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Abstract Marine ecosystem surveys record benthic community information such as percent cover within
a standardized area using photoquadrat based surveys, but automation is required because interior
delineation and annotation are repeated. This study proposes a two stage pipeline that combines object
detection with prompt based segmentation to delineate the quadrat interior in underwater quadrat
images. In Stage 1, a YOLO11 based detector estimates the quadrat bounding box. In Stage 2, the
estimated box is used as a box prompt for AquaSAM to generate an interior mask. AquaSAM was fine
tuned on the SUIM dataset. When the integrated pipeline was applied, masks were generated for most
test images, but continuity and completeness decreased under seaweed occlusion, reflections, and low
contrast, and partial omissions occurred. This demonstrates feasibility, but improved robustness and

broader quantitative evaluation are needed to reduce quality variation across scene conditions.

Key Words : Underwater images, Quadrat recognition, Object detection, Prompt-based segmentation,
AquaSAM, YOLO11

0] =22 20198 HE(WSH) MUSZE SFATMO| XS o MFHSty 7|ZsiHTs NHSLEFHATK AL +HE
|Z=AHTAIR2(RS-2019-NR040080)

WAXZL : ZA(gmkim@jejunu.ac.kr)

TAY 202641 012 23Y  4HY 202641 028 16%  AAIABY 202611 028 20

*



140 A=QEN8=E=EX| HM12¥ H135, 2026

1. M2

i AEA RAR AP s 5 AT &
AL BHof| 718keto] IQhe] @2 =9 Ao =5
HoH1l T2y ol vl&3} A7t A87 33 71 2
g 223 1 A ol| s 2AF H e} Rlkof Ak
o] wErH2]. wetA, W@Hquadray) E= A U3
“Hphotoquadrat) 7|9t FAR= HESHE HZ Q] HE
99E AT A WE 3EE(coverage) 52 53l A
AAEF(benthic community) JEE AFHoZ
7185k WAl o R E8HETH3, 4] 1Y AR B
718k B4 i S 5E 4SS Ao 89 4% &
Alo] ¥HEEo] Azt H-E Fgo] F&E 4= QItHsl
QL A om0 Al 78t 34 =5 AEstEe Al
L7t S7keta o, 2k 34 Fgo] ghds] sfi4
7] o= A2 EuE vh QIoHe]. webA,
WP ou|R oA B4 gt FoQl HE+ HRE A
FoF AL, o|F B4 dAR AAFY 5= e HA
g Asste 5ol

5 BT oA E9 S5 ARt QO HiH]|
Ao, A HA, vgd 29, 59 5o] W] gt
[7]. =9} =9 #3l, B3 w42 A4 3F 462
ASIAZ 4= Q= 8R10E AAEH(8], AFH oz vt
F7 oA ARAANE AAVE R 29 A4E
DA7} ofskE 4= Qo). mebA 25 BEClA HRETE
Ao EASH| AeiAe BT AAE A=A
QA St dfid A HEE L& WP+ HE 3
92 A=A E(segmentation)sh= EA7F B85}

. 19A9A= YOLO11 A4 A& »de 2850
Wge] vkey "ias 2ok, 29 AolAE 24
HRe Y HMAE AquaSAMO] ZEnER Qldslo] W

o)A B 7S Aath 38IAE YOLO11
3143 AquasAM A8 9 EF FEW $XY B
P14t 43I A deleol g 42 Fuet 5
I AR ARE A SPNAE 2E °
FF AT PR AN,
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2.1 4y 4 24

YOLO(You Only Look Once)= $HAF AATS
7|Rte 2 Sh= Y HAl(one-stage) A AE WAL
=, A9 oA ZRE vlg Hpach SHA FES F
A d5S FPote 37 719 AA| HE FAlolH12,
13]. 8 F27t Teoto] AATE HE 5 okt 88
A" gET 9lon 7% YOLO11L YOLOS
de=ot a8 A Aol Ak mEolrH11].
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2.2 &5 MHIE|0]M

A EE ] 59 Y ZEDES 2ANE AR nf
£ AJAsk= SAM(Segment Anything Model)2
DZEIE 7|5E AIdEe]ld T AYAR ARbE
tHIl. % EgollA= ] Ast, Ak, 21 #1355
o5 JY Fxr} A on]R|e} AJolste] 712 SAMY
A5 Ast 7ks/do] A71=qietk. ole] mEt SAMZ =%
HlolE 2 Nzt % 74 AlZLdE o] 28
7Fs?t AquaSAM A7t AFE AL, 71 SAM HiH|
F3olA W B ATE Bl vF ItH10l

55}

3. g+ 44

3.1 HIO|EAl 1

3.1.1 SUIM G|O|EAl

£ AFolMe 5 S0l 3t AlHE 1A ds
2 357 Y8 SUIM(Semantic Segmentation of
Underwater Imagery) Hlo|EAlS &-8351%9tt. SUIM
2 % AW quiEH £ 913 HlolHAl ¢ HiA|
AR A ENeH, gA @] FA0] P 425 o]
H|XE AFRIH14]. olF 7|Wte g 45 S0 ARt
Alagiglold w2 ulA] 24517] Y45 SUIM wlolH
A AA 1,525% F <58 1,098%, H7HE 12274, Al
A& 305402 H3sto] ARSIt AR viAT= &
& 5S40 g5 viB0) AH(1)LE o|xltst
Fom, Al 4 FE= o] (Table 13} At}

(Table 1) AquaSAM Fine-tuning Dataset

Mask labels ) Train Valldatlon ) Test Total
images images images

0: Background, 1:
Foreground

1,098 122 305 1,525
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3.1.2 U3+ Hlo|EA

UPT A% 29l YOLO119 ohs 9 A&%2 Y,
At A& B H AT FFoh= oXIEH
Z(ESAC Platform)®] % W7 o|u]A] HolHAlS
Z-8ok3irH14]. 58%9] onAE gHsto] 58 46
g, A58 634, APE 6FOo= oF 811117 Hasto] A
gttt AR 4 FEE (Table 2)9} 2t

(Table 2> YOLO11 Transfer-learning Dataset

Validation

: Total
images

Image class |Train images Test images

1(Quadrat) 46 6 6 58

3.2 2Y si&

3.2.1 YOLO11 MoJats

2 A3]9] YOLO112 COCO AMdSHs 71EA2 %
715kt | 9 S T HES Aol vAIRs)
At 49 s EE 640, 52 100 epochZ A5k
of FFsion, MiA A71= 82 RASHA: SRyE2

le-2, weight decay= 0.0005% ZZ #-&3}9tt.

3.2.2 AquaSAM OJMIZ=H

AquaSAM2 SAM®] ViT-B 7FsAIE W (backbone)
o & ARgstoth. 2o FE82Ql g5 {5l o]
3T 9 7SR F4oler nAd HAnE &
& o= AAsieltt. sk M SRS Qs HiA|
37] 1, & 35 315 (epoch) 2003], TH5E le-5, &
Ejuto] A AdamE A5t &4 = A4 19 4
ALt g4 919 FEEE Al s s
DiceCELossE 2853t Hdo] & npaants A
S thF ukA 3 E¥(Multimask output) F4E
Hggslelolon, AFY AEAGS At
20252 J17gskoint. AlTIHE oA WM R 9] AARRS
Azpst7] S8l olu)A] QIFTE ] &Y HdS AR Al
Absto] &-851qltt. 7 oJu| A= AquaSAMe] HAE
A-83t 5 ViT-B o[v|A] JIFHE 13] SHAIA o]u]A|
AHFS Bt olF 45 Hlol" FA(npr)l & A
Aotgint o]% s TAoAE AdE dHYE RE
sto] miAH T F T S50 B4 of it ofn|A|
A E 9] ¥y A4k AY=Fetoitt.

s54z)

3.3.1 gA

YOLO119] #& &9 L= 712 FAH2Y
v1F ] 9A(Non Maximum Suppression)& A%
T oS HA JAFolH tF WAV 2T AL A=
7} 7MY 2L 1S TEZER ARSI WA FHE
7} ou|A] AAE Holu= Aol ZFILE A0l
HgA o R o]Ro|AE s17] 9, AYH vREd o
2o] thsf oju]A] FA HE FHEE Ajtsl= 223 A

E FYo1h o]F AquaSAMS] U 4ol 9HA
2AYD S 5t AT TERER SESlth B
A IS Aol 9 = 7SR FHARE B
TR H, AquaSAM®] Wi 4 A7)0 A wglst
ek

ODEOE AN

3.3.2 OtA3 &X2|

E A= AquaSAMOZE g ZEIEO gt upA
3 F5E ARESIAL A T1Ro|E(sigmoid) BASIHE
A-goto] FEgro s HAst H, 0.59 AALE 283t
o|XZIR dl& wtAIE ST AquaSAMZ U
Ao =g ASIFE(256x256) FIATE EYstEE, A
H oA mAza: HZFH EIHnearest-neighbor
interpolation)2 3 Y& oju|x|9] AL E E5}
At ol HE DANA 5T HRY HAE V&S
2 A QR 9 002 mpAAste] B F9S I
P FHOE Algetqt. HF kAT HioluE] 3
HE Astaon, 44 vuE fs] 9&E on|x] ¢
o di& mtAIE vHEY MAFo =R st Al etel
o}

3.4 it X|E

3.4.1 XA A= Hs

E AFolME P HE B2 52 FHHes
B7kel7] 98 AE=(Precision), A&-E&(Recall) 12
il F1 score® H7HAIRE L&A 7 A #Ee &5
PH(Confusion Matrix)?] 8421 True Positive(TP),
False Positive(FP), False Negative(FN)& 7|Hlo2
At on A2 (1) 2tk
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TP

L TP B
Precision = TP+ FP Recall = TPTEN (1)
2« Precision « Recall
£ Seore = Precision+ Recall
A% A% QYOI Woboll B oS wpaS A

SN

=
st7] fgk 7 ]—E_E A1Z|%(Confidence)E ARE-3HC}.
WA 7t FE5E § B2 A5 wAT) grio] 2%
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7 F7¥ote] AUt 4As £ ot WIE & =9I
H A& AASHAT vEE FNo| F716to] AdE&
o] Z+4st 4 9tk wEbA Fl scorex ¢ ¥l w=
Aol AHEY] trade-offS WFsh= T Q9F X
IHolH, B AFofAE & 0-1 HeollA ¥stA 7| Fl
< AFESE Fl-Confidence FAE F7ldoz EA%H
o} E3h oS ATt A e 7] HA HAEE &
317] I3l IoU(Intersection over Union) A|ES =Y

ston AitAe (2)2 2o
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, _ Area(A'NA)
U4, A) = Area(A’U A) @
o714 A'E Hdo] &3t BhA J9E, A AR
2 EkA o YOSt A'et AE IoUE 7[&2
2 11 wAst, & dFolA Ags dAGE r=0.5%
71% IoU7} rolArl H%% P, MiA=A] 2 o

FP, Wi =4 2 A HAE FNez 49

3.4.2 MOHEHOM skE K&

AquaSAM HARAA = dE mtAT M3 Hd
utx3 MO 99 54 Z=E vHIs] Y8l Dice Al
£ <5 A EZ ARSI Dice AleE (3)3) 2ol &
=t

1o

2| M0 M|

DZ.(,‘E(M/, M) = m

®

E AFofAe Dice ASS mAk AMEZT(Cross
Entropy, CE}E Z¥%t DiceCE €48 FHAsloles
58 stk g% B9 A2 DiceCE &4
TA9] Zha 9 9 S Bl RISk Egh &4
Tr2e A AAS 94 999 HEEE Al

1#5}7] 98l DiceCELossE &H8-519ich

te
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= 9 22 ASL Ubuntu 22.04.3
LTS 3ollA =3ttt 7k Aol= Python 3.10&
Argstdor 93y IHYYAE torch 2.5.12 Fg
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4.2 Hot Hxt

AquaSAM®] ulA| 272 Dice A5t 24} AEZLT]
£ AYT DiceCE £4Z HAslol= WA 0 & 8155}
ot ghE 1739 /8L o231 DiceCE &4C
W3} F0]& Fofl EAsHATt WP AIF olw|R]of of
sixe g4 = A AT ASEA gof 5 ot
ojmeele] £3 Adte AT A& AFE Al AAHHe
2 EAsieitt.

YOLO119] 3+ A% 452 AI¥
tisto] of & BfAct Ao BrAE H|wsto] Brfeleitt.
loU Ak r=0.58 7I€2= 1:1 WAS S3sto] TP,
FP, FNE %A 9J5}al Precision, Recall, F1 scoreZ A
Akttt St Confidence YAIF c& 0914 1714
HSIA71H ZF AAGelA A= 27} sid dAZE gl
dl&at Hrlo] 235 F SU3E i AAE Fl score
£ AFESIY] Fl-Confidence JA1S E&3I3T} vpA|9t

oJu]] 67g]

ﬂllﬂl 0

o=, B voluelel Brke FUT A oful o]
s} YOLO11°o] A&%t vkd ¥AE AquaSAMe &
EES gasie] §5 Audold oieag 45T
o, A% 43 olf % vpad Y4 R0 Y 2
et

43 MY ZM Y 24

431 I:ilo:l?. 7—{’< 74‘l|.

£ HojAE YOLO1l 7|4t %3+ AE s
YOLO11-AquaSAM £3} mpo|Zelelo] HA Aue xﬂ
Algit), F5A 02 &Y ojux] A4S Yalez A
52 wrretgieh. mlH24E YOLO119 % ag
52 AF olulA] 6ol sl BAsHATh Fig 12
Confidence AFEZ WHIAIZIHA A3t Fl1-
Confidence A& Uepdch AAZko] W2 F1tolA
£ @7l BPEE A% wrao) 471 BTlelo] AR
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o] ZtAaste= Aol Qlof A@Eo] A=A, Al
L2AE0] F7Iste] HL=7t Aok 5= ek wHE
Algkel EoHd4E &2 Fasht v Ee] F7Ist
of A@go] 74T 4= 9lor, olHT FUre} AdE&
9] trade-off2 3} F1 scorex= YAgk] =t Wslst
ot & Ay #H9olAE confidence 0.834 FollA

F1 score7} Fdigks E3em 1.000] ==

F1-Confidence Curve

—— Quadrat
—— all classes 1.00 at 0.834
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[Fig. 1] F1-Confidence curve
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[Fig. 2] YOLO11 quadrat detections on 6 test images
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[Fig. 3] DiceCE Training loss curve during
AquaSAM Fine-Tuning
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[Fig. 4] End-to-End results of integrated pipeline
(YOLO11+AquaSAM)
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