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Abstract: Underwater computer vision has emerged as a critical enabling technology for advancing marine scientific
research and ocean engineering applications, attracting considerable attention from academic and industrial communities in
recent years. However, compared with terrestrial imaging, underwater imaging presents unique and formidable chal-
lenges, including light attenuation, color distortion, scattering effects, and equipment limitations, which together make
underwater computer vision tasks significantly more complex and demanding than their land-based counterparts. The con-
struction of large-scale, high-quality, and diverse datasets serves as the fundamental resource for advancing underwater
computer vision technologies, with their quality, quantity, and diversity directly influencing the training effectiveness,

generalization ability, and overall performance of deep learning models. For a comprehensive understanding of the develop-
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ment trajectory, advantages, and limitations of underwater datasets, this paper presents a systematic survey of representa-
tive underwater datasets currently available in the research community. The survey encompasses three major domains of
underwater computer vision, namely, underwater visual enhancement, scene understanding, and 3D reconstruction, pro-
viding a holistic and detailed view of the dataset landscape in this rapidly evolving field. In the underwater visual enhance-
ment domain, we carefully analyze datasets specifically designed for image and video enhancement, color correction and
restoration, and super-resolution reconstruction. These datasets directly address the fundamental and long-standing chal-
lenge of improving underwater image quality, which is a crucial prerequisite for enabling reliable performance in subse-
quent high-level vision tasks. For underwater scene understanding, we systematically examine a broad set of representative
datasets across multiple core tasks, including object classification, object detection, semantic segmentation, instance seg-
mentation, salient object detection, camouflaged object detection, and long-term object tracking. This comprehensive
analysis clearly reveals the gradual progression from basic classification tasks to complex and integrated multimodal under-
standing challenges. The classification datasets have evolved from image-level classification problems to fine-grained spe-
cies recognition involving hundreds of distinct categories. Detection datasets have expanded from relatively small-scale
image collections to extremely large-scale benchmarks containing millions of bounding box annotations. Segmentation
datasets have progressed from coarse pixel-level annotations to precise instance-level masks enriched with multiattribute
labeling and contextual information. In the underwater 3D reconstruction domain, we explore datasets related to simultane-
ous localization and mapping, neural radiance fields, and 3D Gaussian splatting technologies. These emerging datasets
reflect the growing research interest in comprehensive 3D scene understanding and reconstruction within underwater envi-
ronments, explicitly addressing challenges unique to marine settings, such as severely limited visibility and unpredictable
lighting. Through an in-depth analysis of existing datasets, this survey highlights and reveals several significant develop-
ment trends in underwater computer vision dataset construction. First, dataset scales have expanded dramatically from hun-
dreds of images in early collections to current million-scale datasets, demonstrating the research community’ s recognition
of the critical importance of large-scale data for training robust and generalizable models. Second, annotation precision has
gradually evolved from coarse-grained image-level labels to fine pixel-level segmentation and multiattribute annotations,
enabling sophisticated and reliable algorithmic developments. Third, task complexity has progressed from single-modal
classification to multimodal fusion and even general foundation models, reflecting the increasing technical sophistication of
modern underwater vision applications. The survey also identifies the adoption of automated annotation techniques as a cru-
cial development in significantly reducing dataset construction costs and human labor requirements. The successful applica-
tion of advanced models, such as the segment anything model , across multiple representative underwater datasets clearly
demonstrates the potential of using powerful pretrained models for efficient, scalable, and semiautomated annotation gen-
eration. Moreover, multimodal data fusion has rapidly emerged as an important trend, with new datasets increasingly com-
bining RGB imagery, sonar data, textual descriptions, and additional sensor information to provide rich and comprehen-
sive scene understanding capabilities. Despite these encouraging advances, our analysis reveals several critical and persis-
tent limitations in existing underwater datasets. Geographic coverage remains heavily biased toward developed regions and
easily accessible coastlines, with insufficient representation of tropical deep-sea ecosystems or polar marine environments.
Species and scenario diversity is still limited, with most datasets focusing predominantly on common marine organisms and
typical water scenes, while coverage of rare, endangered, or cryptic species and extreme environmental conditions remains
inadequate. The lack of long-term temporal data severely hampers the ability to monitor dynamic ecosystem changes, as
most existing datasets represent short-term snapshots rather than continuous longitudinal observations. Annotation stan-
dards also vary significantly across datasets, with inconsistent quality control mechanisms negatively affecting interdataset
comparability. On the basis of this analysis, we propose several promising future development directions for the underwater
computer vision dataset community. The construction of large-scale pretraining datasets will become increasingly important
for developing universal underwater foundation models and accelerating advances in self-supervised and weakly supervised
learning approaches. Synthetic data generation technologies, supported by generative artificial intelligence techniques,
hold great promise for addressing data scarcity challenges, particularly in the representation of rare species. Cross-domain

generalization capabilities require the design of enhanced evaluation frameworks to rigorously assess algorithm robustness
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across different geographic regions, temporal periods, environmental conditions, and equipment configurations. This sur-

vey ultimately provides underwater computer vision researchers with comprehensive dataset resource references and devel-

opment insights, thereby facilitating deep technological advances and broad applications in marine scientific research,

ocean resource development, sustainable fisheries, and marine

environmental protection. It will contribute to the gradual

construction of comprehensive, high-quality, open-access, and standardized underwater dataset ecosystems that will pro-

vide robust and enduring data support for advancing human understanding, exploration, and long-term stewardship of fragile

marine environments. The link is https://cstr.cn/31253.11.sciencedb.j00240.00173 or https://github.com/Linzy0227/UVD.
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Overview of underwater vision data acquisition, processing, and application workflow
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Fig. 2 Paired instances and unpaired instances
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of the Conference and Labs of the Evaluation Forum)
2014 41 & FUSF 51, Marine_PULSE . DIDSON = F fill
A INERE 35 A KR AR BIME 55 o FERRTE

F 5 5 1, FishCLEF 2015 32 {1k SEHE AR 1 32 HRKG:
IFN 43 236 B0 25, WildFish++3 & T SCAR 4 52
FrZ 2% 2], CADDY (cognitive autonomous diving
buddy) 7 41 $& {1t T $ L AR 1 3 HF ANLAE BB
8o SR, 22 BOEHE AR B = Ji PR Zbn v (AR oR
AN ATRPIRAS EERRIR I ) | B T 4R 3 i AN AT
FEEI KR,

IS 1 25 5 B 35 50 ) 3 AT 55 IO MEBE . 7T
BB RELE (U1 MLC  FishCLEF 2014 ) 78 HJ#7f 25
A IR TR O R 7 JE A R PR AR | MG e {H 3F

®2 KTEGSERBIEELLS

Table 2 Summary of underwater image classification datasets
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" , o / I s
HolR g e T
o<
MLC(Beijbom %5 ,2012) U 20551 9 RGB EIf% R BN

) ,, st , , PR + .

FishCLEF 2014 (Joly %%,2014) 10 251551 24 20 FA5 15 FA . Tt
NFAE
) o o L _ PRE + .
FishCLEF 2015 (Joly %%,2015) P+ 8 >20 000 i - RGB 1% . st
FAE
NCFM ol 169150 8 ROBIEZ G minms R
(FalkSchuetzenmeister 2, 2016) o o
WildFish(Zhuang %¢,2018) fi A 54 4591 1 000 RCBEMG KRS bR% A R85
DIDSON(McCann % ,2018) R 5 524 F Bt 8 EAGEIE Ykhbrgs RIS
CADDY-Gesture(Gomez %5,2019) FHGHE 16 381 X} 15 ALNELE FRIR% PR + Pt
CADDY-Pose(Gomez %:,2019) gl 12 708 % - rREUR +IMU  RIERRE R + Pk
Fish-gres(Prasetyo %5 ,2021) eS| 32481 8 RGBEMG:  FEUR9hR%E 2854l
SEAMAPD21(Boulais %,2021)  fZR4Rki RS 28 3281 130 RGBEMG  EUREHRZE IR 15~200 m
WildFish++(Zhuang %5 ,2021) S 103 0341 2348 RGBEUZ+3UK  KAIhr% 7 A
CoralNet(Chen %% ,2021) WIRERS 271700000108 - RGB 1% F bR A BRI At
NaturalistFish,g wANAE  S4006 369 RGBENZ  EURMEE  FIASE
(iNaturalist,2021)

. k N - s+ .
FishNet(Khan %5 ,2023) ZALS YRS 94 7781% 17357 RGBE% S IE 2Bk
Marine_PULSE (Du %,2023) ERR B 627 g 4 (UES Pzt Fobnss I LRSS
SeagrassFinder( ElsaBer 25,2024 ) TR 8 500 i 2 RGBER oy dpnss Al
NKSID (Jiao % ,2024) FRERERS  26170F 8 AR I K% T R AR
AQUA20(Fuad %5,2025) PR AU 8 1711 20 RGB 14 Hbrss SRR AR SE
UVSRD(Saquin%§,2025) K E SR 33 800 i 12 KFESER FE520 KTFEGFESR

B B E EESVAY ‘I VALY
Seatizen Atlas(Contini 55,2025)  KMEAERHUN >1 600 0001F 51 RGB [E{% L% pg{iﬁgﬂ&

T =R B AR
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B2 M EAT IR o B A B B8 50000 4 (40 WildFish
iNaturalistFish,,, ) 78 55 2 BRA A K8, 410 & Z2 Fh R85
S AR R BT S 24855 AR TEGIRR I | (R D
Fo I H PRIORI S5 )R . 1 i B 455 £ic4f 4 (2 DIDSON
7R . SEAMAPD21 HR I 15~200 m £ #ii ) ik
FEIRS G, P W T A) DL RS PR, TR R A
AR JZ B CIEFNE ) 25 . Ted st 485 m,
215 5 B 45 (A Fish-gres | iNaturalistFish,,, ) £
Foa A IR A A YA ST, LR E bR |
Z AARSEAF S IR 00 , ST SRy 37 5t (H 73 26X
JE RN AR A0 Bl 2 3 S (U AP s
i gl SRS MR -GV T = B SR A 2
2.2 KT EREN
2.2.1 KT HARKI AR A S Ah

K H BRI A A SR U G i H bR 2
i T AR N AR R P A S A B 502k
55 AH L L A6 AT 55 % K4k £ b 1 K 32 5 5 1k
P TR R R, T B A X A E AR S S A v
30 FRERR I o BB TREE 2% ) H RS AS I 5312 14
Ji& WG GUB I T A X KR 7 5 R G R
P A AR . AR A U T 5 5 0 5 R B AR T
A KT B ARAS I K4 4R 5 2000 o v A A I
KON ARt A ) g 7 IR R DL BOK R Bl A
SRS B ES LA OK T A
B A 80k B9 25 96k S PR RE PP AL SR AL T OC AL
P S WHES) TR R BORTEIF R AT RS ER
SRR SRR AR IS 7 T A TR A A 5 T2 B
o AHRBHREN SIS RIL S W 3,
2.2.2 phr5ihe

BATKT ARSI Kt S Ay Pl i B 1 52 3
PR o3 Ak o RO 22 ) B Z0 4 4 B0 FathomNet
(2 244 2 ) . OBSEA (observatory of the sea) (3025) |
MKUO (marine knowledge-driven underwater organ-
ism) (84 28) w1 & A E WA  (HAFAE ™
AR [ WL AR T TR Y)
FPREA I /b, T BRSO ) A ) 7 e AN A2
/N B AR L B 4 W UNO (underwater non-living
object) (138) RATHEAES B MEFEA )
A AR YA, 3 5 e HIAS I g8 1 2k o DAL 37 50k
7, Il AH G HCE £ (AN Brackish , WildFish++ ) ]
TR AN B R B2, A SR B s AR (T
OBSEA . RUOD (real-world underwater object detec-

tion) ) B G TE A= ¥ 22 RE R TR N A A (A
SWDD (sea waste detection dataset) ) £ X} ¥ 1 557 3% |
KNS AFARAE ) H bR o S TAY 32 2Pk A2 AT 7
TRAF P o Z2 A ) (] R P07 28 ) A, RO 5 20
BU R4 €17 N O e W 7 e SR e o SRR
Wi AT IR REAS

TEARTENG B 55 AHORLIE 7 T, 300 S AE A E 50 4
( U OUC-VISION (ocean university of China vision
dataset) . Brackish, URPC (underwater robot picking
contest) 1 ) bR R m H Bk Z R RGNS, 524153
F A5 1 £ 45 (U0 UATD (underwater acoustic target
detection) \SCTD (sea creature target detection) ) $ fit
RPN, b TR B2 E A B0 38 &
LRSI IATE 55 . RS ARTEEE 5 (10 Fathom-
Net 19 K% + #L45 + 75 1 UXO (underwater explo-
sive ordnance ) [ 75 2% + J%% | Aqua-Eye ) RGB + 3¢
MWD RS T AR IR BOPRUE , SCR 2RISR GG
I B ORI 5 T, S RS 8 A 22 SR RDREDRE 2 26
S AN Aa28” AR ) | I RO AR ) R
5r2%&. BN, FathomNet SZRFYI AR, MKUO X
3 84K AW o BRI, HHVRE FEBR R 75 2 L g v
AW P N A i, B T — oMt SR LR
IE. FR BRI SR A T R R T, SRR R
PRI 2R 55 A B 1) DI 3 BT o

P55 2% ) 22 e 35 R MR AL DM A 95 O MR
Z Ak 3 55 K B 4 (41 DUO (diverse underwater
object) \RUOD ) B i A [A] A8l 8 B2 RO R & A, VI
SRR 2 AL RE T T o 5 R E PR A 4R (1 VDD-
C (visual detection dataset-controlled environment) .
URPC #41)3 5e 8o —  RERITE H A PR BT h ML T B
WA o 98 R B AR 01 O T IR 3 5 - OUC-VISION
E X} 52 AR BRI BE |, Brackish ¢ 7 AN 6] B 4514,
DUO #1 UDD (underwater detection dataset) {1, 7 K &
ANRUEE F R o SR, BRAT B H50 40 5 X A it 8 1 2R 5
(> 200 m) B 37K 4855 it U 2 17 A9 B A3 9K ™
AN xR s AR S (A HE e sh iy f A KT LAs
N e BUSAT ) B s AN 2, X S 37 5 I B R A 4
U DN NP S SN 2 e
2.3 KTEESE
2.3.1 JKNIE OIS

KR o E A R P MR R T BORS
WA NAR S, DTS2 AR R K7 S b . TESE R
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Table 3 Summary of underwater object detection datasets

Sl EHkm M Kﬂf& L PR A
Fish4K-Complex(Kavasidis 55 ,2014) Z 250k 14 905 - KT R P FHE AR TR
?Cbn”;;msj the Wild AR 43070 - R e EA
OUC-VISION(Jian %,2017) WEEMERET 4 4001 220 RGB &4 1 5HHE TR IR
Brackish (Pedersen %5 ,2019) WY 14 6741F 6 RGB &4 i FAE YNGR
Trash-ICRA19(Fulton Z5%,2020) KR BRAGI 7 6841 3 RGB 1% 1 5HHE ARIK T 5
VDD-C(De Langis %,2020) WK BRI >100 000M8 - RGB L3 FAE VKl + R
DUO(Liu%,2021) /NEFREI 7 7821 4 RGB K% 1 HE ZHALK T Y=
UODD (Jiang %5 ,2021) S BRI 3 19415 3 RGB % P FAE B AR H
URPC2017(URPC,2022) P H BRI 18 640 i 3 RGB B4 1 5HHE P JGE IR 5
URPC2018(URPC,2022) P HAREI 3 701 0% 4 RGB &% 1 5HHE FGEWI,, 25y PER
URPC2019(URPC,2022) PHCHFRET 5 786 1 4 RGB &4 i FHE TG, =5 5 R
URPC2020,,(URPC,2022) PR E BRI 7 543 15 4 RGB &% HIAHE R M I
URPC2020,, (URPC,2022) PR B PRI 8 975 % 4 RGB EIf% MRHE  REWEEL, =R
URPC2021(URPC,2022) PR HAREI 8 200 1F 4 RGB &% 1 HHE H 4RI ROV 13
UDD( Liu%,2022) KTYERRI 2 2271F 3 RGB % HHE KiEM; 12357

iz > I_|L/ ﬁ .
FathomNet(Katija 55 ,2022) WEPEAE R 84 45410/ 2244 BifR + 53 Ljf%jﬂi T e, 2%
M By T
A7 Tidn
UATD(Xie4,2022) PN E BRI >9 200 0F 10 é&ﬁ;m 1 5HHE Z KR
SCTD(Zhang % ,2022) H FrAs il 497 g 3 LA 1 HHE 2
UNO(Barrelet ,2023) KT B AT 5902 0% 1 RGB &% h BAE EZ R 2]
RUOD(Fu%:,2023) JKF HESE 14 000 10 RGB &4 1 SHHE Rk =
OBSEA (Francescangeli % ,2023) AR 5325 33 8051 30 RGB E1% FHE VORI S 2k
Aqua-Eye(Luo%§,2024) B HERGI 13 578 % 5 R(}igﬁ$ FAE 2GR
MKUO(Huang%#,2024) KA 10 043 17 84 RGB &4 i FAE IR ZREK T B8
SSSforMineDetection . .
A SORL 5 IE=E] j LS K IS
(Santos 2 . 2024) H A 1 170 1§ 2 41 7 7 FHE FLSL K TR RN 7 5
UXO(Dahn%,2024) LRI 74 437108 3 FREE + R TIPME + K ARIETRZ) )5
SWDD (Aubard %5 ,2025) H FrAs il (836[22) - UESh I i FAE KT 5 )
H =R B RS
P AE R R G 2 BRI EE YR DL S o AR, Bl TR EE 27 2 i o007 ik ) P &

B AR IRET T, A2 5870 B T VR AT ME LR
DX AN [ DX 1 SO o PR, g e o g K
I SRR SR O S U SR . UK
I ST RV R i R AR S, AR B
P A AR R PR TE , AR Ll A TR P2 27 A

J& WIS N 5138 it 22 G Al bk 2 T 1] K R 37 5 43
FIRAEEE . RO B H AR S IR R A 22 5, LA
KR T SO VR A 2 R s I A AR S R S
Hr R MBS 32 K BRI 3 M LR A G I
Wk 7 A 22T 1) FHORIL B R & 4.
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Table 4 Summary of underwater image semantic segmentation datasets

HomLE 55255 B FHE B bR PRI A
IR
DeepFish(Saleh 25 ,2020) ZATHE4HF 43 586 1 1 RGB &4 %ﬂ%%+ﬁl:mﬂ@ﬁmam
SUIM (Tslam % ,2020a) KTGEH 163508 8 RGB 14 (Y ZHALK T Yie
WaterDataset( Liang 55 ,2020) TRy - 1 % + P gt LRI KIS IREE
DUT-USEG(Ma%§,2021) HEYE XA E 66171 4 RGBEIR  #Eh% + HAHE  Z 0Pk T b
NAUTEC UWI Real e - . , g
(Drews.Jr 2. 2021) M s R E 70010 2 RGB El1% f iy YN REIR R A8
NAUTEC UWI Sim200 . E R
(Drews-r . 2021) 15 553 %) 200 I 2 RGB [#l1% TS R B BUBR IR
NAUTEC UWI Sim1000 ~
s 7 % 1 L% 336 VA ih R
(Drews-r . 2021) 15 553 %) 1 000 1 2 RGB 1% (Y FLR B IG T BE
MAS3K(Li%F,2020b) RSy E 310306 37173 RGBEME D+ Rt e SaEyR
Marine Debris 5 /A - qeEL e . =~
(Singh 1 Valdenegro-Toro, 2021) W X5 18681E  11+155:  HIdLS I Eh5 N KA 3 55
CleanSea(Sanchez-Ferrer 25 ,2022) B 1223 1% 19 RGBEMG  #tth + hHHE  FLSC 3R st
g
e-CleanSea(Séanchez-Ferrer %5 ,2022) & (b ¥ 73| 990 IfiF 19 RG;S 1% S + 1 LA B ki 375
~ A

SASSED(Cobb,2022) el 129 g 5 LAA G ) MRS 5
CoralVOS(Zheng %5 ,2023) WA 60 456 157 1 RGB L et -
LIACI( Waszak % ,2023) ARG A 45 18931 10 RGB 1% LR IR MRS 25 PRI

. p _ HEn + X
DeOlhoNosCorais( Furtado 5 ,2023)  HHEAM A% 141115 21 RGB &% R b HIF Y it
UTD(Laptrinhcsc, 2023 ) Bid sy 2 900 i 4 RGB EIf% T KT B IR EE
Seafloor Sediments (Valles %,2023) WA 434 164 1% - A4 75 g ey Z g R
CoralSCOP(Zheng 25,2024 ) a5y 41297 1% 1 RGB El% BN A BRI il 1
S182-Water( Wieland £5,2024) PEUKARSE 654 1 ZIEREG g SRk F K 4
Coralscapes(Sauder 55 ,2025) IHFE it 43 ) 2 075 % 39 RGB &% HEh SRS Bk PR
UTV(Truong % 2025) waig o cooms - ook 0N SR e
SUTV (Truong % ,2025) AR E] 10 000 4R - B LA sy AR TR
Al4Shipwrecks(Sethuraman %5 ,2025)  JUf4>%] 286 IF 2 MR R + 2 FAE DU =

"R B R AL

2.3.2 KNGS

S o3 B AR BB BT B b O 8 B
A~ FUARSE A A RS 0 AR R PO RS . SEEERY
B 20 E BRI AR L, 52491 0 B A SRS 2234
FUARESA , B AKX 53 [ — ) T B AN A, I8
HATZBER 0 H . K N ath AL 55 il
NSRBI PN, V2R AR M R A R E ]
FEPE 28 5 SIS s HE AR SRR 5 A

I AR B b — 2B T R IEE o eAh KR
FFR AR A 52 BN KLU AR AN 8l 25 28 25784k, %) A
FEPCLHIA AR T R ZOR . BAR AR R 4
{14 3 S AR R Bl 1 i i S 490 2 S PR AR S R (HLK
B EATIAE TR BB . Sy T S — T [l Y
K& PN UG SER T 2K TR S0 0 0 A 4
B o AR/INIRE R LR B S0 3 BB SR AT R G4
e P SRS Y
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Table S Summary of underwater image instance segmentation and saliency/camouflage object detection datasets

UG/ TS 1155 2450 ot /iE B BRes PR A IEERE R
MUED(Jian%%,2019) BEMEFEN 8600 43041 RGBEE T Z AL TR
UFO-120(Tslam %5 ,2020b) EZES s 1620 -  RGBEHZ R £ KSR R
TrashCan-Material (Hong 5% ,2020)  HEVERIIEHI %] 7212 16 RGBEMER RS + HFHUE AR BT
TrashCan-Instance(Hong 55,2020) MR SLHI/-H] 7212 22 RGBEMR RS + ihHHAE 22 TG ARAT T L
USOD (Islam % ,2022) i E B ARG 300 -  RGBE4 R Ty L S Hh
UTIS(Lian % ,2023) WHIK R 92535 4628 7 RGBEISR T Jo e O 6 14 52 A7 55
Aqua-Test(Liu,2023) SR AT oAl 455 -  RGBENZ fxhit RS & s
MARIS(Dura3 % ,2024) B2 8y 3ol 8610 40 RGBER i + 5% ROV £ %5 25
USIS10K (Lian %,2024) BFEMESE 10632 7 RGBEMER RS+ HAHE  ZHLRFNYE
COU(Mukherjee % ,2025) NEWRSZEYE 9757 24 RGBEUER 6D + 1 5HHE £ KBS
UIST0K (Li %% ,20252) WG % 10048 10 RGBEMR RS + i FLiE ALK T B3
USIS16K (Hong % ,2025a) BEMEEHASI 16151 158 RGBEZ ﬁﬂ;ﬁfﬁ+ RHEZL R IR
USOD10K (Hong % ,2025b) WEMEHAAEN 10255 70 RGBEI% e T ZREALK P EE

"R B R AL

2.3.3 KT REYE R H bR

KR S RIN E AE A SR BIAE ALK T RS
Hh A RE I 5 | N B T 5 00 X sk s E A, AT S
A LI . TR —AE 55, W B LA IR
HEAE W2 SRR E 6T FL BE DL S R e S 1 45
HZ o R 50 A A oAl | 7 R
LA B H B A0 A5 AT 55 v, AR AR B S 2 A
PREF rp 4525 H ARG B 20, NS S A 4 o
Fo HIUAHICRZK T D2 H ARSI U 2R A5 1RO R
S 5598 S B AL A OHE LB R VR R B B R
X AT 55 A R A W 2 9 rh LA R R S, B

g »
i L A g ;
H‘ ’.I» T e

K4 Db Hbnos bl

Fig. 4 Examples of camouflaged objects

HE T OB A B e S AR OCE R AR B S B LER 5,
2.3.4 hr5itie
5 S BB A (e T B4 R AR (g

VF 220 LR U SR D B A T IO P el S Al 4
D2 ARSI AN SCEE R H b 5575 5 2 8] A g AR AL
P, i 5 BT e b KT PR S 14 2% A Lo 41 o
4 JoR T 4 BRI R KR D2t DU IRORTE VD
Rrf  H O SR AR IR RG  BfR Bl ATl A PRI L R A
KVEAIRAEY , X LEO0% HAR S 17 A ¢ 08
HAT s BEARRIPE . 56 2470 B A —AEHEAS 2 Hh R
T HBRHY SR

BEE TR IE ~7 ) BORAE X LA AT 55 Y )32 B
LW ST SER A 1 T 1] KR 35 A
05 Pl F R ARSI A4 R 4R, S AR S5k ) e

FOME . MR 73 SRR A (U DeepFish 128) XX
SRS R A — FARZE, bR AR R — 2o
U A S B A BR 5 A5 B2 7 2 i 4R (A SUIM
(segmented underwater image) 8 & | DUT- USEG
(Dalian university of technology underwater segmenta-
tion dataset) 4 2§ | LIACI (underwater ship lifecycle
inspection, analysis and condition information) 10 2%)
TEH WL R R AT 02 P T AR A 5
SRR ARLIEE 3 2R 4 (1 MAS3K (marine
animal segmentation 3K dataset)37 2 | Coralscapes 39

) XA S R G AT VRN 028, SRR A A 7S
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A3 AT ABBRTEMERE K FUME R, — MM LU AR IE
TER G BE T 1T, HEAS AR VE R 4R (7 230 S b5
RPRBIbRA MY + 1 545 T Bodks 5 (40 DUT-
USEG . CleanSea) 5 {1 45 B 505 + Jm MEbr 114K
P4 (A0 MAS3K) $2 it 2 2 Wik UE B 28T, 280
Kt SR AR5 T FAk CAn Ik 73 3 | B 30 %) b
TEAR BE AN — , 4IRS S i R IR A

1EY 5% Z2 BEPETT I, B — 3 B 4 (A Deep-
Fish) BARTERFE B 5t B &, 015 7 50z fL g
TR 2R 58 4 (41 SUIM, DUT-USEG)

SRR R R R A IS BT AR 2 R A U K

OSSR a7k B o 88 Al 25 Bl (A Coral IVOS
Coralscapes , CoralSCOP) 7 4j& 85 % Hb {57 , ZS 51| 4 br i
R R TR AN, L) IR Aty I PR R T DX

ZEA S RGBS (U0 CleanSea) 35 12
() V6 R 58, N T 435 ¥ 2545 4 (40 Marine Debris |
LIACD S iH A3 B AR, SRR T AR FI PR3 I iy
o TE B RS 5 T, A% e R A AL TS
RGB K4, 585 B AR 4 I T B2 : Seafloor Sedi-
ments > ] £ 75 04 €144, SASSED (synthetic aper-
ture sonar seafloor segmentation dataset) fifi F & A% fL
&7, AHShipwrecks 3 & 7l 41 75 iy A1 S HE bR
T, 3 B8 A R A SR SRS TR E DT AR A IR
25 1 o DUBURCE 46 40 2 I P45 2, SCRp AL SC
3 EN AN — SO A (H AR 1 A &, B
Kl S B Y O3 BER AR T 2 AT AR AT BR

ST 73 TR 25 A/ D 2 H R A AT 55 AR Bn v
FAR A FTIX ] S48 53 F 845 4R (41 TrashCan 5
51| . UIIS10K (underwater image instance segmentation
10k dataset) . USISI0K .COU . USOD10K) 75 & Jy &4~
FI 4 S 51§52 (40 57 AR5 3R R T R ) bR 25, A T
B TR L5 o TrashCan R A1 X 4 T 44 i
(1628) ML (] (22 28) PR , USIS16K (158 38)
S T F ANRLEE AW RD o328 ABRR TR AS B i
35 Ve H AR A B s 4 (4 MUED (marine underwa-
ter enhancement and detection dataset) . UFO-120
(underwater foreground object) . USOD (underwater
salient object detection) , Aqua-Test) b5 {3 P15 2 2 19
HAR X8, A X2 BARZE S o X AT 55 08
TRV AR E AR AR, (O AR TE 51 A4 32 W0 1B
EORE .

eI FH 375 5 07 T, T 0 By M O B 4 (A

TrashCan 251 brid b 3 A BT AIZE A, 24 A sl ik
T BRI e ) e R EARE S 2R RN
FUIN H AR R R A . AW S oy B ER R 4 (A
UIIS10K ,USIS10K , USIS16K ,USOD 10K ) 5 1 i 1
YA RIRS B0 20 ), SRR AR B RGN R ATk
30T, PRALEE AL Y UR TR A Y AR 5 S A
I B A E R A B R . 2 s A 4R (Cn
MUED \UIIS10K) [A] Bt & AE Wy MR A=) H bk, 6 &
i S 4y BRSNS o B 2% IR BT E s 4 (A
TrashCan 241 \UTIS10K) 2 &% St BAR Ak, K A4 9% 3k 1
H b 5 45 2 Fh Pk iR R 2R, T8 420 S PR v 5
FE YR R 5 A 1 T A, R AR R A 4 (A
USIS16K 16 151 i . USOD10K 10 255 i . ULIS10K
10 632 ) AR F AR AL T 78 AU 285t , 1
P AR AR = 5 /NI S 6 4 (40 MUED 8 600 1
TrashCan %1 7 212 i) BARMBIA R HAEABA
S B A B B R AT S5 AT XM . e B AR I
a4 (W USIS16K) AR i AF Al 30 S HErf , 18 &l 25
e iff 1) o3 B
2.4 KT BERRER

KT BARERER B A 1 S B AT 51 Rk e
LA ER R E B s 1Yz sh Bk, aniEl s s . e
FEAEAT R A AT b BRI I K R ALES AL
SFPEA G W S G A T N AT R . S
SEURSHHAL SR, B s ERER TR 2L TR P E B,
TE AR R BRI B 11 [) s 0 £ B 72 1) S sl A
PEo KBS BAn B — @ BRI - 1) KRR
HAAFEE S BOE ISP AE A, B AR 09 SRR
FEANTRIIE [R] o] Bl A& A= W3 22 55 2) K sh AR A%
WA 1B s A58 5t ek A8 4k 38 in 1T BRER IR
TR ZIE 5 3) MG PR W AS BN A2 s AR LA
SR B P A5 G i — A0 I T BRERAT 55 AR
KT R S A 1 ) B T I R R A TR M bR v
A By LA Ky i e 2 AR i 2 Bk B RKTR
Yy se B AR R EEAR CE AR A SE B Nk 6 IR .

K5 HbrERERR )
Fig. 5 Examples of object tracking
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Table 6 Summary of underwater object tracking datasets
A/ 11552 Bkt ;j@ﬁ; Bl PR
Fish4K-Trajectory(Beyan #l Fisher,2013)  #ZSHUliiRE: 93551 - I FAHE e itk
U0T32(Kezebou % ,2019) KT EMRRE:  32)751 12 RGB L4 e AR LA R
3D-ZeF (Pedersen % ,2020) SHEORIREE 8PS 1 AL RGB i FRE A 7K A
UOT100( Panetta 27,2022 ) HHRRREE 104751 - RGB 4 ELSTHUN + Wtk B
UTB180( Alawode %5 ,2022) KFHARIRES  180)%5) - RGB L4 ZRETREY)
CFC(Kay%,2022) IR ISIREE 1567 )75 - FE AL 5 AT A A
BrackishMOT(Pedersen %5 ,2023) Z H bR 98 74 6 RGB L4 K FREE 9 m I
UVOT400( Alawode %5 ,2023) KF HARERES  400)55) 50 RGB #L45 T HER 2 R
WebUOT-1M(Zhang %, 2024) H Ar R 1 500 /73 408 RGBS + XA L FPELYRRE
FishTrack23(Dawkins %¢,2024) 2 F BRI ER - - RGB #L43 ZRLIAE
MFT22(Li%,2024) L HiriEE 105541 2 RGB #L45 ARNFRIH 5
RGBSS50(Li % ,2025¢) LA AR IREE 43702100 RGB+75my FHE + @i KR Z Hbx
MFT25(1Li%,2025h) R Z HIRIRER 15751 2 RGB #Af K7 FRFH I
UW-COT220(Zhang % ,2025) h3 HbRiRER 220 /751 - e ;%fﬂg T EAOK TR

"R B R AL

bR B AT 55 O T 0005 51 B B P 5 R .
J7 9 B HE 4 7 9 B A BR |, 40 Fish4K-Trajectory 93
NP 3D-Zef 874, 2 TR LS uE FIA &
TN, X DL S 43 KA A 1| S 5 v A5 HUB RS s 42 4
AET RAZ I ZREEAS, Q1 UTB180 (underwater track-
ing benchmark) 180 /> J¥ 41| | UVOT400 (underwater
visual object tracking)400 ~J¥ 41 , UOT100 (underwa-
ter object tracking) 104 /1> J¥ 41 . BrackishMOT (brack-
ish multi-object tracking) 98 4~ J¥* 1] . WebUOT-1M
(web-scale underwater object tracking) 1 500 O ZIN
UW-COT220 220 741, 3 & i iR S s T
KHRAEG A R IR B 2 ) BR R AR R T 2 1Y
BB 32 ## , W CFC ( continuous fish counting sonar )
1 567 )7 %1 \RGBS50(RGB-sonar)43 702 i, 7EJ¥
G S Z% B 5 T, AT BRI 7 S (U UOT 100 Y FLSE AR
B+ YA ATT L 3D-Zef WY R FHBE(F /K AR ) H briz 2l
U GEPY D T AR R AR B2 A R
Y5t (40 UTB180 ) Z Fifg 1 A= 47 . UVOT400 11 =5 53
PR ZREALIZ R WebUOT-IM I Z -4 237 5 R4
UW-COT220 5 K T O3t ) fu & stz 3l it

ZGEPY L HARASIE D6 RURIAR DL R AL H AR TP 5 Bk
il [N % . BrackishMOT Fl FishTrack23 % T Jgi K Bf
M ZRAEAEE I £ HARIRER e #E— D42

AR CER B R R 22 7 B3, K H
PREHEHE (1 3D-Zef 1 125 \UOT32 1) 12 28 {H 4 20
FAb PR ) AR E H AR ISR, BREE A% AT LA X A
ks 22 HARBE4E (A U0T32 52 F5 1225 .UVOT400
i) 50 2% . WebUOT-1M [#) 408 25\ RGBS50 ) RGB +
PR Z F AR ) B 55 2R AE M RIK R A R R
B B TSR U2 ALRE 1 . MFT22 Fl MFT25 % 1
T2 22 HARERER , 73 I AE 4 Bl 550 3 Rk 7= 37 56
W roR A, BT B R A R o R BRI D
1, BH A BR 2R A HE 4R (W0 Fish4K-Trajectory
UOT32.UVOT400) A B4 U S bR i —A> E 2 H
PRI S A 5 B ARB BRI & 2 B ARER
5% B0 H% 4 (40 BrackishMOT, RGBS50, MFT22.,
MFT25) [a] A5 24~ H bR B m By, e 2 H
b R R H b U S BT AT 55 M R R
CFC $2 4L T 75 my £ S BRER 1) 5 AT 3 3 28 a5 45040
SEA PN EAT HARIRER
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50 IR BB 4 2 E T RGB AL (4N Fish4K-
Trajectory. UOT32. UTB180. UVOT400. UOT100.
WebUOT-1M , FishTrack23 . MFT25 Fil UW-COT220) ,
PRI N W FAE R B AR B0y o Bl 15 e 4
N U €TSS T TN L NI
RGB 4l (41 3D-Zef) 345 = 4 MR 5 AR BE Ak 11
RGB+75 %4 (1 RGBS50) Bl 45 #1275
P TV b AR v ) R R 5 7R R (i CFC)
T T AT WL ERES  {H H AR R SO . 7E
B AT T, 3 FAE AR E (5 23 B4 B AR 07
ARG I8 A K 250 R A s i + 30 FERE AR
(41 UW-COT220 2 (ILFERY + 11 FAE + SCA ) AN AUFR
T HAR O RS AERE IR 585, SCRE S IR ER R
3T 5 B MR AR T G40 i AR 4t B A s 1tk ok
AN B AT ORIRAS) SRR PR OK Bl ) BRI AR K
IEAh, WebUOT-IM $248E T RGB #AI + SCASH A Y
ZRSPRTE , XA F 50 B ERER BT

KT BRI T I 22 A A PR . G IRAR b AR
V70 2 G R B BRI 5O EE BRI S AR L T8
H AR 7 ] Z0AE Ak 5 ARV L < BT R | 2RO
T 2 P BRURABO  XF LE B R B 5 Dtz g« 2
LGV AE I B P AR, 25 5 328 SRR
FIER R 0K 5 31 K B 5 A DA R At A= 38 By
P, R AR B b SR BARAETE R
PEAE ) (AnokBE B 40) T 2SR AL, KIS X LA
I 5 AHARL E AR « [ Fh A= 9 0 A U 3 BE AR AR, 25 5
RA G A U1 o 3 0 B AR B X R Pk AR T
UW-COT220 &7 T hde HbrEs , Hir 575 soA L
J& 5 5 UVOTA400 53 4 5 43 B R A 244637 5 ; Brack-
ishMOT ¢ 7 K ¥R 55 19 9 m ¥R B 5 RGBSS50 i 1
RGB + 75 W il A o7 X VE ek K A . R, B 4B 4
X 8 ity B A A VA o R A0 W b oK T K S i i
WA B BRI, AR ZH R = R4t
b B Bk i A v CAn B34 T 31 B O B K OSF T ik
JE GEEPSRR AT ), BRI T S e e 0 A0k BE AT
2.5 EMIEER

AR REAA T 2 Kl 8 L) 5L 6 5
w2 P ARSI R E AR R R N [RAE 55 I A
e IR .

2.5.1 HhibE X
TR LU AR S
1) H 1F # (true positives, TP) : 1E #ff 43 28 A9 1E

AR,

2) H JZ ] (true negatives, TN) : 1E #fi 43 25 Y 71
FEAS

3) M 1E # (false positives, FP) : 55 %
A

4) B JZ ] (false negatives, FN) : 55 1% 43 2 ) 71
A
2.5.2 éa%{f%ﬁ%mbﬁ

1) HEHfFE (accuracy ) o 383 IE B 2 R FEAR S
Kot A B Hﬁ{ﬁﬁﬁfr% i e A AT
1) IE AR 1

2) A5 BE (precision, P) o 3N IE# 70 8 A9 IEAE AR
SR R A E R REA SR L, S AR Y Y PR

3) A 1 (recall, R) 7R i A IEFEA gk IE B
RO ) 5], e AR T A A

4)F 15350 (F1-score) A L -5 41 ] 3R f1) 14 A
2, AR A PERE
2.5.3  HARGIIEAL fEAR

1) 22 Jf: He (intersection over union, loU) . T 3T
A FIUI #9340 FRE 5 TSI 300 SHE 22 ) ) B A 1 O o

2)F- K5 ¥ (average precision, AP) 278 A i —
A o] S i 2 T B0 AR e A R AR E e R
HFRIIBETS

3) -4k FE H4{E (mean average precision,mAP) o
TR A A B F IR . mAP@[0. 5:
0.95]F /R 7E ToU B M 0. 5 8] 0. 95 (251 0. 05) 4l
FEI N T3 B P24 mA P, S AR5 K% (0 PPAL PR
2.5.4 XS EIEAG T bR

1) ¥ ¥ 22 3f H (mean intersection over union,
mloU) . %7 a4 v BT Ay 285 i~ 255201 1, B
H

Jr Y IE

1M, NM,
Juw =5 Z M; um,,
KoM RIM A BT 5 ST
2) 34 Dice 2% (mean dice coefficient, mDice ) o
i s T 5 AR R ) SRR, B

2
I ELALA !
3 )qzi"ﬂ%%m?ﬁﬁfp(mean plxel accuracy,mPA) ,

BEUER T IEF 2 KRR SRR P AR
Bz L, R R T I AT ) o iR

(5)

(6)
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RUERHEL , HAR

1 & TP,
Jors = NZ TP. + FP. + FN. (7)

2.5.5  Spilor EIEAG TR bR

1) #E 5 SF ¥ K5 BE (average precision based on
mask, AP") o ZEBLF A AT 55 19 AP, {H ToU 253
kAT

2) 3 (A %(average recall, AR) . &/~ 75 [#
FERCE RTINS AN ToU SUE HY P44 49 [ 3%
2.5.6 W EMEHARKIN A TR bR

1) ¥4 2 X 1% 2 (mean absolute error, MAE) .
A 12 YOOI S e PR g LS S R 2 ] ) - S 4 %

S, BN

Swae =

Y(i,j)

X szji YA(i,j)‘ (8)
JEEP Y Y 3 513 BRI 53 v L H R W
39 g VA ) g BE T ST
2) iz K F-measure, 78 £ A7 Al fiE
I K F-measure {H , HAAK N
1+pB%)x P, x
Fp~ = max ( BZ'BX)P, +'RL R 9)
Kb, pP il T 0.3, SRR FE I B2k, e KoK
A AR B, TN i SR Y S R P oy —(E
.
3) S5 KR LI 2 4 (s-measure, S,) o T PEAG
T 5 LA 2R I 2 TR A A AR AR AL, B
S,=axS +(1 -—a)xS$, (10)
A, S, FIS, 73 591l 3 715 0 5 R DX I 20 %) 45 ) AR AR
e, a WEGEZSHL
4) B 55 X} 55 FE 48 (enhanced-alignment measure,
E,). 456 T R GRS A R EUS RN S5 H 15 B

BN

B {EL T )

waZZw(Y i.j))  (11)

A, o) FRIRE (i, ) ISR 57

5) IAL F-measure (Fj) o 7R 7% JEA ] X3 H
ZEE A INAL F-measure , FLAK Ky
(1+B)% P xR

B> x P"+R"

A, PoHIR I T XA
2.5.7 HERRERITALfabR

H b R R AT 55 38 R

Fy = (12)

— A PEAR ( one-pass

evaluation, OPE) 7 1%, EZALHE LU 4645 :
1) %5 B (precision, Pre) o F T~ & rhoo i B 152
ZETETE SCE N B WiECE oy e, Bl

N,

Pre:izﬂ[d,ST] (13)
Nfi:]

A, N SR, d, 25 i O A R S
B {EL GE 730 2083 T2 AR 7R PR

2) A I & Hh 26 F 17 #2 (area under curve, AUC) .
FOREF RO T 45 € BUE R WA 23 L, E
B2 AR, B

ave = [ st (14)
A, s(e) = Niiﬂ[lou > 11375 loU BYfE A ¢ Y
Ji=1

3) 523 i D il 28 F 17 A (complete area under
curve,cAUC) . B HARWKE L, (e EE 5
H, B

AUC =flC(t)dt (15)
HH,C() = %ZH[CIOUL- > t], cloU & F B K 5%k
fi=1
B SEHEAZIE L

4) - HER JE (mean accuracy, mACC) ., iR
ERASPRAL AT SE T A BE 7, RIEE H AR S B R 45
WA HAG T, BAR N

N,
! >l valid, ] % IoU, (16)
N\'alid i=1

A, N 2B SR ERWUEL , valid, 37556 ¢ i 1) B B2
ERAR

mACC =

3 KTH==Z4HEZE

KN =4y 5 A RORTEI I % 7 IR Vb
FE VL S i b HE AT 1A A S A 2 Tz N
LK R = ARz, wT LAAT R0 W) SR e Y e Btk
B B EEAAZPIFR DRI DL K KR ik 5 AR
RIS . A T HEShK R =4k 8 AR 19 & R I F Xt
FEPEREHAT RN F9E N B T 2K
T = A A AR AR s SRR AR S5
TR EAR B ANN 5 BN, T ]SS E 7
TR FARE [R) A6 5 47 5 22 & (simultaneous localization
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and mapping, SLAM) B8 5 T R ELYE G 1l 22
95 (neural radiance fields, NeRF) E(5 4 , LA J2 32
Fr Pk B A 3D & W AT (3D Gaussian splatting,
3DGS) B . AT BT K R =4
AR R G A HABAR i AT 20 A R bR
ARG AR D7 125, I BIFSE N R e 53 ) a4
PGSR S . MOQIE AR Bk 7 s
3.1 FMfiEtR

X T T 2 2K 1Y) = M E R 5 TR, A0 3DGS
I NeRF, 18 # 2R FH R 5T B PTAN 5 b A 18 18 G 2
R AL HE W B A5 M LL (PSNR) | 25 149 A oL 1 45 %
(SSIM) 12 2] JE A 15 B AR AL (learned percep-
tual image patch similarity, LPIPS) . 7E/KF SLAM %
gerh , VEREVEAG T2 200 Sy b 11 J5 5 R 0K B R
T o P o o SLAM AR A R b ] 5 LS9
W2 A A DL ECRERE , B 46 bn 665 SSIM ; & 1o KS E
i L as ANAE PRI b Al L B S LA R HER 1,
FHFE PR G AH X7 22 15% 2 (relative pose error, RPE) |
76 X v 5 1% 22 (absolute pose error, APE) () J5 #f i
72 (root mean square error, RMSE ) LA Sz & X} #1300 1 25
(absolute trajectory error, ATE) .

1)SSIM. A A= i R 5 L 52 IRR 22 [8) ) A
WIVE, 2555 I8 T 45 H 15 2 0T L BE A i 3 4k
22 5 o ANAURT T3P Al = 4 At AT Y o o,
AL T T SLAM R G H i [T B 3£

2)PSNR. it {5 it oAt ) 22 L b, B
e 2R T A PR i PR R 0 o

3)LPIPS, FkF IR 2 > e ik Ay 8 A5 7y J
ARBLPE , R 5 B A HIR XoF A5 5 i 1) OB, B
/N R SR T

4)RPE. JH T 1A% AH AR i 20 ] (o7 28 Ak Ao A o
KERE N

P-pr
Am="P" (17)
A, PP 43 S T 57 5 i R LS 1]
|- | FEs BRI L A AR

5)APE. FH T £ ik 45 B 20 057 22 A 11 A0 46 XK

L RBERGE 2R E e S . AR
foe=P-P (18)

6) RMSE. FH T # f0 v B Al 71152 25 19 45 1Rk

L R

A 2
Srwse = Pi_Pj“ (19)

1 N
3
S, PP, 450 S B 220 G T A R B S
N AREAR BEL

T)ATE. TG RGEAG TS EA LY
4 R — 8, HBUE BN R PR RE R AT, 2

ATE s = (20)

S TR0 T, 43 50 R B 220 & B A 57 8 Fn S B o7 345
N S
3.2 S5t

o T RO A RIS B DA R A 3
B i o /N B B 3 S B0 4R (40 UWBundle

RT KTZHERHEELSE

Table 7 Summary of underwater 3D reconstruction datasets

B e fE45 257 B Yk BARAS
UWBundle(Skinner%,2017) o —BOPE 321 1 RGB &% + &t L Ui
Cave Sonar(Mallios %5,2017) ZBRIFET SLAM 500 m #386 23l AR + IMU + DVL + 48481

Mbes-slam ( Krasnosky 55,2022 ) MR SLAM

AURORA (Bernardi %,2022) ZAL IR SLAM
DRUVA (Varghese %:,2023) 7KF NeRF
Seathru(Levy 2%,2023) BT T NeRF
NUSR(Tang %% ,2024) 7K F NeRF
BVI-Coral (Anantrasirichai , 2024) B A 3D A
S-UW (Wang%%,2025) KR ST

4 DX S i 4 Z PR + MU + DVL + GPS
45 3201/ - ZUETR + U + AP+ AL
20751 - IR AT
_ 4 RGB &% + ROV 5dE
82 I 4 RGB &%
2 000 £ i 23 RGB + HOLH A
96 I 4 Fr PR RGB

TE =R B AR
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(underwater bundle adjustment reconstruction) 1 ~1%
5= 32 I K114 . Cave Sonar 2 M 7C 5% . 3D-Zef 14~
Y5t \Mbes-slam 4 > X 38 ) 5 £2 47 8 ) 5t i TR B o
S B EEIE  (HZ R ) Z R h AR 2 Y
SRR AR (M0 Seatru 4 1375 5 _NUSR 4 4~37 5 82 1
1% \S-UW 41375 96 R K15 4R it T 2N iar 3
S | SRR S PR RE DA s OB R 4R (An
AURORA 45 (aurora multimodal underwater recon-
struction ) 320 & & 1% .BVI-Coral ( british virgin islands
coral reef) 2 000+ M K15 23 1~ 3% 5t . DRUVA (deep
reconstruction underwater video )20 /AT ) A ¥R i 2
A = HE AT AR T I R IR

e s A 0y m, N3 BE BoHE &R
UWBundle 20 8- B8 ) 37 St a5 A N SO 426
AR 2 5 5 F AR I B R K 40 4 (A0 Seatru \BVI-
Coral ) 375 5t 52 2% SO AL R OGIRAN Y, 5 2Pk AL
PEAE R 5 5 i S A R T B 4 (40 S-UW i g
O3 BER RGB) BT A 4w BB 55 o SR AR, 2 =4
A AHERL

AR ARG Ry = Y R T R
RV, AURORA Rl & Z R + U A + AHAL+
FWUAE R SRR 2R BT 1) 2 AL [ 4% SLAM ., iX 2t
Z RSB AE i D 3AE T4% J8s ELAD (L 2 2
BRI R VE KR MU SRS GPS SR ik 4
JRysEAL ) (BB R B AR s S 2 1

T 7L D7 10 AL SR RS (A UWBundle ) 1
G EEE O R T ARR ; SLAM HdiE 46 (1
Cave Sonar . Mbes-slam . AURORA) ¢ 7& SZ i i€ i 5
L 3E G K R HLEE AN F AT s NeRF (neural radiance
fields) #4555 (A DRUVA ,Seatru [NUSR .S-UW )& ]
P2 B8 55T 37 77 et A RO R AR A6 R A7 A 6 ]
L, R AT R

A AR VPG T B B AR . KSR E
edi 4 (41 UWBundle )il id 5245 R EEOR 4L, S (HUER
AIAHBLZ A 5 LA 8 5 5 FPAN s GPS/ Al
B8 5 (U Mbes-slam . AURORA ) 42 1 42 Ja A b 2
5, SRR PR E R RS DA 5 N AR TR Hde 4
(4n Seatru Y 4 4B bR i3 5 5% ) 3 % G bR 1 8¢
AR RGNS A S BB (BRS M SE B A TR

SR, KT =4 F A (0 AR 25 R RO PRI . Tt
PR B A (AN 43 SLAM B 48 ) (U F b A% % e Ak
i, T TEAT He R FEIEAL S RE I R X 46 Bs (40

Bl — e A ERR2E) DA 5 5 RS 4R AT LA
RS, (A S HLRATME LN . RAETE
H R K RE LA Cnps 2252 (1 R 45 e pr
1) MARHEAL IS 5, O — 4 d ik S T SE Y
PRAGFEME

4 AREERRFTESHE

4.1 HEEEAEMERHHIEE R

DL GPT (generative pre-trained Transformer) , SAM
S AR B TE AR LA A SR 5 AL BRI
Lo USRI T S v gE i, s 2256 K T
SEALILE Y K SR At TR s o SR, KT AR
ATk Z SO I BRI I i 9 12 v i 0 %
P AT P B R R LR 2 /e T 0T
G, LA LA SRR X R | 22 R A Y
(NS

PG A T T ) 2 T 0 K R L
PR BN AR A JE A SR T [1] o IX BRI AR 1 A
VAT R : 1) BA iz A 35 PRG35 0 ], 4
TR R RE SRR N5 2) 52
HE55 57 R B 0 | F ARG L K SO 1) 45
ZIANAL S5 ;3 & ZIREARE, N R A% 5
BRINEMR TR ) RE R s 5k
B , DLSCRE A B S 2] 5 I R R Y
Fays

A FH 7K JE RS T F) p SR A s sk Xk A
B o RGO 52 A 55 R RE 5 5 1) R ARSI
I R g 32 A A O KB 2k + 4T 55
PATEEE . AN A R F RS E
155 BRI 5 5K 5 0T R AR | i BEA R THIE T (Y
ZACRE ) SIS ERIE . [RII, FERIAR R B 55 5 K
WIS 5 T B 7, mAs 200 = T 2 ) Y
PSSR (€101 v Y NTE 3 NI S E TR
iR ale
4.2 HEIRE

S AR KT BRIE LA I P A ) i 2 22 R
INT KT G st BRI R A PRI RA . B 1Ok
R = GiNBuR e I INE SRS E i N
) DR ME S5 LB AR B R, T A W R 2 AR RS TR
9 RER 3R B M e Ml A T A = AR
FR ALY . BN T R AW RE 2R
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RRME < Ay aed AR I TS, M LA R RIS 4 Ak 3
R ARG R 22 545 5 51 A R Gt iR
25 AR IERCRAIC T, M LS I PRI < 0 B
2R o X R B ] 2 T RIS LR T K R B
PRAE M F R

DL SAM S £ 38 A 25 fith A5 780 1)t 30 7K B8
Frideas ok T AR 560 5] A SAM i Bl
FREEFAR, AT LLSE BT P 3 A PR 5 o 4
A B, RS TR AR . R Ashind: + AT
B TR A A T SR, B AR BE T & a5 7E A 31k
AE 35 T PR, SCRE B DR AR T 5T f A R R A —
et AT AE AR UE B T 0 AT T B AR AR,
RS KT BloH 42 i b R T T AT R R
Tl
4.3 zikgEh

IR EREE 14 e 8 A2 M A 22 B P T R ) T A
RIMIZACRE ), BRI 25 M) 2 3 22 5 (Ao () 4 3
A DL R R BRI A T T . 15, AN [RIK 382 ]
FESCRR A KB I B I RR R DA S A RV 45
FRE D A AE B 25 57, RV ] — /K, 7 AN )R
JEE TR X sk th 25 S B AS [R] ) SR B AR AIE . LR, T
— 7K IR AN [ ] 5 23 RO RRGR B2 AR Ak 2=
TR BN DA K A= i A A R 22 7 A W i Y AR
25 . wa ARG AE S RIS ARG
J o FER DL R AR R A T TR 25 7

VR A A A R v ol A A B AN
{14 ) 81, 22 BSR4 Jm PR R o Y S sl K AR B 5%, O
e = R B (i) 255 5 R 2 PR AR A ) B SR 4 | TR B
GG IRAR IR B — T B — 1 5ol R A
RUAEAE M DL B AT A8 & LA BAEE ™ o BR o T A 7Y
iz AkRE ] -

A B SEAG FE I S 705375 TR 45 S8 2
ISR Zo R 2ok 8 b 3 155 R R B0 4 118 42 A7
Bi R A A I B AL M R K R4, R
& B IZ ALRE T A 7K RS U R R AR R
HE
4.4 BESHEME

UK T Bd 4 32 2R R — RCB AL A
FESIICIRIE AR B 1Y S SCHAR AL R U 45 1 55
eI R BR o 5 TR B AR ML 7 I A R A 1 K
&, Z AR A RN B T R Gk AR B ),
RGB KRS L& (L 805 ., VR B b 78 = 4 =5

[RAAE , 7 WA AR T K AR Hh HL A TSR 2 i e
il G AN RIS AT 0 25 4 R R B R v . SR, 2
FATS T I A% JRse ][] 25 PRI | LT JC o 52 4% B
RPN B3 5 B — |l B 1 A BRASE 2 450 2 R g
FERE SIS S PRAR

ARSI T BT AL TS0 : 1) 1
R EACR AT 5, SE L FIAE IR AN I S 3 i hS
AF2s e S 8 — B R AR DML 2) F 5 st
o, TR R S TSRO IS, SR E
FRk il v X5y =4k # R SLAM 24T 55, 45 51
TR Ve He. B b PR A Wi o 17 35 5 3) A e i ]
A REAESE SR R AR A 2 G e R v 2 I I
S PR BRI B4R 2] 7k IR SRR
PRI 4) JE S G — bR e 5 PPl A , 151t
R TR PR R VEARL Fil G 3 g RIS I B ) g
iRk,

Z R RA R R KR T AL SE A Ok BT 1 £
Ao e 5 RG] 2E PE TN B AR A 5 A
(RS RS B2, 22 IR A5 il 5 BEAS) 2 A 1 1 — 4k 3%
SRR AR BRI AT R K R AILAS N Y A LA
AR RE ST . W EEER R, ZRISRG XK T
IREE AN MR T T AL E AL, R 2
ARG G, KB BRI B A 1 52 B g FH 29
JER
4.5 HIEHEHHSRELEE

2R, KR TR LA BE A0 38 1 11 B0 % R 4 1
FFRAEL A JE PR . B B 45 7e B a6 =X A
T RIS 1 R 45 O T B = G — R, R EOR
[vi) 0905 A =2 [ e LA 6 L e T, s o R i) 1 #F
% B R A2 M RN R R RE Y WAL o RIS
43 e JoT e AR PRl ke = 5 3 1 S A e AL A A
PR VAL, 38 BB 9 U5 B R SR AR .
DRI, A4 2 5 — A0 B0 0 s AR A 28 L i o 9 312 45
SRR 2 JR 1) S B S Al T AR, A0 45 1 BV Ak 1 4
Pk AR e (MR e R 25 055 (G —1hs
AR R (HPRZERIE LG FHE S 3 BIAR 45 )
PR 5238 () ORI A R Y CRAE IS i) | Ml a5 7K
IKFTAEAREE SO, I OB i A s v L — 2otk
GIBLER i

T AR A B R A - 5 R A A o
AR 2R X AR 2E K N e 58 i U ) % e A
WEE N, LV H N RS — ARG R
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%, FEiE,

XERE, MER / EEEEERERNK TR REIRELSR

5N HRSF , SCRPRCE A RS B 8 B A
B, I 308 2o B AR WL A sl e R Y B
R, (7 o SHe R TRU= AR 5 o R . AR
D75 T, 5 AT XA FE 55 B Fn AL BTG 4 B
L5 ML, M iR e 22 K 22 TR TN 220 I A
F4 R R e 4, A 4 T Sk PR RE 2 Ak

AETT , T ad 23 I 32 W AR HEA 3 05 5 45 6 TR ML i fie
PEROARBEA o 1 i R GEE AR I =L S AR
AL B, n] LA R pR 2 HiT K T TSI B sk
TSGR I B FR AN GE— LSRR HE X L A (7]
R, R SN N R R RIS A A R e B
W SERER , HEShK T I RAHLRLAE A ) B e 7KF
K.

5 & iF

KT B S R A B 1K S HLILSE Y
& ARSCARGEREL T2 ] KN AT S5 gk
S AR R AR AR MR B b A T E
IFFAETE Z )R BRYE . 16 5, Y A B A 77 1 b PR A
ati AT A4 T, BA R B 22 4R vh TR R TR, X
A A B A5 R R XA 7 5 AN A 5 L, fF’JﬁF'%HiZJEL
ZRENE LA L 1) S 25 A B, Bt 5 0k 2R £ T
VLT A W) 0 SR 3 %ﬁ%ﬁ%ﬂ*&lﬁﬁﬁfﬁ%m
AOREAS i it o [ I, 8 P PRI AT WA 9y 10 1R
PERFAE  (H B Xn 4 2 o0 IR &, Bk = K0 30
AL A 5 fo i, B AR T R AT 5 it L AN TR
B RIPRTE B Z G —HRifE , Q030 SR TERE FE | 25
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