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3% — & Faster Region-Based Convolutional Neural Networks
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RIEZE MBI Bk ¥ 0 Faster Region-Based Convolutional Neural
Networks (Faster R-CNN) [22]#2 You Only Look Once (YOLO) [23]~& v #& 3 B4,
R A M HE B A B ARARBIAA B M B AR R B A SR e AR
e H A2  BHAREBUAREEST N FBEE £ E - Faster R-CNN &
Region-Based Convolutional Neural Networks % 7|89 5% = X 2R A > L ZE2AET o
HZBEEHE

1. & F U3 BB 48 (Backbone) © Faster R-CNN 89 5 — 3 & i@ 18 A fh ¥ 48
% (ko VGG16 2 ResNet)REUMARL G FHME - E—F AKRGHE A

RETHRREBLEL -
2. BIRIEE A R4 (Region Proposal Network, RPN) @ Faster R-CNN ¥ &)
AIFAERFIN RPN » & FHFEE b 4 A — A E AL 0912 B4R -

® Anchor #%#]: RPN 4 A 183% 49 Anchor 1E ( £ MBI R E ) R
R B AR #) % AR -

® Bounding Box Regression : F] BF 2 H A LAY B2 R AT R AR B
1% o

® —JEfEFR; RPN A X HEZBRIERXFT LMW (ATF) FF -

3. Fast R-CNN 48] 3% (Rol Pooling) : # RPN 2 e41%EAEE —F itk :

® &% Rol Pooling » #§1Z ZAZ B4 2] B € K/ HLE -
® JER AT (BARER) AEEF -

Faster R-CNN éﬁ#’*rgéﬁﬁ*\ﬁﬁﬁﬁ% s BNE B RE R R ﬂ‘é*ﬂﬂﬁ(iﬂlﬁ
BREELIH BETLHE4ARNER KAMREARE  BERTES
#BH LHEZ RPN é@ﬁil&#ﬁiﬁké@éﬁ@l‘%’ﬁx o 22 48tk > YOLO( You Only Look
Once) B7 — & BIRMAEE - §ARD BRRANRE - HERRMELT

1. WERE -4 YOLO #H BAZRAAAE - @A AEKY
142 BAZ0: 2 RAE A TR - REEARE LRI NEERBARY
BR o

2. W

® WHE| AR IE A SXSHEK > BEMEKE ERARESEEN
&) B AR °
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® LIEHHY  BEEKHEERELH (PO -R-F5) BEREAES
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3. R HE YOLO #9BB A SV LA THE VERFE . - » B LA ER
BHRK W UBRFEAREEEMEFER SRR -

#& 1 7] Faster R-CNN $2 YOLO #9454k © YOLO 8945 B e 703 BBk
S B % D E S E Y YRS %AWﬁﬁﬁ%% 24 1 A B AR B
HAN OB RERBRORAERAAR - 2 FRRERNE IR ERI DA
(ho B F REE WA 5 ) > Faster R-CNN &9 R & £ - 47 AHF P76 A 6948
B HnhEEhe EE M SN E M > BHIL4E A Faster R-CNN £ A3 4

# 2 Faster R-CNN ¥ YOLO &4 4F M th 8%

A H Faster R-CNN YOLO % %1

ZEAEFAR | W % & (Region Proposal + | —Ff& ( A#AR])
Detection)

RE % (% % SRR E) (B R AT @ 1545 PP =T 52 AR)

M DUFR AL BAZMAI L) | AAHEK > AHE AR RR

WRAGR HEZRGNGEZ HlwoE | EHERA A EE -EBEL4
2 BB LM
WERRA | H(FEZ 4R RPN Fuyp a4 | AHEIK B —H&I4RE T % A&
4)

=8 Focal Loss 48 % &%

FHBERKE 5 7 8B A (2 no signal)#y 4 £ > Focal Loss A AEHE E
ZHIRE U R 5 R EMH D IR A R A ) 0 A BRI AR
AP EH % ey &I o Focal Loss 89 B R4 T

AR

U BB EEENA vy BAH TEE ) WRARKE Ap - T &A:

_(p y=1
pt—{l—p, y=0

B4 =R XA —logp, * Focal Loss 7t b3 e F i N8 B 42 B F -
FL(py) = —a;(1 — p,)"log (p,)
HFy >0, focusing parameter * =% " BIpE A, AN E > a, €[0,1]
class-balancing weight @ IR R -F4r (FHMHA/EBRLEBRKRY a) -
PR B RER  p, o1 Bl (1—p)” €M1 00 B TR HK
A é’J’fE %@#%E%&K’FW'F%% s mEEEEAAR (p ) o AERERD R
HRELYE c AR HEHE Raybi > BA A T4HME
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®  Fiktk (over/under-sampling): 7T 8L & K P47 > {2 °T it F B iB# & R EF E M
FocalLoss R EM o > BRI B AEBEEmE > ER/CHITFERE -
® FAFIMEFE X XM (class-weighted CE) : #4& " #8%| , ¥# £ ; Focal Loss i
— S IREHGREMBARBBAY) £ L mEeL 55k -
® OHEM : #:#PE R 45 A ; Focal Loss AEBEM EIL > T ~ 5 BT ~
TR E -
Focal Loss ¥4 E R FHE BRI A  BEBRERSHOGEH aHRAT
o RV HERAGEEBR - RGO BEEAIEE R EESHBRA
Ro& R AERIE - AL THy T HEMBE RAL CE Sfe—ERERT &
FRBISEEZEH A 2R = S8 ARA - 58 (%L
Focal Tversky ~ Focal Dice) % B ° Focal Loss= X XM *RABFAAREE 8 8H
AR R AEHEE AR FEFRT IR TR EEZ R A L
BT R B et REEMZIL -
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F=F AEAR

B8 FAHATRE
b KR EA BB TR REBY B ENEAEFILRE T ERHE -
B THAEGBRROMES RN ATARMBEFEZT S REIA - AT By
FAEB B AT A ERS BN F ik 0 ATAZ L ER IR 6 B AR & #E0F -
BERTAFHERRADGE TN YR GREEE &8 A5 ad
TR EEHFAETE - Bt RFEARE LE R 709 E IR
WA ERBEAR > BHAEBGLBAIAARRITE KR o) AL EE
(Fast-RCNN)EATA B & 4 o R RTEIF > EH T 34,000 18 > 85K 5B 2 (848
£ A aiff) BEAEEEA REFES 2kHz S F TS AR ASEUNE L
255x255 .png ®1% 0 HKikE % Tfrecords # X A hutk GPU RIZe9RE - L
Tfrecords #:4#%# Faster-RCNN > A #& F 2 B A7 & BGEITH 4 ©
Y TR T A R :

(b)
7T BB AES S QLR bR (oK

#—& £1{EHA Focal Loss ¥ A& %

R RE 542 R BT & F B4 ReyMEAE o 1) ko B 28 (Accuracy) ~ W3 B
(Precision) ~ F 78| & (F-Measure)#v 3 = & (Recall) ° 51289 € H 4 F -

Precision = e @
TP+ FP
Recall =TPR = e ®)
TP +FN
F1 — Scope = 2TP @
2TP+ FP+FN
Accuracy = rh+TN )
TP+TN+ FN + FP
TN (6)

Specificity = TNR = TN+ FP
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H 4 > FP, FN, TP #2 TN 4 %] & False Positive * False Negative * True Positive Fv
True Negative -

BEERHAARATREG T EFETT G- HoRRRNEEYE - AT
RBEEF R T RTo@yH S RwB 8 i~ BB EEFR A 36% HARRR
15 > [EmR AR EEAAE R R EHBERIEME

precision recall fl-score support

no_signal 0.67 0.50 0.57 20

ship 0.35 1.00 0.52 20

whale concave 0.21 0.25 0.23 20
whale_constant 0.40 0.10 0.16 20
whale convex 0.30 0.35 0.33 20
whale downsweep 0.42 0.42 0.42 19
whale_sinusoidal 0.00 0.00 0.00 12
whale upsweep 0.00 0.00 0.00 12
accuracy 0.36 143

macro avg 0.29 0.33 0.28 143
weighted avg 0.33 0.36 0.31 143

8 k1% A Focal Loss Z &R fa 8 & R
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Training and Validation Accuracy

0.6
0.5 A
0.4 -
0.3 A
\/ —— Training Accuracy
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O Y| 4R SLER T R FE M
Training and Validation Loss
—— Training Loss
140 A —— Validation Loss
120 A
100 A
80 A
60 -
40 -
20 A
0 -
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11 HRAERSH  TURBHE HBABFRERELHES (85
far B HF) B TARA A ship o H A A KV whale upsweep Fu
whale_sinusoidal > B A 72 & S A PIBR(EER L 0) ML ZBWEE > wEE
HERRERFH > FTHBEAINRKEL -

Confusion Matrix

20.0

no_signal n 7 1 0 0 2 0 0
17.5

ship - 0 0 0 0 0 0 0
15.0

whale_concave - 1 2 5 0 0 0
125
< whale_constant - 4 12 2 2 (o] 0 0 0
Q
©
— 10.0
[
2
= whale_convex - 0 2 8 0 7 B o] 0
-75
whale_downsweep - 0 7 3 0 1 8 0 0
- 5.0
whale_sinusoidal - 0 4 2 0 2 4 0 0
-25
whale_upsweep - 0 3 3 2 2 2 0 0
' i ' ' ' ' ' ' -0.0
® a o < x % = a
g 2 3 5 ¢ 3 3 g
o “n o i c = ) =
[ c c o o ) @
o' 8 8 bl g 2 =
< ! b 9 H @ >
<@ (] © S 1 o
© © £ | Q2 ©
< < H [} © <
s B © < H
< 2
B

Predicted Label

11 & ¥ A Focal Loss Z 4% R0 % 46 [

E =% 4EA Focal Loss & %

FHBFRKNE S 2 AR AR (2 no_signal)#9 4 F > Focal Loss B A4 &
AR L EUE 5 RBEH D QR AR a7 & ) WA BRI AR
WMARFHERE LR - y(RELH) KX TH 20 CRANAG S »HEE
A ERRRE (B E)RMRX LA 025 AN-FHEERRG EEM -
A% B R APREMEOANIER FERRBT > ARXEPFHEFEED 0817 -
) R e B T 4R & &7 & 7 B (whale constant) 89 4% 78] % b 4838 85% A T HAE %

E o BRRET] °
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12 o= T RRI#ER K0 (100 ~ 60 Fv 15) EAR ey datEse - B EHR
Ao BERINGREE T EMAERIAEG FHEUTERELERTIHE - B
T ABEAR D AR P 7 Rk I By A AR R 5k A o AR AR IR 0 SRR A BB 8 5 AR
BAH RIFHFLAE - FAE OB A RLEES 1 4 99% (JNRE) ~96% (B
TE) AT BRI AL 60 18 epoch £ EFIEE 0 BIMAIES] | BRFEIE kIS
o BASE RIAFEYIZABEE S o

Confusion Matrix

no_signal - 43 0 0 2 0 0 0 0
120
ship - 0 45 0 0 0 0 0 0
100
whale_concave - 0 0 0 3 0 1 0
80
_ whale_constant - 2 0 0 43 0 0 0 0
2
o
)
[
I~
= whale_convex - 0 - 60
whale_downsweep - 0
- -40
whale_sinusoidal - 0
-20
whale_upsweep - 1
1 - 0
>
<
%\Q
é)/

Predicted Label

12 A Focal Loss Z A AR F 4B &

17



FwmE &%

ANA P B B R R A4 ASASE B 0 A A Faster R-CNN $2 Focal Loss #
FRAKESREARMYOEET - BRIIFRETRT SEHE (598%) oy &5
B RiE—FERT &R EFLHE @I o Focal Loss k32 A -F47 & 44 69 813
Fo AT ER BB -

K5 2050 FE S R ARBEBREE > EEFNBEABLERGEETR
BEHEHAR ME > AR B ARRUAE ~ A THEET) Bl - AMREFES
RHRIEE > ERF R c AM AR RAEM T k> AT BN £ HIEK
BR— RN T EmIIERAGREERT - UAARARF A RESLEH
T 2 B S KT A B e R o R R A 4 618 A
TAH BB SHAMOAEAGERERETA TAERIEBEIRZ TR - UARRZ
Bt 50 A% R T R AL BUR AR B a9 AR AR A S

B

AP RAAER ZGHRETEHBEEREKRT
RFFBH B Bk ~ ST S RSB R B
MBI E -

2T B T R IR
L NS I B NI

N

% 4

[1] M.-N. Havlik, M. Predragovic, and C. M. Duarte, “State of play in marine
soundscape assessments,” Frontiers in Marine Science, vol. 9, pp. 919418, 2022.

[2] T-H. Lin, T. Akamatsu, and Y. Tsao, “Sensing ecosystem dynamics via audio
source separation: A case study of marine soundscapes off northeastern
Taiwan,” PLoS Computational Biology, vol. 17, no. 2, pp. €1008698, 2021.

[3]  &EIAERF . "EIERKANER 2025 FHARREETERRE."

[4] HefrF. "hode | REBRERAGHEME S —— K PHEERE TSRS
RA4," 10, 2025.

[5] B. Mishachandar, S. Vairamuthu, and B. Selva Rani, "ldentification and
Recognition of Bio-acoustic Events in an Ocean Soundscape Data Using Fourier
Analysis." pp. 275-284.

[6] F. F. Dias, H. Pedrini, and R. Minghim, “Soundscape segregation based on visual
analysis and discriminating features,” Ecological Informatics, vol. 61, pp.

18



[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

101184, 2021.

P. Ratilal, S. G. Seri, H. Mohebbi-Kalkhoran et al., "Continental shelf-scale
passive ocean acoustic waveguide remote sensing of marine ecosystems,
dynamics and directional soundscapes: sensing whales, fish, ships and other
sound producers in near real-time." pp. 1-7.

B. Beckler, A. Pfau, M. Orescanin et al., “Multilabel classification of
heterogeneous underwater soundscapes with Bayesian deep learning,” IEEE
Journal of Oceanic Engineering, vol. 47, no. 4, pp. 1143-1154, 2022.

B. Mishachandar, and S. Vairamuthu, “Diverse ocean noise classification using
deep learning,” Applied Acoustics, vol. 181, pp. 108141, 2021.

L. Zeng, B. Sun, and D. Zhu, “Underwater target detection based on Faster R-
CNN and adversarial occlusion network,” Engineering Applications of Artificial
Intelligence, vol. 100, pp. 104190, 2021.

M. R. Ruiz, C. Rossi, and J. A. Esteban, “Fin whale pulse detection with deep
neural networks,” Ecological Informatics, vol. 77, pp. 102243, 2023.

Y-Y. Fang, C.-Y. Shih, M.-R. Zhong et al., “Study of the underwater soundscape
in coastal waters of Hsinta Power Plant,” The Journal of the Acoustical Society
of America, vol. 154, no. 4_supplement, pp. A275-A275, 2023.

W. W. Au, and W. W. Au, “Characteristics of dolphin sonar signals,” The sonar
of dolphins, pp. 115-139, 1993.

T.-H. Lin, H.-Y. Yu, C.-F. Chen, and L.-S. Chou, “Passive acoustic monitoring of the
temporal variability of odontocete tonal sounds from a long-term marine
observatory,” PLoS One, vol. 10, no. 4, pp. e0123943, 2015.

R. Ferrer-i-Cancho, and B. McCowan, “A law of word meaning in dolphin whistle
types,” Entropy, vol. 11, no. 4, pp. 688-701, 2009.

R. A. Smolker, J. Mann, and B. B. Smuts, “Use of signature whistles during
separations and reunions by wild bottlenose dolphin mothers and infants,”
Behavioral Ecology and Sociobiology, vol. 33, pp. 393-402, 1993.

D. K. Mellinger, K. M. Stafford, S. E. Moore et al., “An overview of fixed passive
acoustic observation methods for cetaceans,” Oceanography, vol. 20, no. 4, pp.
36-45, 2007.

L. TH, “The application of passive acoustic monitoring for studying Indo-Pacific
humpback dolphin behavior and habitat use off western Taiwan,” National
Taiwan University, 2013.

C. Bazta-Durdn, and W. W. Au, “The whistles of Hawaiian spinner dolphins,”
The Journal of the Acoustical Society of America, vol. 112, no. 6, pp. 3064-3072,
2002.

Y-Y. Fang, P-J. Sung, W.-C. Hu, and C.-F. Chen, “Underwater noise simulation of

19



[21]

[22]

[23]

impact pile driving for offshore wind farm in Taiwan,” Journal of Theoretical
and Computational Acoustics, vol. 28, no. 01, pp. 1950009, 2020.

W. J. Richardson, C. R. Greene Jr, C. I. Malme, and D. H. Thomson, Marine
mammals and noise: Academic press, 2013.

S. Ren, “Faster r-cnn: Towards real-time object detection with region proposal
networks,” arXiv preprint arXiv:1506.01497, 2015.

J. Redmon, "You only look once: Unified, real-time object detection."

20



