HIEYR
£ vlugt 23, 45 H7F Aol|A BILSTMo| RE 359
A ZHhgko] 98% ol AuE Holw 7PY AIEHA e
Wk 22 o= vlusty| s HAE &zl gt 'R 4
= vge g A2 A B 2945 22 Yo
(Table 4). d5 B7} ARE TLHLE Ao o5 HES
39 A9 I 4= HAE F7Ie 23, LSTME] A4 Y
7R A& F A=, LA 0° ~ 907} 7P =2 A
7 ugken, GRU= A=, A&, FIFgoA 0° ~ 187}
71 =8 Anr} Uk px|gte g BiLSTME: 0° ~ 36°)
A Y 7] AR F BEE, Ads, FIgZ7 S8 29E
Heloh A5 B7HE &8l 2% 2aE B9, 74 &8 4173
Foll 4] A9 3A Zt= J 9IS Ao, LSTM 0°
~ 90°, GRU= 0° ~ 18°, BiILSTM 0° ~ 36°2 |3}t

ol

18 AtE 878 Bt

r

ATHOR 3% NE BR| 7Y YW 23 WY )
E93 44 Y8, B A=el A% B7llA A48 v=
9= o) Bl Z= WIS Aestel HlAES AW

o

o}, ojwh @A A= Fig. laol sheelq 25 1679
B AT 5 169 2F AEE AolR AHSYTL, 0~ 2 s
FRrAe] 22 A5Z BAHE Figs. 10b-d Fig. 1029
HAE A2 FAH UEYIE H8stel GAAE 9%
29 452 BRE Aotk o, b 22 A5 BR
A3, WL oghx) T7HOR 27 Mo BASgr,
ERud 4% Bk o 229 JEY=E A9 o4

Table 4. Performance metrics (accuracy, precision, recall, F1-score) by angle for LSTM, GRU, and BiLSTM by angle.

Maximum Accuracy Precision Recall F1-score

Angle(%) LSTM GRU BiLSTM LSTM GRU BiLSTM LSTM GRU BiLSTM LSTM GRU BiLSTM
90 97.112  96.166  98.885 99.508  99.512  99.905 91.957  89.178  96.858 95497 93934  98.350
81 96.861  96.232  98.948 99.636  99.518  99.731 91445  89.501  97.344 95285 94112 98516
72 96.938  95.697  99.006 99.737 99478  99.940 91.775  88.008  97.191 95.513 93226  98.539
63 96.354  96.117  99.222 99.732  99.683  99.869 90.116  89.356  97.890 94577  94.112  98.855
54 96.851 96.119  98.892 99.788  99.661  99.871 91.539  89.184  96.987 95406  94.010  98.399
45 96.849 96373 99.250 99.864  99.505  99.814 91256 90252  98.092 95278 94532 98.940
36 96.965  96.170  99.339 99.497 99715 99.851 91.588  89.615  98.200 95307 94291  99.014
27 96.853 96368  99.214 99.671  99.812  99.923 90.844  89.847  97.838 94970 94460  98.866
18 96.818  96.627  99.275 99.697  99.670  99.903 91410  90.897  98.070 95273 94970  98.975
9 94.637  95.116  99.326 99.839  99.712  99.929 84478 85752  98.104 91.118  91.847  99.005
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Fig. 10. (a) Field data, and test results of: (b) LSTM test result, (c) GRU test result, and (d) BILSTM. Blue zones represent section that were
accurately classified the proposed algorithms, whereas red zones highlight misclassified sections.
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