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Underwater image segmentation methods: a survey
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Abstract: Underwater image segmentation serves as a foundational technology for numerous marine-related fields, includ-
ing ocean engineering, underwater robot navigation, marine biodiversity monitoring, underwater resource exploration, and
underwater archaeology. Its primary objective is to accurately extract target regions (such as marine organisms, underwater
equipment, and seabed terrain) from underwater images that are inherently degraded owing to the unique underwater envi-
ronment. Unlike terrestrial image segmentation, underwater scene segmentation poses unprecedented challenges, includ-
ing light attenuation, water scattering, color distortion (predominantly blue or green tones caused by differential wave-
length attenuation) , complex target—background interactions, varying water depth effects, and the scarcity of high-quality
annotated datasets. These challenges have driven the evolution of underwater image segmentation methods from traditional
handcrafted feature-based approaches to modern deep learning-driven paradigms, with task granularity advancing from
coarse to fine grained. This review comprehensively summarizes the state-of-the-art progress in underwater image segmenta-
tion, categorizing existing methods into three core tasks: underwater salient object detection (USOD) , underwater image

semantic segmentation (UISS), and underwater image instance segmentation (UIIS). USOD is the most fundamental seg-
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mentation task, aiming to rapidly locate visually prominent targets (e. g. , fish and divers) from complex backgrounds and
output binary foreground—background maps. Early USOD methods, including quaternion-based distance Weber descriptors
and improved histogram equalization techniques, relied on handcrafted low-level visual features such as color, texture,
contrast, and contour to model target-background differences. However, these methods lack robustness in low-contrast and
color-distorted underwater scenes. With the advent of deep learning, convolutional neural networks (CNNs) have become
the mainstream given their ability to automatically learn multilevel semantic features. Representative CNN-based models
include SVAM-Net, which integrates bottom-up and top-down learning via a dual-branch architecture. To address the limi-
tations of CNNs in capturing global dependencies, scholars have introduced transformer-based methods, such as TC-USOD
with a hybrid transformer-convolution architecture and HEHP, which leverage heterogeneous experts and hierarchical per-
ception to achieve state-of-the-art performance on datasets like USOD10K. Recent advancements have also seen the integra-
tion of vision foundation models (VFMs) such as the segment anything model (SAM) and diffusion models. Dual-SAM and
MAS-SAM adapt SAM to underwater scenes by enhancing marine feature learning and refining fine-grained details, while
DiffMSS and FSCDiff utilize conditional diffusion models to mitigate underwater image degradation and improve feature rep-
resentation. UISS is a more refined task that assigns predefined semantic class labels (e. g., fish, coral, seabed, and
water column) to each pixel, enabling structured scene understanding. Traditional UISS methods include threshold-based
segmentation, clustering algorithms (e. g. , k-means) , and classifier-based approaches (e. g., SVM) , which are only
applicable to simple scenes with distinct interclass differences. Deep learning has revolutionized UISS, with models based
on FCN, U-Net, and DeepLab series dominating the field. Key improvements include module optimization (e. g. , UISS-
Net with auxiliary feature extraction networks and SEA-Net with severity-aware dual branches) , data augmentation tech-
niques (e. g. , multispatial transformation and CutStitch) , and loss function innovations (e. g. , combinations of cross-
entropy loss, Dice loss, and boundary-aware loss). Transformer-based methods such as Swin Transformer and SegFormer
have further enhanced performance by capturing long-range dependencies, with CoralSCOP (a SAM-based coral segmenta-
tion foundation model) achieving exceptional results on the large-scale CoralMask dataset. These advancements have sig-
nificantly improved the ability of UISS models to handle complex underwater scenes with multiple categories and overlap-
ping targets. UIIS is an advanced task that distinguishes individual instances within the same semantic class (e. g. , differ-
ent fish in a school) , requiring category classification and instance differentiation. Because of its high complexity, UTIS
primarily relies on deep learning frameworks adapted from terrestrial instance segmentation. Early UIIS models were based
on Mask R-CNN, such as WaterMask, which introduces attention modules and boundary refinement to address underwater
image degradation. YOLO series models (e. g. , YOLOv9-N and AASNet) have also been applied for efficient instance seg-
mentation. The integration of VFMs has marked a major breakthrough in UIIS: USIS-SAM adapts SAM with underwater
domain prompts, Marinelnst optimizes mask filtering to reduce oversegmentation, and UWSAM achieves efficient knowl-
edge distillation from large SAM encoders to smaller models. Emerging architectures like Vision Mamba (e. g. , UIS-
Mamba) and self-supervised pretrained models (e. g. , DINOv2-based DiveSeg) have further pushed the boundaries of
UIIS performance, with DiveSeg achieving the highest mAP on datasets like UIIS and USIS10K. Meanwhile, various
benchmark datasets and evaluation metrics have been proposed to support the development of underwater image segmenta-
tion methods. For USOD, datasets such as USOD10K (the largest and most widely used) , UFO-120, and MAS3K cover
diverse underwater scenes and target types, with evaluation metrics including S-measure (structural consistency) ,
F-measure (balance of precision and recall ), E-measure (robustness to degradation) , and MAE (pixel-level error). UISS
datasets like SUIM (the first large-scale semantic segmentation dataset) , DeepFish, and CaveSeg provide annotated
samples for different application scenarios, with core metrics including mean intersection over union (IoU) , mean accu-
racy, and average accuracy. UIIS datasets such as UIISIOK and USIS16K (with 158 fine-grained categories) enable com-
prehensive evaluation of instance segmentation performance, using metrics like mAP, AP50 (loose IoU threshold) , and
AP75 (strict IoU threshold). Benchmark results show that hybrid architectures (combining CNNs/transformers/VFMs) and
domain-specific optimizations (e. g. , underwater image enhancement modules and depth-aware fusion) are key to achiev-
ing superior performance across datasets. Despite significant progress, underwater image segmentation still faces several

critical challenges. The scarcity of high-quality annotated datasets, especially for deep-sea and rare marine species, limits
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the generalization of deep learning models. Additionally, the variability of underwater environments (e. g. , light condi-
tions and water turbidity) leads to poor cross-domain performance. Future research directions are focused on addressing the
following challenges: 1) few-shot and weakly supervised segmentation to reduce reliance on large annotated datasets, lever-
aging metalearning and transfer learning with underwater physical priors; 2) open-vocabulary segmentation, integrating
vision—language models (e. g. , CLIP) to handle unseen target categories in real-world applications; 3) referential segmen-
tation, enabling interactive target localization based on text descriptions or other reference information ; 4) real-time multi-
modal segmentation, fusing RGB, depth, polarization, and hyperspectral data to meet the low-latency requirements of
underwater robot navigation; and 5) cross-domain generalization, combining domain adaptation techniques and physical
models to enhance robustness to environmental variations. In conclusion, underwater image segmentation has evolved sig-
nificantly from traditional methods to advanced deep learning and foundation model-based approaches, with continuous
improvements in accuracy, robustness, and applicability. The comprehensive overview of segmentation tasks, methods,
datasets, and evaluation metrics provided in this review offers valuable insights for researchers in the field. Future advance-
ments in low-annotation-cost, high-practicality, multimodal fusion, and cross-domain robust methods will further unlock
the potential of underwater image segmentation, enabling efficient and intelligent exploration and utilization of marine
resources.

Key words: underwater image segmentation; salient object detection (SOD) ; semantic segmentation; instance segmenta-

tion; deep learning
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FE SCHYTE SCE I BRZE (Can =407 R a7 K
K78 SEBINK T s i AT A5 M A B . 24T
5 its B BE X 23/ 55 8 5, I RE AN A
RN B, BK T sl i bR . AFRE
SRR P AALZE RN 3 TR
L2.1 TP TR 7k

1&gt SOy H0 7k [ REHC T TR E S AL SE L
w2 B e R B T A HI R O s AR 1A
B AN TR S S5 2R 1 I JBE BB (0, 3 A 22 57, BOE 1
(BRI 23 g AN [R) X8 90, B X0 i i 7K
P8, 3 o i €2 368 T 1 O 2 PR L DX 7K AR A5 TR S 5
i Owsu 509% A S R 0 A . 2R T7 IS
FH T2 (8] 1R J32 2% S Wik 2 1) 7 537 5t (b B g IS
SRR TEvE AL B 22 200 AN R Y 52 Ak T &
B HUOE TR Ik (L%, 2016) RHE R
S A 3E 2 R 2S5 (40 K-Means . Mean-Shift)
FERFIEAR LIS R B — 28, el 2R o3 il
FIH K-Means X 7K T EHMZ B HSV B0 25 [A] R 1k 1
PR, XM (Z A% 0) 550 (ZRKE) .
ERELER G Z 5 LF B T EN TS 3 SR
i), EOGT I R R RS BURR . R R T e AR
177 ¥ (Rajasekar 45 ,2015) , #E U R ME K
Hei TR, (AL 58 73 28 4% (N S 45 ) AL (B
BLARAO XS R B AT SR, Sl SOl g
TR R P FE A X IR o326 B AR T 1T
TR (RIS HI MRS B R e 245 2R, HL

() 7J<1 (b) UlSS-Ne (¢) SEA-Net

(d) FSLhREE
B3 oK il OB Rk Sk i nT A 45

Fig. 3 Visualization results of representative methods for

underwater semantic segmentation ((a) underwater images

(b) UISS-Net; (¢) SEA-Net; (d) ground truth)

FTRHERYFRIBBE I AT R, XE LA D AR5
1.2.2 LT CNNAY Ik

5KF 35 BRI —FE IR EE 5~ 5 1Al
RS e 1K R SCor R RE, o, X T
CNN 11 22 B3 SC o3 1 0 45 E A7 A6 B b i 1o 32
Wio O’ Byme 2 A (2018) 2 H A& MUK T BRI
%% SegNet (segment network ) £ 781 | P 3 35 BE F £ (€
SCHF 1] ALY Je Ak BRI AL R iR o B4R, S
X ESK T BRI X3 #] . Liu Al Fang (2020) 78
DeepLabV3 +(Chen % ,2018a) i 4 i #5454 Fh 51 A
Te B SO IE T LT EUR B R , T s 25
F RSP FoRAEJZ TR B 3 2 HARRRIE S
YytAcih FA5 . Kim Al Park (2022) #2 H 34718 X4
#1 /W 4% (parallel semantic segmentation network , PSS-
Net) , L U-Net & & T . VGG-16 (Visual Geometry
Group) K #h it i , 38 4 I 47 LI Al 7 5 15 57 Ab LA
L, 08 AR i IR ) AR P A T ) )
B ULSE R A SR AE N (2024) $2 ) —Fh A
P =03 303 BRI e U-Net 25K 7K F 1 L%
R IV RE = WAL N SN S B B R RS
I 2 Y 52 B[R] IR AR 4R . He 55 N (2024) $2
HIK T G 53 I M 2% (underwater image seman-
tic segmentation network , UISS-Net) , i i 51 A% B4R
TIE$2 R0 288 A5 K R 7 SRRAE AR BBOHERR , B3 Bz [n]
2 RUBERRAE Rl A D 190 2% g 1G22 18 SUA5 B 22 e )
Wi Liu% A (2025a) 2 8 DeepLab-FusionNet FETY
Pl DeepLabV3+ 4 £ filt , 38 52 52 71 2% T HRNet (high
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resolution network ) (Wang %5 ,2021) %) Z2 R EERFAE K]
il B A B g i 22 ROSF H AR 3 %I BE J o Zhou F11 Li
(2025b) 4 Hi HF HRNetV2 (7K T i 43 B RiE Loy
HIRZ5 UHRS-Net , 38 i 42 180/ 2 250 7y g sic
BT AR BRRAE S3iff , Z2 ROEE AN TR 40 #13k 427
ANELZY e RSEUR o A

R T 28 BT O, BT A e 1 o
R BB EEAT BB . Tslam %8 A (2020a) 42 1 T
AL KR G SCo3 BRSO E A 4R
SUIM (semantic segmentation of underwater imagery)
A — b 4 2 AU A5 s — ffk A% A% 52 84 SUTM-Net,
Wang 45 A (2022) 1518 1 2 2 [A] 22 4 47 1145 44 5
DLRRE I A6 K T PG B o, 538 4o 66 T i % o — i
T % ZE M R AT K R BRE S & . DA 5F A
(2022) 48 T —/ KT A B K R i S0
] 2% US-Net (underwater segmentation network ) , il i3
VIO 2 A i s R A I - R0 2%, S8 1 XK
TYMARSE S FAEM:>] . Chicchon 58 A
(2023) $i2 Hh 45 & 22 UM 3 2% | Dice i1k 5 2 T
Chan-Vese PRELMY 3 Zh5E BR401 K A9 5% Rk, H
F IRt i) U-Net il DeepLabV3 + #71  F 4 FE
AN (2023) Sl i DA R £ A 22 25 (R R 58 /KR
PG, F1 B 0008 2 i) 4 A2 (1] 43 7 B v AL A e
B HARATT . SRS A (2023) R i A Al
X B G fif 0% 4 45 44, 25 5 B OHEMCELoss (online
hard example mining cross-entropy loss) Fil BCELoss
(binary cross-entropy loss ) ZH h¥ ) 514651 % pRER LA AL
1%k 43#], Nunes Fl Matos (2023) £ SUIM 544 -
454 FUR B 5 BOR O AT FR 3 R 24 4546 (con-
trast limited adaptive histogram equalization , CLAHE)
45 ) SE G RIS (X UM L 2601 28 S Ak
FEREARZE ) (AL SegNet 8 . Zhu Fl Zhang(2025) #
H SEA-Net (severity-aware network ) , il i 5] A J™ 5
PR AR KT G Ry s MR ™ B, WL 358
BINZRLANE s AN W)™ B R R MR R 22 ] o
1.2.3  FEF Transformer %) J7 7%

TE F F Transformer [ 7K T 15 L& 7 ik,
Abdullah 25 A (2024) % F Swin Transformer (Liu %5,
2021)F T M %% 2 RE &7 Hb ik 50 25 ER
GBI, AH L IRAT SOTA (state of the art) BEAY, A7
R PR B R 32 v HLMEREAH 2 0 Chen 58 A
(2025a) XF FR i SegFormer (Xie 55, 2021) £ # E 17

o 3E 38 1 % H Mix Transformer ‘B T W 4% & # N
Swin Transformer LAY 58 FF fiE 42 UAE T, HFAE 5+ 1
SRAE T BOME RS % 5 | s A2 RUBE L LA
AF Al 2 ROBEAFAE o Zuo 5 N (2025) 42 i
UWSegFormer (underwater segment Transformer) f5
B T8 BT K T G 5T R RR H  5 vep J
IEREEISSIBE S HIEINES S Re-wiki $3=
R 22 R RFE , DL SCRME 40 775 8 A0 e M 2
PR T HbR i 47 I B J1 . Li%E A (2025a)
£ H UISFormer (underwater image segmentation
Transformer) , i 14 CutStitch 2GR R F 5FH
BRS04, 75 S B i A A 2 R A 1 iR AT e S 3
JRrti 5 xRy R AT BRI, A D i 45 -5 A 4 18] 1
T2 RUBE R IR 5k 22 fil 5 RS DR A D 1 SO Y o Cor-
alSCOP (segment any coral image on this planet) & B
AT o3 I LRI, DL SAM R B T IFZE Mg e Ak
VR RIFATIE X3 30, 56 OREA I 2R SR fige
Pt SCTE A5 1k 73 B ) R, G R ML CoralMask
Bt A WO 2 Jn B s TAEAZALRE JT , o 330
WS AP R R AT A
1.3 KTE&EE 5 E

KR AR S5 73 F 2 S i K T B F STy
BIAE S5, H HAR R e o B ikl b, 2D X
O3] i S T A R ASMASEG] TS24 )
155 WS 28, HOWF Y 2 TR EE 2 ) i, HR
2o S il 529 0 0 B R HE SR, IR X5 K T 5%
PEATERCOL AL . ALk 5 ] AL S5 R AN 1A 4
NS

(a) KT (b) WaterMask  (c) USIS-SAM  (d) UIS-Mamba
B4 KT S35 BRI AR T A2 R

Fig. 4 Visualization results of representative methods for

underwater instance segmentation ((a) underwater images

(b) WaterMask; (¢) USIS-SAM; (d) UIS-Mamba)
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1.3.1 T CONNIk
Mask R-CNN (He %5 ,2017) & 3£ F Faster R-CNN
(faster region-based convolutional neural network)
(Ren 4§,2017) fy 22 B0 52451 73 FIMESE , i@ 1 7 Faster
R-CNN {4 5L Al b 35— B0 73 52, S B
AMBEVEHE R R PRS- . Lian 55 A (2023) $2 1
T EAIKT R SE ) 53 FI A WaterMask , A L i
3 51 Mask R-CNN, — &4 th 1 22 53 AH L& v
S=WAL 8" S PuRawENCNE SIQLIRER-WAE: Sty =N (Ve N
TR RS AR PR BT 1R A AN SRR 2% 1 4
W RO 2 PR R AN AR Rl B R 4 B
L EE FRAE 15 i A Y AR RE AR, 43 ) TR0 AT S
5 AR s =R I P S S A 2]
& ALK B S A 30 AT o Chen 48 A
(2024) B HE Mask R-CNN (9 $71iE 5 7 85 9 2% (fea-
ture pyramid network , FPN) , 3 38 25 A Bl X it ) 4%
(generative adversarial network , GAN) ¥~ 78 /K T 1%
Btk , B4 6 ORI £ BR L ZSB00 5 00 L EE Y
SR 1 4G O AR SR R T AL B R DL T BT Y AR
N (2024) #E Hi CAM-RCNN (coordinate-aware mask R-
CNN) AL 38 3 filt 5 A6 75 45 B ( Coord Conv ) 5 43 2
54—k (group normalization, GN) & F+iZ fb P 5 55
Y. Pan F1 Pei (2025) 7 Mask-RCNN () 5&fih | 2
BARIS-ERA HESE 4,5 T 1] S5 451) 43 %1 4 110 S 1 4
fb fi# % % (boundary-aware refinement decoder for
instance segmentation, BARIS) B4 545 1Y FPN 4% L4
e 2 R RAE RN &, PR 8 B3 L A% (envi-
ronmental robust adapter, ERA) F T = 380808 S50
B T Mask R-CNN # % | YOLO (you only look
once ) F& GBIt PRl i 03z T S0 3 AT
% o Tang 5F A (2025a) #2111 3T YOLOvY(Wang 55,
2025) (7K T MG S0 5 B 5% YOLOVO-N, 3 i
BT B9 AE Ja ER A HE (non-local-s ) 5 B 2] YOLOv9 ¥
2% p3JRJE L BEBAR SEARARLEE 5 R TR S LA g i AR
il 42 PR G B B AR &b L IE 4 ) R K% £ BR /)N H A
HEMBET) . He 58 A (2025) & 3 3 =5 7] 38 X B
[Fi) v 2 AL 5 0 T G 6 T ) Rl S AR, A A
e Jm A 2 R 5 BT L BRIUAR(E B ik A YOLOvS
(Varghese Fll Sambath , 2024 ) [ 2% 1)1 BE $2 1A T
AR Kong %8 A (2025)# H3ETF YOLOVO /K F
52 51 43 E) #5 Y AASNet (agricultural aqua segmenta-
tion network ) , 34 5| AKE T K I A G FR B PE 4R

fIE TE) 2 M AR S Y 2 MEAE S TE R I AL A koK T
Yot AR S B0 22 S R B R A — B R
(7] I 2 Sl A 3 I A s A 2 I X A i K 4 A Y- Ay
DI 2R PERE
1.3.2 LT RER R Y ik

N T B DR R BRI A B 9 )
1 SAM (Kirillov 45 , 2023) . VMamba (visual state
space model) (Liu 4§ , 2024) . DINO (distillation with
no labels) (Oquab %5 , 2023 ) 25 # 5& F& Al AR 7 5 A K
TG EIE ST o Lian %A (2024) B UOK SAM i
KT 3% S 5 FIAT 55, 2 11 T USIS-SAM
(underwater salient instance segmentation-segment
anything model) 1% 8 | 38 &F B2 117K T H & N 40 58
Transformer % ith & , 15 Bl 3k FC 45 filt A 7K T 45048l L
P PRI 52 2K R 5% (03 LA 5 1507 Wl 2
FHAE$E 78 A Bl SFPG (salient feature prompt genera-
tor) , F 3l Az . 35 B s L 52 3 21 3 23 Y, TET A
T3 A 5 5 s HE . Marinelnst (marine instance)
(Zheng 25 ,2025)7E SAM Y #EA5 i 28 thoim A — ¢
SR 8 A 2 E U R A I SRR i )
et , i BRIC S BTE SRR PR AR, F e A 2 4R
) Marinelnst20M Z(HiE 4 AR 2L Wil 25, A7 30 e 1
PR A TR P R 83 4 AR 40 53 ) [
H 32 A sh 52 B A PR E B, O 5 2252 Bl 4
R KR YRR AR E S BT AR 55 B8 T i o e A A
filt o 4T M e SAM B vE 5 R R TR, Li AN
(2025b) #2 Hf UWSAM (underwater segment anything
model) , 18 i B T HE (&1 2 T 48 9K R ARz
1851 5 SAM 9 ViT-Huge R 4 525 i) 110
1R A ZE AR B /N ViT-Small BG4 i 25, DL SE
A R RAE 2 > 5 oAb, Wit 1 v B K T
F R A A A 3 AR K TR 7S, AT 19 2% BE 6% F
SRR S, S R

Vision Mamba 1 2h B 4R 78 25 [A] 45 &Y (state-
space model, SSM) BT 2440 5t 42 44) , DL 2R M 7 471
AR AR % B N B A B AL AL OO TR
SRR EHE TR Wk & S = & S k)
B S AG o3 F) AT 55 $E AL T B Transformer AYHT Y
o Cong %5 A (2025) 2 1 12T Mamba HY/K T
SEA5) 43 EALAY UIS-Mamba (underwater image segmen-
tation Mamba) , 38 i Fe VR #b T 50 25 0 B8 TN 45 i LA 4k
T S N AR E RSP, PR T Neut HYBREUIRZS 55
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FE, T5E, BEE, MER /K TEGSEFEER

PEHLTII ) 52 2 S5 T AN R AR S RS AL R 5 R
Ui, [ I PR 3 A B 2 RO R R R
DINOv2 1E 2 H M5B Bl 25 40 9 Transformer 4 S 71
FRF, SRR TOhR TE B 27 > B9 38 FH AL 58 FAE M K
14 85 T B RE ), T AN B AT A 22 Fh T A
AT R IAL P RE . Chen 55 A (2025b) #2H i
AT DINOV2 (7K T 5245 43 #1455 Y DiveSeg (DINO
vision enhanced segmenter) , K 7K T {4 % XU R E ik
A E DINO e 2 v, I 38 2 — ik 2 31 5 7
FIAXF R SGE , Ay B o % G S S5 15 20 41 L ) i
1173 FE S5 R L A 1 =, SEB T BB HERIK TR
S o FIVERE o
1.4 KTEGDEFEXKESH
SR B H AR i S #5545 oy
BITEAE 55 R0 EAFAE 22 57 H 3 2RO ER TR H AR 1 ik
FEAE T 28 BRAR L5 10 A S L S B T R A4 T
FEORHE . MAT S5 RLEE R, = 3514 WO MORH 0 48 11 5 2
Sy EIG A - M H ARSI R AR AL SRR, A
J5 SAT: 55 P A IX R B 7 L BITEAR R G5 A
FHME B 5 L) 0 T — 28 X o0 () 26 H s B AN [+)
A, ZF OB AR . WA R, 326
TPk T TF THAE S| CNN | Transformer, F- 3|
D BRI B A R BRIE , HAATH B P i 54T 55 1
RS, ik L 2 RO R R & 5 B REASAE
A 3 28 AE 55 TP A IE BT o MDA SR
A LA KR R A PR O B Bk 15 )
3275 kAl R 1 SR SR (oK T BERLER AL ) 45
R RRESETT G AR 2R ) B2 b B AR (2 8 4
) o AEAF TR, BEAE L0 BE R Y (4 SAM)
A 3 AT 55 S B A R 3 - 48— 2Ry sl i 4 7
TR T TE AN [RDRLBE A9 73 B 555K, 19140 DiveSeg HE 42
M AL AR GRS, (il [F] — AR m] 535 S A
PRGN R S 73 B 2 RAE 55 o X FEOR PR 5 42
HgE— , IEHESK T EGor 1) “ — R 2 AT 55 7 /Y
A R, O 52 20K T L B R A AR G Al A ok
VS

2 HIREFMITEMIERR
2.1 A TEGSHRIHIRE

2.1 1 KR B E ARG DN Kt 4R
UFO0-120(underwater fine-grained objects-120) %%

fi B I Tslam 45 A (2020b) & Hi ) 32 R 5 |
HE I PEA BTN 24T 55 LR G K T KR
Bl e, 381 620 1R P15, 1 500 BT TUI12% , 120
T RS R R FE R + B By
P B AN [EDG AR R KA, PTIZAE8 1 0) 52 %
KR e 25 o UEBOR BN TR 3l A5 ) PR AR R AT
55, InIIAE DOAT AU R S

RUWI (robust marine animal segmentation) %§ 4}
4 (Drews-Jr 55 ,2021) 72 F T 30 WE 53 2 2 AL R Y
AN BoaiE 4 L 3 700 i 1145, 525 W T 4%
175 W F 00 bR 2800 LLiEe e sl (An & £ iff
B N F . BIRER I S KT g
Y, USRS S i SO K PRI R A2 Ak, A AL
PR X S A HAR RIS I AE T

MAS3K (marine animal segmentation 3K) g 42
J& Li %5 N (2020) 32 HY A Tk 4016 78 s ) . 25 1
K A Fedn e , 36 3 103 IR 1R, 1 769 iR P T
25,1 141 REE A T, HAR LB S E 24101
TS Ry 32 (& o fh 5 0 LR A2 5 AN [a) K
LSAEAQNT R ERESTION

USOD (underwater salient object detection) %§ 4}
£ (Islam 55, 2022) 1 7% 300 i W L AR, 45T
USR-248 (underwater super resolution-248) . UIEB
(underwater image enhancement benchmark) , EUVP
(enhancing underwater visual perception) 3 > 7K T %%
P rh AR TN ZR 1 SR M SC PR R IR, B
B ZHENK TR SR HER . KGN
2 AR T B A HARZN KA R H5 R K
5itgK , HAL S B IR AT R LA IR K
IOEE T, BEA RO AG AR AR B R BT AR
AETT.

RMAS (robust marine animal segmentation ) £ 4}
BT Fu 5 N (2024) 4210, T T E S W s e v Wl 3
PEAG DU B B 4R L 6 3 014 1R EIE, 2 51408 H Tl
%k, 500 M8 T bR 28500 BR%E 5 DLt P A=
Py CHnE] e AR R DL ), PG 56 AN [RDIG B AR (3
2506 RIZEDO0) T LUKIR I B A 41 o 3, I
DG Z T AT IR EE R R E FARBOR IS B

USODI0K (underwater salient object detection
10K) Hudfa 4272 Hong 4 A (2025a) 2 H 15 > KM
KT 58 35 A I BE R 4R | = i 2% 00 H fe
IR . I BRAEIE 10 255 TR, 7 178 i
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TNk, 2 051 i@ T 541k, 1026 18 T Iit T
T 12 200K 5 CAnsm a8 ok T s E)
5570 26 B 0k B bR (lnfa 28 KR HLER A DO iR
B2 K DLAE) o RUHG AL SO0 BRI BN i SO
LK B 60 i €00 45 A2 T ) 7K 2k LR A R SR At Ay
PR AR R PR R N Bhril SR R
2.1.2 KN SO F R4

SUIM (semantic segmentation of underwater imag-
ery ) BUHE4E (Islam 45 ,2020a ) & L /K F KIS E L3
HAE TS R HUBEE AR, B R IR TR A
NHUBME S50 L IR S 4 L BEAS S R L5 H 2 4
HYK P ERBRIRBL . i Bds R A5 1 635 IR 1R
1 525 Wi FHFINZRAEEUE , 110 MEAE AL | pniE 2
AR HI G KT s e bnitioRk B R KR 5 A
WK G RAEREY) USR8 AL AR 3]
TR/JCA MESI Y | 02 HE Sl W) A9t PR AL 8 2K
R R SO BRI 2k B0 5 PP R AL T
W H 2R BOREAR S | i 12 G el b S A S
AEI/E S

DeepFish (deep learning fish ) %5 #% 4E (Saleh 4%,
2020) S 18 ] 7K £ 2 S HIE 5544 A it B a2
HCE A PR T 20 A PRI L AT T VE PR S 1l
AT B 0 A SRR B IR 4
40 000 MR 7 bR 25 K T & 5 A sEARE T
300 M B 45 1 o> AR RURE AR5, b 2501 o3
NS R (28 P R A T 28 HARRY 21
fE55 o TESEPREHIR, IR 9: 1 /Y e ik Hodal 73
HINGREE 5 MRS , 7K H A0 ETE o FIE R A
REgUE 5 UL AR AL 1 BT X B e SR, JR HGE T
TR TR A S AR DG SR A

CaveSeg (cave segmentation) %% #& £ (Abdullah
85,2024 72 B XK R IR 7 5 S HIR Y
KAAEELHE AR | B0l 8 3 38 42 W5 7K 4% (remotely oper-
ated vehicle, ROV) 7K 51 78 224~ A [) M R [X 3 1Y)
17 7R GE R BRI, AL E B XK NI X A 3230
KEEI 134 HARZEN . IR KRR 3L AL % 3 350 IR
RPFTEREA NS, 530 2 848 IR 64K 168 i 4o
UESRAN 334 WFINIRAE . B K R T H E 3R
RS T OCHEEOE S, B D HES K R IR CH 45
AR K JE

CoralMask (coral mask dataset) %% 3£ £ (Zheng
S5, 2024 ) 2 21 i RS S R ) B S 4 | RdlE Ok

JET H IR AT AL IR TR A A= 22 5K
FRAERY KT i 5 A 4R 2 A I A A, B
A EMR Z REPE S b TE 5 4R 40 A9 R i, 0
41 297 W P A 1% K 330 144 A IRBIFERD , S2 45
W AE ] 6 25 A KL B 14 2 8 055 2 b 1
SCHEGBRTE , Rt R U3 o8 4 00 ) e 22 1 e 3 o3
MrE 55K o
2. 1.3 JKTT S BV A

UIIS (underwater image instance segmentation ) 4
P42 Lian 55 A (2023) $2 H 195 4> 2K T 52491 43 1
SRR AR RS T 20 KT BMEORIE, i 18 3
4 628 i =g TR K R R, b VI ZREE 3 937 iR 56
TEAE 691 M . [R50 o5 S IR Ak K A AR ) 35t
WEEZ K N HLER N CNRTEOK B R T
OB S e RIS 5 AL S O UR Y KR
HCG A5 HL R K R 2k EL, 2R ] COCO (common objects
in context) g ZAFfift 15 28 2 S 151 1 448 17 11 s SFATE
bRl BEA ROTAG A TE B A0K T 55 T i SE 4] 53
HlfiE

USIS10K (underwater salient instance segmenta-
tion 10K) Z 45 £ /& Lian 55 A\ (2024) 42 i (19 &5 1> K
TR A FIRAE AR . B R IR T B I K TR
I BRI 1 L S B RS bR
BRSBTS ZRNAR S A FE , Sy 2R
TG (A 53 0 425 S 401) ) AT 2R 31 A G (] P 99
MDD PRTESS . 425 10 632 08 B, %l 73 J )il 25
827 442 T B UESE 1595 R AT PR 1595 . iR
w02 AR KRR KR RYE N ZSHE K G
Plas AR S 7 20 AR L + /)
FAR" 5%, 50% FRRE FAR i LE < 10%.

UIIST0K %40 58 J2 Li 55 A (2025b) 1 2 1) K B
BOK T 520 7 F R 4R L 72 UNS B R Y g . %
B 4410 048 18 K115, Il 254 8 083 1 , 4 ik 4
2 010 W , 41 862 MG R G2 I HE 5, 5 ULLS 7 18
5 420 MR PEI5 K 13 452 A5, 78 UTIS Jea Lo b
AT h ) (it fa, ) AR Sh Y (5t ) Fihr
W CETR B TR FEY)) 34251, 52 H AR i
RIYIK T S48 73 BB AE 4R

USIS16K %4l 48 /& Hong %5 A (2025b) #4 & (1 2
S ET KR 3 S o BV B AR . i e AR A
16 151 g 73 B3 OK R &, 0 I ZREE 11 306 18 |
B EAE 3 230 MR AN ECAE 1 615 B, 427 158 4~ 4l 43
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FL A AR S 5E A28 12k 0
o) KT R KR 288 T H st KT i
it KR KT BREE A o FiedE ok UE T B K
2 USOD10K HudisE DL K AL JF A A5 OK R T2

Pl AR AR TEA T A (IR B8 B 4l ) (A 3¢
HE R PR EARI RS GRS , 73 HE AT )

IR T BRI F RS T A S A Bk 1
IR

®1 KTEGIBEHES

Table 1 Underwater image segmentation datasets

KA EB

HR RS G RE S

Bt s

UFO-120 2020 1620 2 BT B ARG I R SR E B R e S X R AR g

MAS3K 2021 3103 2 EHANZI YR R MR SRR A A S 5 A4

RUWIL  ppgespey 2021 700 2 EAESUK LA A MARELIRGE 58 th HL SR

USoD 2yl 2022 300 2 ZMUNIELEEMEBORAE 5 O I I S PR

RMAS 2023 3014 2 IRAWEEAY S AT SRR R 27T 5T A b i 2 A

USOD10K 2023 10255 2 EHAKMBDK T BB PRI EYE 4 mss 2R Has, 2.

SUIM 2020 1635 8 HHAZLIE SUK T 4y 83, L i 208 UK T S 50 g i -

DeepFish 2020 300 2 EHARIEASFI RS TR S SO0 5 P A Y IR IMERE
IR 43 o

CaveSeg 2024 3350 13 EAUKRIRSGE U EIEEESE , s B IDE RAES Y R

CoralMask 2024 41297 14 EARHUEINEN A 08 oI BR AL s AR LS M R A

UIIS 2023 4628 7 AR S B B T s MR A Wy s ) R B AR

USIS10K 2024 10632 7 A ROHU 3 S 43R S, SRR TG OG5 2 IR I 5 A
IR S 43 . ,

UIIS10K 2025 10048 10 UNSHEHIRAEMDY A, EGECR Fbr i g dE—2E 140 .

USIS16K 2025 16151 158  He RHUSLIE 2 506 13k, KR BARZSIN &, i B2 5012 1L ig

2.2 iFMIERR
2.2.1  REVE AR 16 bR

1) G54 —Z P I B (S-measure, S,) o Hi Fan %5
N Q017) #2245 E " B ARG A M AR 5 X ek
DA FYARRNE” A7 e o 25 P I 5 NS0 S — 3
PERTEIR . BAAE R

S,=axS +(1-a)xs, (1)

K, a ALE 28 S, BARGONRUEE |, 4 5 i) 55 IX.
SRS AE — BV 5 S, R IX B ARLE | 35 T 45 #4 AE A
PE (SSIM) i 12 Jmy AR KR SR 45 A DC LS S, By
i WY d 2 T 5 A N 28 L R i B2 G
g SO

2)F ] £ (F-measure, Fﬁ)O i Zhao 25 A (2019)
P R TP KT S AT A iR (preci-
sion)” 5“2 2K (recall)” WAL MBS #5
HAZ U R 5 AR %S GEF IR0, 3 LU=
iR ), AR L B H s (g b K 4

25 /N H bR CAnPziie A= 9 s A B2, 2 SR
=4 ;;f:);f; R (2)
K, P = TP/(TP + FP)CHUN A A 5t 5 2 h HL AL
HFrdi L) ,R = TP/(TP + FN)( E5Z B Arfg £ vk
IEBAREIN B L)), TP R EBH PR 2, FP A AR FEE
1R Z  FN B BAMAR R . 1% F8bn il o 8 8l B (0~
255) RIS, T IPAR RAAE E 4K T
£575 e Sl e Rl s =
3) E M (E-measure, Ed,) o Hi FanZE A (2018)
P JRARBUK T R R R PR 2275 G B —
M BB TR A, U TR AR AR B R
BB TR S R AR . e S i 3l A AL
¢ AR R IR E S, TR
poo2x-é)xe+g
Pl -+
Ao, &R R Pz 25 (g i 0 14 5 B S hR 1 13

(3)
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B R ) o AEHAUME GFAG B ARSE S , an 3
NGO B BE) o by A IR 55 PR (7 e V2
Yy e R A AR UPEALE ) . IZAR bR 2 B (E
TR S S LA 1 — 2otk A AU BB XS K T HE
B IEANEOR TP RS RE

4) - 14 48 %51 % 22 (mean absolute error, MAE) .
S 1 T 4 P S B R (ground truth) /R )
V-2 i 22 R 8 A, S I B AR 2R A ) ARG DU A

Hiw/ZZB(xa}’)_G(xa)’” (4)

A, S (o, y) TR0 E MR R B, G (w, y) W FLSE
EURZAE L H W 535 R EUR R & S T8 . MAE
/I, R BT (4] 5 S P A5 3R i 2 80N, G HG
FHTARS G B2 BRI /K R ARG B2 1A
2.2.2 XA EITH AR

1) ¥ ) 28 3 kb (mean intersection over union,
mloU). Ff Chen 5% A (2018b)#2 i1, 7E7K T35 353 %1
Hh e 1 B AR 3 FORG BE B RO AR AR I N T A
FAHMITE o RT I 0, HAF AR

TP.

MAE =

oV = P + N, (5)
SR I R XS Ir A 250 ToU, B~F-2448, B
mloU = %EIOU,' (6)

X, n B R, mloUBUEIER N [0, 1], {Hbk
FAT 1, R WA A2 501 73 0 0 v A R B, BE LR
B S WA AU TE AN [R50 B 0 o R vkfeg , U HGE T
PEAR SR o3 A B Y A K R 18 S BT 55

2) a2 (mean accuracy ,mACC) ., FH T
TR P G R T - R R .
X

1< TP,
mACC = ;,ZiTPf VN (7)

A, n 2R EEL, TP RN 5 LRI . mACC 1A
T ASERIAE AR A2 PN BB A OR35S
PRAZRZR 122 Lo 9], {088 g 150 I AR B o) 4% 2R 1R R
(R AT EU M R R

3) - #4728 ) v B >R (average accuracy, aACC) .
THE BT A 28 50 00 E i AR R A BB R B L
1, 3y

TP,
aACC = — — (8)
S(TP, + FP, + TN,)

i=1

aACC WA 2T S WA AL X BT A 45 3R 1 432
HER G OO, 2 DN 42 Ry £ B2 VP4l K R 18 S A3 FIARE AU 1
AERYH B4R Z —

2.2.3  SLBSFEIVEN AR bR

1)FX5k5 i #J{H (mean average precision, mAP)
H1 Lin 558 A (2014) 4t , 787K T 52461 73 04 55 h 2
KHLEE VMR R o HITEE TP (average
precision, AP) , AP J& &1 X &4~ 28 51, i i 1 5K 1
%(precision)—g [\ 3% (recall) B £k (PR ghiZ) T 19
T AR, FOR BRI 2 ) E R RS R AR . B
PRI, et 0 A2 AR PR B A T 25 2R 5 B
PR AN TR B0 R AT AR 3 5 41 [ 4
2l PRk, xhiz it 26T By AR AT ARy B S
F AP, il mAP WK B A7 2855 9 AP 2E 47 HAR P
¥, 55 R

1 1
mAP = ELZ‘APi (9)

K 0 R B, mAP RS i BT R B
mAP F B TS I AE 0 2] 1 22 8], Bl M s , 2 WA
RIYE 200 256 0 S 6 - B M RE R A | i 4 1
J2 WIABE IR A B AN B b X AN ) 2 50 52 491 4 S
R 5 3 R A O

2) AP, Ml AP, J& T4 5 ToU BR{E R 157 X0K5 &
Bhro o, AP JEAE ToU ME B E R 0. 5 A4S
B 1 KRG B, R 0 5L B R A 5 B SRS 1Y
HEEIBTIEH 50% KL L A N IESRT . 1%
B AT G A, A0 Pk AR X S o7 Y 3K
SENLRE ST e — 2] 3 B A ELROR & AT RK T
AR08 2 0 5 X A i seh B S )
B AP, NI JETE ToU BI{E A 0. 75 B i 5 19 F- 1y
K
2.2.4 VM FEARE A S R B

1) FEERMFEHR . S-measure 18 T 1EAE 7K
TR B R ) B ARSE A O B BE T (R XTIZ B
R P52 (4 SRS B S 2 s MAE RE 10 5 2% % A
22 18 A K T 556 s RS BE VA (R TSI X 4 B
bRl 2 5 NP AR 22 22 57 s F-measure 18 15 ] 51 Ay 7
SR AR Y2 3ok K AR v B SRAG: ) B, 2K R
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RO FEDR o

2) 18 X EIFE bR . mloU JEZ5 A PERE VEAS 1Y %
DARRR (BRI RIA -3 5 (i b i A=) 5
KA KA P TE AR 25 5 aACC N 3 42 Jri 18 3R 43 25
B 185 B AR FIRCRATAY  (EX /N AR - HRS B2
AU mACC fE S 2% I 50 AR A 20 F B 1, 38
BIKT ZHAIB 5

3) SEB A ENFE bR . mAP £E A S Z2 25 1) S 45
SrHIPERE , 35 18 F S S Al 5 AP & X i
FEEOREAR A7 5 (K T HLAS A BERR) , AP, X i
GRS B2 R ™ 38 A 2037 S CAn S e A 4 i
) B AE 55 IR B 27 5 v Byt B SR 22

3 EEER

3.1 EEMHEERENERITEE

T2 T ERAK T B H ARy kA
USODI10K , USOD , MAS3K . RMAS . UFO-120, RUWI
o MR L3 ESS

HEHP JU-P-7E T A 84E 48 IS T s AitEne,
X FBAR 5 THIE T 5% 55 ) 52 R %
NS @ Wi BN =t R U] B st M) P>l LTvy 1 Yy
[EARFAE Rl 00 R B M T, T 25 B oy 25 4k
B e R RGBS R R 5 B TP A [ B, et
TYERE 572 1k AE J1. HDANet-D J& HDANet (34 i
TR S IAS 6 USOD 10K % 4E | HDANet-D M
REMS 4T, 78 USOD %4k % I HDANet P RE 5 M40 G,
3X — 7 T 2 PR R PR A B30 4 1 R T R i AN T
— 7 T J& HDANet XF F I8 B 15 2 10 1L 3 48 R
N

A3 T SAM (7K T 8 35 PE H b kG I A5 A
Dual-SAM 1 MAS-SAM #BHRAS T AH X 4 8 B 48
{HVIiT-H 8 T M 484 ok TR KA THE i, HAR XS
F ResNet , Swin Fl PVT %5 52 5 9% 4 5 1 % 28 A5 750
REFETH AL . AT I A BRI 3R . —J2 SAM 2 Bt
FAEK F R8RS IIgm sk, 5K T aa K
KA 8030 25 B 5 02 SAM A — R 3 AL g
FE B ARSI — A TC R R 43 EAT 55, DR ]
i SAM H 8l A= B 2 M HE R J& — > SAM AE B Y
M

DiffMSS 1 FSCDiff #£ 2 4~ 4 4 b (1435 5 48
i B AL AR, 13X 156 B Diffusion 5% #1 4 A 3 T

F2 KTEEUHEREMNEELR
Table 2 Benchmark results for underwater salient

object detection

Bk Ak HFM4% s, T E,1 F,1 MAE]

TC-USOD T2T-ViT-14 0.921 0.968 0.923 0.020

SODE Swin-T  0.923 0.968 0.927 0.019
HDANet Res2Net-50 0.924 0.968 0.934 0.020
HDANet-D Res2Net-50 0.927 0.968 0.937 0.019

Dual-SAM  ViT-H  0.924 0.968 0.931 0.018
?OSI?D' IF-USOD - 0.924 0.969 0.931 0.018
DiffMSS - 0.922 0.956 0.912 0.020
DINet  ResNet-50 0.924 0.960 0.917 0.023
AFHNet  T2T-ViT-14 0.937 0.970 0.915 0.019
FSCDiff - 0.932 0.971 0.932 0.017
HEHP  PVT-v2-S 0.935 0.983 0.940 0.014
TC-USOD T2T-ViT-14 0.911 0.948 0.923 0.036
SODE Swin-T ~ 0.900 0.934 0.913 0.043
HDANet  Res2Net-50 0.927 0.958 0.950 0.030
usop HDANet-D Res2Net-50 0.912 0.949 0.939 0.036
FSCDiff - 0.906 0.941 0.921 0.040
HEHP  PVT-v2-S 0.931 0.978 0.950 0.022
DINet  ResNet-50 0.838 0.879 0.861 0.073
Dual-SAM  ViT-H  0.856 0.914 0.864 0.064
IIJZF(;) MAS-SAM  ViT-H  0.861 0.914 0.864 0.063
DiffMSS - 0.873 0.927 0.867 0.057
HEHP  PVT-v2-S 0.875 0.930 0.869 0.052
DINet  ResNet-50 0.865 0.906 0.788 0.032
MAS-  Dual-SAM  ViT-H  0.884 0.933 0.838 0.023
3K MAS-SAM  ViT-H  0.887 0.938 0.840 0.025
HEHP  PVT-v2-S 0.906 0.961 0.862 0.017
DINet  ResNet-50 0.862 0.926 0.801 0.025
Dual-SAM  ViT-H  0.860 0.944 0.812 0.022

RMAS
MAS-SAM  ViT-H  0.865 0.948 0.819 0.021
HEHP  PVT-v2-S 0.885 0.978 0.841 0.018
DINet  ResNet-50 0.898 0.944 0.927 0.040
Dual-SAM  ViT-H  0.903 0.959 0.939 0.035

RUWI
MAS-SAM  ViT-H  0.894 0.961 0.941 0.035
HEHP  PVT-v2-S 0.890 0.972 0.959 0.024

e JIOHL T R R R IR 2% B B B B R R A R
C IR R, | SRR AR T F IR S
kAR P BEARSCAS B

PR AR 9 A B AR AR Y 308 e DL e 7 31
T PS5 1 2 20 K Wl i, B0 42 2= 7K R iR 4k
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K AL A UL R IERAE AN 22 RR T, kK R
FPER AL T E YNGR U B R
ST AR TR
3.2 BXDRERIIEE

KR L5 BT 55 7€ SUIM |, DeepFish | CaveSeg
Hl CoralMask Ht 4 MEHEAE by SEMESS SR IR 3—3k6
B

SUIM #5408 46 33 365 K AR5 5 (BW) L AR /K 5
(HD) JKAAEY) (PF) DU SE (WR) L2 AL
i (RO) B e/ 0 6 HE S ) (RD) 0 28/ MESh W)
(FV) I3 JK/# 1 (SR) 3t 8 &, SEA-Net 7E loU £H &
TRBI LR ToU F6 b5 EIIBUS TR ALACR , X 15 45
T SEA-Net i i 51 A" B AR SR R0 K T B 9
/AR AR B, X3 S A IR A S AN [ )™ B A
JE R ARE 2T, A e oK R 3 5T Y SEA-
Adapter fE AL A2 R FFAE . UISS-Net 7£ £ 4> IoU F
FEFEbR EIBUR T IRARCR , A% b T SEA-Net, 7&
MK BFRFI 5 i o0 %) ERI .

DeepFish %4 45 I A7 [FIAE AT R 30, (H Ay
AP, RO B i e AL, BT A i 7 12
HRIAF T 80% LA mloU.

1E CaveSeg ¥ ¥E 4E I, Swin Transformer 7E
mloU.mACC .aACC 815 DR T RAIEIITERE, &
R R R AR TH K T 3 S T 55 m vk
AESCHE

X TG R A AR 4R CoralMask , 2T
Transformer f#] SegFormer Fl1 Mask2Former [ £ RE %R
Pk T 3 F CNN 1) DeepLabV3 Fl BiSeNetV2, iX it
BH Transformer 25 ¥4 X} T KA R 3 2 DI 2k ) & 2500
#, CoralSCOP Lk SAM by T I 7 fif ith £ Ab 152 11
BB ITFAT IR o3, A5 A AREAR IR SR fif ke
18 ok 5 i 43 #) [a) 8, 7F CoralMask S T 8/t
AITEBE
3.3 ELBINBIERITLE

IK R SE 1 435 7 3 AE UTIS . USIS10K | UTIS10K
HIUSIS16K X 4 P44 1 3L LS AN 7 iR o

AASNet Fll BARIS-ERA £ %1 43 5l 78 UTIS %45
LEFN USISI0K bt A TR R B, iX i B 3 T
CNN [ YOLO #1 Mask-RCNN 2 1] 4 4% [H 3% £y .
UIS-Mamba 7E UTIS FI UIIS10K %4 £ U5 T &
PR 285 5 33X 2 B BT A9 038 S it 4244 Mamba 1 RES |
AT AR, BAE B /K N AE 55 07 AR IH A W AE 1Y)
TR A ]

UWSAM #ERITE 2 H0Hin 48 HUS 1 AT SR
BIPERETE AR, IX 15 25 T SAM Y5 Kz fbfig 71,0
632 M [ E KIS ok T 1035 19 U1 Zrafi 3R
ffiro DiveSeg f£ UIIS F1 USIS10K ¥ i 4E L # LS T
e AEAR X U DINOv2 58 K 1438 FH 058 R AE A
WAERERE JT, DiveSeg i 2D B 7K N AR KUAS FRIE ik A
FIE SRR, I R R S A T R 9

R3 HESUIMBEERKTIEXSEEELER

Table 3 Benchmark results for underwater semantic segmentation on SUIM dataset

/%

#25 1oU
1 mloU
BW HD PF WR RO RI FV SR

U-Net 79.46 3225 21.85 33.94 23.65 50.28 38.16 42.16 39.85
SegNet 80.63 45.67 17.45 32.24 55.72 47.62 43.92 51.51 46.85
SUIM-Net 80.64 63.45 23.27 41.25 60.89 53.12 46.02 57.12 53.22
PSPNet 82.51 65.04 28.54 46.56 62.88 55.80 46.78 55.98 55.51
Deeplab 81.82 50.26 17.05 43.33 63.60 57.18 43.56 55.35 51.52
LEDNet 82.96 58.47 18.02 42.86 50.96 58.13 46.13 54.99 51.36
BiSeNetV2 83.67 59.29 18.27 39.58 56.54 58.16 47.33 56.93 52.47
UISS-Net 89.11 80.88 24.37 68.54 79.22 69.78 76.95 65.96 69.35
SEA-Net 89.75 84.69 38.45 71.11 80.49 72.68 79.11 68.92 73.15

T L R RIZ PR IR 5 BRI AR Z 2R
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Table 4 Benchmark results for underwater semantic
segmentation on DeepFish dataset
1%

loU
URES e - mloU
G HI ¢

SegNet 98.89 68.94 83.91
SUIM-Net 99.03 78.40 88.71
PSPNet 99.11 71.35 85.23
DeepLabV3 99.21 66.30 82.75
DGCNet 99.21 81.42 90.32
MFAS-Net 99.15 84.86 92.01
UISS-Net 99.49 89.03 94.26
SEA-Net 99.57 90.73 95.15

E L R RIZ PR IR S 9 IR A RS 2R
&5 FECaveSeg MiRHEMKTENFREALER

Table 5 Benchmark results for underwater semantic
segmentation on CaveSeg dataset
/%

WiReS mloU mACC aACC
FastFCN 38.86 46.89 72.01
DeeplLabV3+ 38.46 49.47 71.64
Segmenter 30.81 39.64 69.76
SegFormer 35.36 4471 70.19
Swin Transformer 48.11 56.69 73.26
CaveSeg 40.22 45.99 72.91

E RL R RIZ TR IR S BRI LSS 2R
#6 7 CoralMask HiEEHKTEN SR EAELER

Table 6 Benchmark results for underwater semantic
segmentation on CoralMask dataset
/%

7k mloU mACC MAE
DeeplLabV3 59.39 71.76 0.163 4
BiSeNetV2 60.90 78.11 0.1129
Mask2Former 69.17 77.63 0.084 2
SegFormer 71.51 84.29 0.077 6
CoralSCOP 79.13 81.11 0.076 4

E L R RIZ TR IR 2 9 R Al RS 2R

JeB, il DINO 58 & B K T 785, 528 1 e st i
KT SRR RE .

4 % iE

ARILRGELRIAR T KN G S H1 40 358 1 i 52 ik
J& AN R TR K ML SRR PR
Wy W A R P A0 S LR B AR R MO R
I KA Bt B AR k) i 2 KR R
HORS RS IR E AR X ek, 42 SCH B T K R BSR4y
NI 50 O PR R R A 5 Bl AR BE AT 55
H AR A 4043 K R B35 M H AR KR
T SO EN 5K R S 43 E) 3 RIS, RGE M T 4528
5N AL G T THFIELR )7 31 “ PR i 2 2 Bt 4k ol
AR AR T AR G v 2 AR A I SE A RGB
FBIAE] RGBD R4 & ik B3 Tt 18 o)
FERBLHARE T A0 eR ORI BCE 1 58 3 T 1T [ B et
S5 43 ) AR FE Mask R-CNNL,YOLO & SAM 541
B R IR S TR ) 5 S A9 %) UL [X 45 [ s, A S i %
T E BN R s S AR AR DI TR R
PR R AR 1938 F 3 5t , J138 2 JEoE S50 ) b EDOUL 2
BT AR AE AR RV B Lk RE2E 5. AL
A AR PR AR KA B TR S SR 25 R A
KA H AL T RGN E AR S, B ) shk
TGS B AR I BRE I HTE

KN EUR o BIEOREUAS T 2 ik e 1
XA 2% 22 A5 (R K TR FRBE AT H 25 354 10 1 7 oK L A7
TEAEVE 22 AR [, 456 4 R 98 A0 52
R0 3 5, oK >k B9 A 55 O ) AT SRR T LA LA
J5 T -

/AR T BR8] . A TR 2 2 Dy i i
JEE AR A A 1 A | RV B SR S A A
i (TR L LRI ) , BF A A 9 R ATTUI S
H AR i R, iR T /EAS 5 55 B R 58 . I
VB A TAE (Kabir 45,2023 ; Li 25, 2025¢ ) 4% & 702
2 GERS2E 2 SOK T WL BT 1] /NEEAR R
TESRES A & R OEHLE] . 0, 38 3 02 > $5 4
AR R 50 19 LR RRAE , A1) FH P10 5 A0 5 L Rt
RIGEG KT REATOA , 9D b VR B i 4881
TG JE DRI G A W D 2 /NREAR I S T R

2) B KT UG ] . IR kG 43 AR A
MG 2 G W B AR, K G AR 1 FE B FE
T, KEL R ROk 7 B hr . AR E A
PR 55 B (BB AR i FAERRVE  sibnid) 57
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Table 7 Benchmark results for underwater instance segmentation

S Wik e S ZHE/M mAP/% AP, /% AP./%

Mask R-CNN ResNet-101 63 23.4 40.9 25.3
WaterMask ResNet-101 67 27.2 43.7 29.3
UW-DETR ResNet-101 - 29.2 47.1 31.6

YOLOv9-n GELAN - 29.5 48.2 -
AASNet GELAN+LCA 28 31.7 49.5 35.1
o USIS-SAM ViT-H 700 29.4 45.0 323
UIS-Mamba UIS-Mamba-B 115 31.2 49.1 34.5
BARIS-ERA Swin-B 114 31.6 52.0 33.6
UWSAM ViT-H 632 31.9 48.2 34.9
DiveSeg ViT-L 390 35.6 52.0 38.5
Mask R-CNN ResNet-101 63 36.9 53.1 41.7
WaterMask ResNet-101 67 38.7 54.9 432
USIS-SAM ViT-H 700 43.1 59.0 48.5
USISI0K UIS-Mamba UIS-Mamba-B 115 46.2 63.2 53.4
BARIS-ERA Swin-B 114 473 65.1 53.7
UWSAM ViT-H 632 46.0 61.7 51.7
DiveSeg ViT-L 390 48.4 62.3 54.4
Mask R-CNN ResNet-101 63 35.8 53.6 40.2
WaterMask ResNet-101 67 37.4 51.6 41.7

UIIS10K

USIS-SAM Vil-H 700 39.8 52.0 42.6
UWSAM ViT-H 632 44.6 58.9 49.2
Mask R-CNN ResNet-101 63 73.6 90.0 81.7
USIS16K WaterMask ResNet-101 67 72.7 86.8 79.3
USIS-SAM ViT-H 700 81.0 90.8 87.1

T L R RIZ PR R & B4R BRI IR IEE R =" R R A

WA A Tk o B an, 55 W O ) TR TS B K R
IR AR A % R B, i BUGR AR 28 5| R R R
S ST, SRR FH 20 AE 249 TR E b IX A= i 5 e B
D5 18] AT 255 A2 U BT M 25 (GAN) | MR BHR AR 27 >
(X b)) 428K N R BBt (SO i3 46
A RRAE , S TCAR S L T 1 B bR 5 50 X0 [
AR AR

3)FFBORNE AT G Ar# . i S S 53
FN AR I H T WUE OIS, ok b 38 52 B i
Hh L BRSBTS o
BIRER IS B L (S EREELE 1 000 F1) , LA [ 2 26 51

R G 1k 4 i i A R 2 e RS S — 1 A
(U CLIP(contrastive language-image pre-training) ) 4
TP 3 HIHE AR, S5 IR S 3] 2 1 i U0 5
O3 5 [N 5 AR K T G 2R L ASTRH A5 (] el 0 25 A5
SFRRIEXS S5 BT, BB RS B 3 T ) ML
P& TFSCAR—LoE DE HCHS JEE 3 AL T e AR ) 2 R
IR S SIE7/EL R AR IT e

4) 2K TGS A 5 BRI 22 o 3]
bl SR I e T VD R LY X VA= P T 73775 S
H A TS5 (5 B (SO0 205U F 482 1Y
Flbr . SORTRAR N BT Ala AR SO I (- 4
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K230 em g @ 0A3E7) 5K BAR L AE , il
1 1 SRR IBOCCAS AR B T2 I
P, 51 A E AL 0 F H AR . Yao 55 A (2025)
UAR IR 51 BT BGHEB  BE 55 f il T
RO NINEE STt iR e lf €T SRR 2 SOPN
A (multimodal large language model, MLLM) ¥ J7 &
BT HEBLRE ST, i R G RERE M 15 7 5t h A Ta] )
SRR FRIFAE S KT BB h S2 B4 € H AR
o

5) 5 2K TR E . K P AL A
X L SRR, LT 3 A B AT SR UM K
PRAFEIRET Gl RS ZESFEE . Y2
B B 2 R 5 RGB SR L A5 Bl , M 4k | =i
Wi AR H IR . RKRT I ISR
3 1 125 2 i 5 SR, — 7 1 0 i RABE S S T P I
BT BE BLZS R ARG 40 15 0 SRR 5 55 — 7 T 4
KN G SRR SRS R 5 IR 2R I A
/N SR IIAE & LK LA AR SEBR i .

6) Bz (L S GRS TE . BUA BB R RE %L
PR (AR HOK AR ) _ERBUIL S, (HIE 78 2 HoA
Gysm CANRIE 5506 0 i P R AR I PERE .25 T
B, A0 I DR 2K TR BREE DG IR IO B (0 Kk LR
JE 2250 K, S BRI e LIE W )28 . ARATT A
PIT TR T 5 502 AL BE T - — IR 5 AB A& A,
A BTN 2 TR A & AT i PR H
PRI 73 A1 22 57 s — IR Rl B 7K T WY SR R L RE
AFCHUN R B i AR B (iR A g
WRIE KA B R Eh 25T B R SR BOR S

AR, KT B3 B BT TR 1 3 AR AR T AL
AT OIEEAS 55 D) RS R OFIORIE SO HE
PO SR RRS " (L AR R A5
(ESSIZ A0 BT 0] K i o B T S8 S BB AR 1R 58
KT BE I B e BRI R KR HLas AR e
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