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Research on Automatic Classification of Dolphin Whistle in Underwater
Acoustic Data Using Convolution Neural Network (CNN) Model
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With the advancement of underwater acoustic observation technology and the development of high-performance
equipment, passive acoustic monitoring (PAM) has become a widely used method for monitoring ecosystem
cetaceans. As the amount of high-resolution acoustic data increases exponentially, researchers continuously strive
to automate the classification of marine mammal sounds and improve the speed of acoustic data analysis. This study
developed a method for automatically classifying the dolphin whistles of common dolphins, false killer whales,
and bottlenose dolphins using a convolutional neural network model. Whistle signals were analyzed using three
spectrogram images: Original, median filter, and edge detection. The F1-Scores analysis results for the three data
types were 84.40%, 84.65%, and 80.29%, confirming the possibility of automating whistle classification for the
three dolphin species. In Case 2 of the F1-Scores, the common dolphin scored 90.90%, the false killer whale scored
80.00%, and the bottlenose dolphin scored 85.71%, indicating that the common dolphin showed relatively high
automatic detection. This study contributes to developing an automatic detection and classification technique for
cetacean species in South Korea. Long-term underwater acoustic measurement data acquired through PAM can be
utilized more effectively in the future.

Keywords: Deep learning, Convolution neural network (CNN), Underwater acoustics, Whistle, Automatic
classification

M B Zhol| Mg A A o & +F ST E AMESto] o 2|
Al Lo AglE AATE SAsto] Al o S B Y]
E] & (passive acoustic monitoring, PAM) o] a1 &F A+

LeRe =2 A 7S 7, A 27 dEE
FA 9 Aok FOoEA uil$- 523 93-S Fhth(Parsons
et al., 2015; Usman et al., 2020). A1A=S H]E3H B2 A}
e LR S840 R Q3 BE BHEof o] EWA
g o 7A] Tefso] Al A Sl gk A4 o} el
SR E R ke Algtolth(Zimmer, 2011; Putland et al., 2018;
Usman et al., 2020). 2L2]F= =5 2ol A Algtd 4 Fak=
Vsl 24 o] B2 ZRlolx] S48 Bt B4 55
of 2] YA ZIEHAllen et al,, 2021). HZol= VAT B

of] 8- 11 Q)= F=A|o|th(Mellinger et al., 2007; Gibb et al.,
2019, Usman et al., 2020). 452 o]-§5F Wil 17
£ 714 Aol BAgle] 944 02 mUE o] Tk, Al
Tl 24 5] o] & Aol 24K 4 Qlehe Aol o)
TH(Gridley et al., 2020; Allen et al., 2021). PAM= 53) %9
231} A A (Clark et al., 2002; Sirovié et al., 2003; Munger
etal., 2008), 7} A o ©]|5<(Stafford et al., 1999; Burtenshaw et
al., 2004), 22 3 2] A2 4(Winn and Winn, 1978; Oleson
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et al., 2007) ¥ QFAIHI = (McDonald and Fox, 1999; Marques
etal., 2013; Kiisel et al., 2016) 5= A} 4= Qloth. E3E, 7|
WSS Bl A = e} o] F = A A A S o TRt A
2 558 4 glom, shef 7 ste] thet Q1ke] e )
et R R A Folt HUH FRT 4TS T
2= ItH(André et al., 2011; Zimmer, 2011; Usman et al., 2020;
Allen et al., 2021).

X3 433 B3 7140 Wils s A7t el
e} e 8 A2 ool FJkaaA o2 2retL 9
= Aol o] 2 ola) AR A2 44 Bk BAske o)
A Al7o] FABEE ATAEL el o] ABS 2
glslo] &3k A7 BA &5 SR 7] 7] Yste] X|&F o R
wgsla 9l -?—*1]0]E}(B1ttle and Duncan, 2013; Allen et al.,
2021). A5 &R| 7|42 thofst Al S A 25 535t 23 EA 7]
HOl B 9 B B Eglo, Aol /1A o4 714
2]-g-5fo] R EPX] 2 25 o] s SZlE‘r(CaI'USO et
al., 2020; Allen et al., 2021; Bergler et al., 2022; White et al.,
2022; Ziegenhorn et al., 2022; Frainer et al., 2023). £3| o]n]

A BF A Ao Hold g Hole BT 414
W (convolutional neural network, CNN) 7| -2 2-8-51 A4 €j
st A7t AH F7skal It (Weinstein, 2018; Allen et al.,
2021; Kim et al., 2022). =rjol| 4] aref 7ol tiet 53 A+t
=378 (Shin et al., 2002), H<=112(Choi et al., 2019),
=112 (Yoon et al., 2017), 21312}j(Choi et al., 2017), A4
o](Yoon et al., 2021; Kim et al., 2024) 5 =-Ujjof] A]4]3]= 1L
& Foll it SoF 54 A5 SHe=nt xdE o] gt 2
2ol 31 E4FO) S A5 AFOR GASH] 9190 o
A% 7ML Ae3t Qe 4285 1 QJrh(Kim et al., 2022;
Jeong etal., 2023). Y o3t AIF A5 71HS F2 2

SOl A ofut Z-gE a1 glom, F A AFtol|= oA A%
Elxl oFof aref Aol Al PAMS 28517 ofli= o] H 8] A|ehs
2l Zg=tolot.

2 Aol A= Tt QI s oA =2 A4 W Sdst=
3z 2ol E3f(Lee et al., 2022) 5 #-=32(common dol-
phin Delphinus delphis), 2% 112 (false killer whale Pseudo-
rca crassidens), 2-5112}|(bottlenose dolphin Tursiops trunca-
tws)®] FlE2= 7INEO 2 CNN 7| RS 2-8-5to] Abs AHo|
et 7He /= ghelsl Hokrh Bavt 537 oAl vE
U 189 $&350] 5Als 71H e 482 53l ﬁam
o= A 9 E77L s stohd, @A 7EA] s ol A ol 2
3L QIA] 9 PAME] BH84S A o= oS A 01"%
3, ol A &1/ 71700 s 225 E‘/IEFJ EAST ]
% AR-EA7) 0] EZ(underwater soundscape) A5 A <54
2 53057 Sl U8 500 AR BT 4 9

A
T

lo ox rlr s 5w

=
APokE &3 AP /)4 Aol BoHoln, o] 1o 4
ehaha S42 shorstar olsfshit] e 3RS AT 2

G AP -

s1d SH A= I Y YUY
E219] 91&5 HlolE= "Whale FM” ¢ AFo]E o] 371

o] A= o Tl 5, Ul QI s HollA] Hol sk 3
), S9Td, 2EE S End At
= HO+= 3-28 kHz, SH1ld &= 1-35 kHz, 2511+
1235 kilzi2 Srel 4 9100, e B4 2121 91, X
9] o= 9l 27 270 wieh thefshA HE gt (MceCullough
et al., 2021; Antichi et al., 2023; Carlon-Beltran et al., 2023).
&5 AT dol= e H= Aol gt 7o) S 5
o th4:9] 915-8o0] 7|2 Ejo] Q)i Hlo|E 7t Exfaict. upet
A e T sLte) Sl go] makE 12 w9]o] HlolE| 2
Wl o, 22te] 91 3ol 507, 407), 2374l
717}0) 31520 sk A= g yEo 7 oF 6:1:30. 2 AT
o1}, B2 91 HlolE o] aFo] FEa1X] aotth. neta, o
SEEES “Xﬂa sl Aus) A2 717 99, 3
X 85171 H?’PH 0| 29=0] Sl 12 99
o8 As 797H<z4iﬂ 2 7hel o] of 70%)% Al AN whA
A WO 05°% 212 S AAIA 37442 dlolel 2 A
on) A 23779 Hlo el ZAsL L) 3k, ZA43t Hlole]
of 7RGk leo]= W Y o] 2E 742} 0.3% 285k 5
AR A7 F74E Eo & 71 Hole g PEsgr). 3
2 A5 AgE B0 7148 ARE 247 HETY 315
, S arel 25270, 2= 1447 0lch AR 742 535t
2 29 7)ol B 09 T A A= 34
H ubd 0] oF 30%)= 22t FEare 1571, S are) 1271, 2
E28) 77jo]t}.
CNN 2 7= & sto|mmtztole 4F

2| Aol A7 Hdlo] sl ol et vt &
ofollA =& AsS W] WZel, deid 71uke] rdlo] ALg-
B3 olk. Bl 9 o7k A WA Rope] wA
EdAxr(vision transformer, ViT)o]thDosovitskiy et al.,
2020). ViTs= ofm] 2] Q14| FofolA] &7 2|1t 439 7“44-—
1 06]3= SOTA (state of the art) LA ZA| Q12 o]u| | & v %]
(patch) &9 2 W37 9 2] Y| (Patch embedding)S A ]
AE EE5ste LY E 7RIt B3 IT 2= 9yhy
21 CNNoj| B3} ] 22 4] sH3k2 7121t} (Dosovitskiy et
al., 2020; Hatamizadeh et al., 2023; Li et al., 2022). 724 A
apo] Hckz 248 o] AAOIA] J2G B 5 Urhz AL
ojulx|gt A ofs)E 2] Slgk Bk AX)7] uhgol Azt %
wtohel 7] o] e Al WIsHe S 7 % ek

CNN Zell2 2319] 29| Q14] 9 ERof Hget A8T

nlo A oofy
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Table 1. Hyperparameters for deep learning training
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Proposed model (ViT-Base Model)

Splitting data (Raw data)

Input shape (224, 224, 3)
Epoch 30
Optimization

Initial learning rate 0.00001
Mini-batch size 16
Validation frequency

Every 1 epoch

Train dataset (60%) : Validation dataset (10%) : Test dataset (30%)

Adaptive moment estimation (ADAM)

Number of parameters (Million) 85.82
A AT 718k Bdlof, 2 oju]x], H[T| L, BlAE 59 sFtH(Fig. 1b). vpA[efe.2, njtd HE7E 285 glojgof
chopel Jolol i 54 52 % BFol A45T JrkKimet  F7FHOR B4 22wy 5 shkel 924 72 (edge detec-

al., 2020). =533 Holo| A= 2™ E & T 3l(spectrogram),
2/ 12 (lofar/demon grams) bearing time recorderg}
& o] x| E5ol wol &gElen, 53] PAMS 285}
=AY EAF AT 'R H A °q—_rL°ﬂE AHEZ TS 9
2] lo]] 2 5}o CNN 7] %8 Bo] 2813 th(Kim etal,
2022).

wpeA], 2 o A Vision Transformer-Base 16 model©]]
dense layerE 37150 CNN 22218 SLAJ 31 ¢t Dense layer
= &d dEZ 02 nHo A ZE o] L2 vector EAS
DZLO] Slo] mdlo] B Al dkAto] 7|08t 4= OIE]'(Huang et
al, 2017). CNN =2 v sfo|sizetulele] ¢ yhz oz
cloket AES B9 2153t e siejeig Agsigon,
5“4”Q— g ADAM (adaptive moment estimation) ¢al2]
, 582 0.00001 2 AASHL o B &
0SS HEAAT, 5o 2% a1 249 40601
Tk sh5S f15to] 224 X224 X 3 e 2 WSSl o, A|SHE
CNN =2 §he] epoch 229 3t glo] 4+ 7153
T2 3T F epochi= 3001 13]¢] iterationd] &85+
batch sizet= 1622 3}3tt. Epochi= A to]EAlS: F ¥
si%5a1 342 ofulahol, Qube o= 3t 1| epochollA] =
= Y05 S rlol] A2I517] e, mini-batch T L)
A 2| glct. Tteration 51+2] mini-batch & &30l ARE-5l=
L oJu|3hH, epochtfjol| 4] mini-batch 7i=o] u}2} itera-
tionS1=7} AT} 2 A-tof A AIQHE CNN 2 o] A5 1t
2] €] 3= Table 1] 3 2|3}t
CNN EE” 7|H|- XI'o _"'rr 7| -I E—ql E% 75‘,'
Hot 4

b

o

H1

359 S AEe2 37 o R wgdl oA 5
dof] A3}k WA, THR S 53 S IS8 AHE
230 HEGH A o|n| XS shol 2251 ThFig. la).
FHAR, A olu| Ao o= E A|A o AHE-El= wiH A
Ef(median filter) 5 #]-8-5l0] LE|F3t o|n|X|E Sh5of A

Hﬁ

tiony& -Gl A Fub t ol A AT AlewkE FE3 ©]
12| Szl -85l th(Fig. le). 547 272 frAlsk] 9
& L= om|x[ 9] A7]= T Ut ARSI AL Fle= A
2o MA P Iy 9l A= 7, CNN 2 28 7| o] 4
Al 24 == Fig. 201 e 1.

CNN =ZElof A2t jﬂﬂ*e— AefiM= duk oz AT Y 54
ob2] W o] AR i oA dareEe] s AlAEt
317] 2J4l] uld oz i%og (confusion matrix)<S -85}

(Table 2). o] & &3l A& (accuracy), L= (precision), A
& (recall) Y Fl-Scored &3] H|n 7}t H Grandini
et al., 2020).

Accuracy= [TPHTN]
Y [TP[+/TN[+[FP[+[FN|

.. |TP
Precision= TPI+[FP]
_ TPl
Recall= TPIHFN]

Precision X Recall

o —") %
. Precision+Recall

Table 2. Confusion matrix for multi-class classification

Predictive values

Confusion matrix

Case 1 Case 2 Case 3

Case1 TP(Casel) Iy ggzzz f; iy gggzz ?;
s C02 TlCames) TPesed [(ERE)
Cased N (Cased) PN (Gaseg) TP(Co5e3)
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Fig. 1. (a) Images of Spectrogram, (b) images with median-filtering applied, and (c) images obtained through feature extraction method

(edge detection) of common dolphins Delphinus delphis, false killer whales Pseudorca crassidens, and bottlenose dolphins Tursiops trunca-

tus living in the oceans near the Korean Peninsula.

9] AolA Ate e &7 299 45S Brlek= 7 712
Q1 A3 5 shE, A glofE FollA do] Sut=A ol %
3 vl 8-S UrEbTh ¢ 714 true positives= o] AR 2 F
B BSE TAHLE 53 5 2|kl true negatives
o] AA| = Bl A5 FAHCR 53 =5 Yngitt
et = o] dup W Aol A SHEEA ASH=AIE
Ho|FA|ut, glofel o] Zefj& EwtFol & A A= A
5] 7FeHA] Sk Tl o] EAg

AHEE Hdo] 37 FHAR A53 A FollA A=
401 L] B] 8-S YelHT) o7] A false positives (FP)=
AAR = BRI ASE o] 3O A 53 5 9
njguch i e wdo] 34 Sef2ol v drpuk Hetkst
A ASHEAE B7Fske A2, 53] FP7F 527t Aol A

&St Al &2 Al 3 Sl L FolA mdo] o] 5 dut

n

U 2 gobl=AlE Uretdl= Bl&elt. 7] A false negatives
(FN)= AAIR 3421 A& ndo] RO A &35t 4=
£ Yulsi, e &2 mdlo] 3 SYAE A gL dut
U & ERe=A1E B7toles AR, FNE 2|a3)sh= 40|
F 83t gol A mi$- F-asict
3k A, Ade, A&} A Fl-scoree F2.3F

7} A2 AREEIL) Fl-score= AU =9} &80 %3} 3
(harmonic mean) 2.2, o] = X #9| %S H7|5h= | &
sttt 53], Fl-scorei= H|o|E| 9] Selj 1 ExFo] ol
U SasH e, w2 AUt YAES BF 545t
7] ole]2 A=l Al Fl-score= o|& 7] w3 & Whstod
wdlo) 5o H7HeE 4= Stk Fl-score?} 1of| 775 1
dlo] 2 2hg3ttal & 4= 9lem, 09 77k s Ad5e] Hol
A= Ao & FrErt

op Hl o



Raw data
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Common dolphin
(45)

False killer whale
(59)

Bottlenose dolphin

(26)

Data preprocessing

Sampling rate : 22050

Frame length : 0.02, Frame stride : 0.01

Sound signal to spectrogram images (249, 663, 3)

Common dolphin
(155)

False killer whale
(205)

Bottlenose dolphin

(90)

* Train + Validation = 70 %

Data augmentation

Augmentation method : Added gaussian noise (0.3 %)

Common dolphin
(310)

False killer whale
(410)

Bottlenose dolphin

(180)

Normalization and data split

Min-Max normalization

Resize image : (249, 666, 3)

> (224, 224, 3)
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Fig. 2. A schematic diagram of the automatic classification method for three whale species using a convolution neural network (CNN)

model.
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iAol AAshs HEar
2 AHERIY o]u|XE W

te] Al BAE o) golo] Fuel H4E 1
SYsioich. w3 350) Ead &g ojulAE AE
[m]Z](Case 1), v|H &1 HEIS
ds 71He

2, &9
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2 83}

= T10

2]-8-5F o|u] x| (Case 3)=
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—
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FEE= Case 1, 2Hol| A A50] &7 UrE}ki”OD# E‘%‘J Bl
2k Case 3914 43501 B 7 Vet 8k 1E Ao)xol A
S o} A=V FE T 2 AWE= Ao} v
A5t ZF Case® z2H2Fe] A3e, AUw &8, Fl-score
4F=8}SItH(Table 3). A E 2 7174 ofn] 2] 2 0 & k53t

mlm ox

Matrix(Case 2) Confusion Matrix(Case 3)

0 0 2 0
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—
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Fig. 3. Confusion matrix of predictive values with raw data (Case 1), median filtering data (Case 2), and edge detection data (Case 3).
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Table 3. The accuracy, precision, recall, and F1-score of the spec-
trogram image, median filtered image, and edge detection image
(Case 1-3)

Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Case 1 85.29 85.78 84.68 84.40
Case 2 85.29 88.22 84.13 84.65
Case 3 82.36 86.67 78.49 80.29

Table 4. The accuracy, precision, recall, and F1-score of the com-
mon dolphin Delphinus delphis, false killer whale Pseudorca
crassidens, and bottlenose dolphin Tursiops truncatus (only Case 2)

Case 2  Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Common

dolphin 100.00 83.33 100.00 90.90
False killer g6 67 10000 6667  80.00
whale

Botflenose g5 74 8571 8571  85.71
dolphin

o] gt H7h A5 Al 3= He e 85.29%, Uk 85.78%,
A E & 84.68%, Fl-score 84.40%= Utelytth njtjdl e &
283t o|n| x| &2 S5t W] tigh Hrt A A HE
= 85.29%, A= 88.22%, A &L 84.13%, Fl-score 84.65%
2 yeht, AdER T ofn]X] i 0 & k53t dlof| v]s
ZARbA o &2 AF Aottt vhHol| g2 A& 7S A8
3k o|u|z| 2] A5 A FE= HTE 82.36%, L= 86.67%, A
8 78.49%, Fl-score 80.29%= 37]¢] o]z & 714 A%
o] Wk

et Aeg Bl vyl e E #8435 BE(Case 2)0l|A]
e Fof e Ao, U=, AEE, Fl J4E A=
(Table 4). =189 A5 A= HE = U Fl-score”} 212}
100.00%, 90.90%2 L}eF o Aalr et 28 -g-0] =7 Let
U AR A= A5E ASksHA AEakgitt vhEe] S
9] A5 A E= e W QA E0] 66.67%E THE F 2L
of ulal WA Uehon, U e = o wotthE e A E
SRR @ AHsk= 47t §lolth =Y e A&
L AgE, AUe &L, Fl-score7} 85.71%2 SU5HA Lt
Epyith 37 0 7 A3= 9} Fl-score= ZF 12| ZFulc}
o] 9] B3 Aol ulet xfo|E Kl o, Earef &S 4l
& A5t A BRE] 7 e Eelskel

2ol Sof AR AIS THokst] §18 .0 PAM 7
S 8 25 AR HF ERF Al
EFAJ5}3L 412517] $lako] CNN 71418 S48 A7} ol

N
ox,
l-dl
ol
oY
rx
ml

>
ol

8- 11 QIti(Lindseth and Lobel, 2018). 1 A510]| A= =]
of|A] TaFE = Earef 3 (RE e, S e, E=aL)ol oy
gk 3]&3 Hlo|E & CNN 2ES o] 838 As AlS BR7E
Fey5lGinh. Et AW E = T8l 78] 3714 o|w| A& B34
7 Hdl 7H0] A5 Hlw skl on, A|oke CNN =2e2 ohef
3 A5 AN S AT et B3 352 A5 2
29 14 7PsA4L Belsr.

B A} A5A FE Case 2004 A= 85.29%, Fl-score
84.65%2 Casel 7} 2ol 22| QAR 714 =7 Lhebgit.
ONN Z21& Q2] dloje|o] S48 #2so] fjele shesta
2,45 48] 1S Sall A dlolE 2 o] =2E A ASHH &=
4o} J5o] B Eobd A o= olitsiylet. 18 2 A 4
ol A= A HE 7IW7HA] 83t Case 39 A5 i
oA Kt} B W 5ol UEhylth o]= &4 A& 7]H o]
s ol =5 A|AsHH ZH2te] Fatei7t 7= Sl
O] SA &= o] oA A2 & Ad5o] Wol XA, &4l
AE 7%l Azt YF 7t mo| =7} a3t E| 0] AT o] &
A EFEUS ok Jlou gkt ¢lel tishiAl= F7H4
ol AEZF FRsiet atef Fof| e s A ey, 2
=, S A= Uesth 59, JEade ok )
o[¥] 9] ¢Fie WA thE Falel o] Fup o H} fe
27 A o2 DA Yehuba] s A 27 A vehd A
o2 Yz

>.
u
juAt)
[>
:cé
oS
:
-
F>
il
jusl

|22t AR 3F A7 el A= 8
FERFE FEsHAL A Es}] 9J5t, PAME F3f =3
o[ e] AR S AT E ALFsto] mAl 2d 7|whe] ¢are]
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