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Abstract:  With the growing demand for deep-sea exploration and marine resource exploitation, underwater vision
technologies have become a critical enabler for applications, such as robotic operations and marine biological monitoring.
Among various vision tasks, underwater image instance segmentation (UIIS) is particularly challenging, as it requires both
precise object localization and pixel-level mask generation. In recent years, vision foundation models, in particular, the seg-
ment anything model (SAM), have demonstrated remarkable zero-shot generalization capabilities in generic scenes. Howev-
er, their performance remains unsatisfactory in complex underwater environments. Severe light absorption and scattering in
underwater environments lead to significant image degradation, including color distortion, extremely low contrast, and
blurred boundaries, which substantially hinder effective feature extraction. Moreover, the segmentation performance of
SAM heavily relies on manually provided explicit prompts (e.g., points, boxes, and masks). This dependency not only in-
creases annotation costs but also limits its applicability in unattended or complex underwater scenarios. To address these
challenges, we propose a dynamically-guided SAM (DGD-SAM). By introducing a dynamically-guided mechanism and in-

tegrating feature aggregation with a multi-scale feature enhancement module, DGD-SAM establishes a complete pipeline
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for automatic prompt generation and refined segmentation. First, to mitigate the feature distribution discrepancy between de-
tection and segmentation tasks, an adaptive feature aggregator (AFA) is designed. This module re-models inter-channel de-
pendencies through a channel attention mechanism, achieving task alignment across both spatial and channel dimensions
and effectively enhancing the model’s sensitivity to weak underwater targets. Second, considering the large variation in un-
derwater target scales and the complexity of background interference, a multi-scale feature enhancement module is con-
structed. By building a cross-resolution feature pyramid, this module significantly improves the model’s ability to capture
targets of various scales in complex scenes. During the decoding stage, a dynamically-guided decoder (DGD) is proposed,
which first integrates the initial segmentation mask with image features to generate dynamic guidance information, and then
performs refined mask prediction through bidirectional attention interactions between the prompts and image features. Ex-
perimental results demonstrate that DGD-SAM consistently outperforms state-of-the-art methods on four public underwater
data sets, including LIACI, USIS10K, UIIS, and UIIS10K, as well as two terrestrial scene data sets, i.e., COME15K-E and
COMEI15K-H. These results indicate that the proposed method not only achieves superior performance in underwater envi-

ronments but also maintains stable and competitive segmentation performance in terrestrial scenes, suggesting that the mod-

el does not overly rely on scene-specific characteristics and exhibits strong generalizability and scalability.
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Figure 1~ Comparison of the proposed DGD-SAM with three state-of-the-art instance segmentation methods on six public datasets
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MR %, T i — 2D Ak H AR R 5 45 M 4875
RS T A PR AE BB N 1, /A, =4,=2,=1,
B E A S R IR E |, TO R B AR A Y B AT
P AN/NS B3 € B W S S BRI

3 sIg

AT B TR IE A SCHE 1 19 DGD-SAM #E7K T K14
SEAG) 43 BUAT 55 R A R S PR . B TR B
PR i AN UE (€7 IR U (=R e MVl v
Bifi 55, 1 a5 22 R R Ik A EE S | S 5 LA
Ko PEEE B BT, A T AR B R e R [ B0Hie 45 5 1 5
TR R
3.1 XWEE

Sk e O S 36 285 SR R A M 5 T A B AR T AN
AR T S5 A 0 Bl AR VRN R bR S I Y .
BT AT S0 B AE S8 — A VI 2R 50 w5 R0 14 30855 b A7, 48
RIYIN 25 5 PFI e F2 AR — 3
3.1.1 #iRE&E

FRATAE VYA TF AT FH A K TS24 23 B0 80 4
WAL T P8R, B LIacY | unste
USISI0K'" | UTIST0K ™/, kg B 3iF fir 482 M 05 325 76 A []
BRGS0 Y5 N T R AR SOt — A AR b
1 37 5 5 P 42 COME15K-E' 5 COME15K-H"™ | %}
PR AT T SR EAL . X TR B A TR
ZBAE R 1 R 53 O 8% K BRI R AR I IE
DL MR AR o X T 5L S G b T 0 B 4 L 3R AT
M e E bR s . T R A AR
B BE A, T AT el FH 3 3 X B o0 B 9 5 0 oy B
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3.1.2 iFfHiEER

h T VG B S O R M RE AR SCR A T T2 A
\] i COCO 24 K5 BF (mean Average Precision, mAP) Jic
BV IR RRZ T TR LT A AR 0 0 52 4] 4
Irk AR . AR [ mAP (AP, FIl AP, i
FTPEAL o mAP $5 92 7E ToU (Intersection over Union) [
M 0.5 0.95(2 K 4 0.05) DL JIr A 2 51 _E 13- 245
Fro APEAR K, 7R TN A4 S ) FE R bl oy L S 491)
PERERLT . AP, AR F ToU BI{E 0.50 F 35, 1 AP, I
BT B A% B8 bR, X T ToU B4 0.75 F AYTT5.
PRIk AP, {7 1, 29 I SIC f81) 4 1 8 1
3.1.3 LMET

FEARSCI SE 5 v BRAE 55 A vl B, 259 3% B0l 2k
B SAM REEIST I fdi FH VIT-B7VE Sl £ T R4, 84N J
15FEF PyTorch 5 MMDetection * HEHLSZ 3, 12 2t
TR BRI 25 50 4 epoch, 2R FH AdamW 1AL 2% , )
2% 2] R 0.000 2, AT B R BN 0.05, N5
PR R H AR AL, AR SO T — i [ B2 ) R
PR, BARTS , 7E IR0 3 B9 T 50 4 iteration
SRR AR, K2 2T R S/ INI ) B (L A5 4
T+ 2 BARE ; B R A 7% 18 JOR WS 7E AU Zrad 2
WAL R ) R B AR B 2R ST R 1 0.001 £i%

BEAN A 2 RO I 0 0 WAF bR, AR SR
5l AT B 3R &K E (Automatic Mixed Precision,
AMP) YN 2L . r A LR IFERE RN R 4 I E T
AT o BRAER B UL, Br A 5256 3 7E — 5K NVIDIA
140 GPU |58 1.
3.2 LEHER

AR SCAE AN T AT T 7K 5261 40 B0 80 4 5
PR A M 1T S 5] A B BROHE 48 b, X T R S 9 DGD-SAM
BORIHEAT T RGEVTPAL , IF 5 Y00 B 7 ki T T 21
FLB o K Eb D7 i B 45 W o BE S 5] 0 BUHE S PR f B
2, DL A R 24 1 L T R B L R B A SAML (1)
oo PSS HAE T .
3.2.1 LIACI#iEE

T 4 i PEAS BT R A9 DGD-SAM 7E LIACT 54 4%
0V F R PERE AN SO /R Y i B 2 2k 4 52 41
T RAEAT T X, SE A R R L iR . ATRLE
A SCHE Y DGD-SAM 7E T A PEA F8 br LI HAS T i
gk . B RS UL, DGD-SAM 7E mAP (AP, Fl AP, |-
ISR TR T T 1.4 02 1494 4 i, Xt
SR AR SCTHE B O VR A B 22 R AR A 1 SE 45
Gy BB, KRB L 5 00 4> BB S 2 ALRE T .
3.2.2 USIS10K ##E &

FE USISIOK' " #i 4 4 |-, 7 S0 1% J5E b 3 o %

F1 EAXWFAEELACIEESE E5/\FEG145 25 R LR

Table 1~ Comparison of our method with eight instance segmentation
methods on LIACI unit: %
Jrik T L

mAP | AP,, | AP,
SOLOv2™ TPAMI21 | ResNet-50 | 34.8 | 54.7 | 37.5
QueryInst™ CVPR21 ResNet-50 | 36.0 | 51.0 | 38.9
FastInst™ CVPR23 | ResNet-50 | 38.6 | 55.0 | 41.0
HTC" CVPR19 ResNet-50 | 36.4 | 552 | 39.2
BoxInst®®! CVPR21 ResNet-50 | 27.7 | 50.0 | 26.5
USIS-SAM" ICML.24 ViT-Huge 27.8 | 44.6 | 28.8
Efficient-SAM™ | CVPR24 ViT-Small | 33.3 | 51.4 | 33.9
RSPromplerDJ TGRS24 ViT-Base 40.5 | 58.7 | 42.3
DGD-SAM A3 Vil-Base | 41.9 | 58.9 | 47.2

T 2P UKL A R R0 B bR SR AR 2R G826 PR
SR bRE

BN RME 2 Prn . 5 A L, DGD-
SAM £ Jr A PF A 48 Ar L ¥ HUAS B R Y . AR
&, M T AR 4 7 75, DGD-SAM 7E mAP | AP, #ll
AP, FArHIHRTET 1.9.09 Fl 244 4r . (AISTE
B AR SO T AR T R Y ViT-Base
F TR 45, B PR AR AT SR U0 F 48 A ViT-Huge 32 T N
KRN L AR T AL R A S g T .
FR2 AXFES10FELHIHEFTEFE USISIOK ERILEER  $47:%

Table 2 Comparison with ten instance segmentation methods on the

USIS10K dataset unit: %
Jrik gt | TR UL

mAP | AP, | AP,
RDPNet*” TIP21 ResNet-50 37.9 | 553 | 42.7
WaterMask'® | 1CCV23 ResNet-50 37.7 | 540 | 425
OQTR! TMM22 ResNet-50 19.7 | 306 | 21.9
S4Net™* CVPR19 ResNet-50 23.9 | 435 | 244
CondInst® | ECCV20 | ResNet-101 | 38.9 | 55.8 | 43.1
Mask RCNN"™ | ICCV17 | ResNet-101 | 39.6 | 58.7 | 45.0
SAM+BBox® | 1CCV23 ViT-Huge 26.4 | 389 | 29.0
SAM+Mask® | 1CCV23 ViT-Huge 38.5 | 563 | 44.0
RSPrompter” | TGRS24 ViT-Huge 402 | 553 | 448
USIS-SAM" | ICML24 ViT-Huge 43.1 | 59.0 | 485
DGD-SAM A3 ViT-Base 450 | 59.9 | 509

3.2.3 UIIS# UIIS10K

A, AR SCIA 7E ULIS' 1 ULISTOK 7 4> 7K T 512
1) 53 F0 B s 45 b — 25 3P4 T DGD-SAM 193z 1k %
B IS O AN BRI RS T T . K3
DLE HY 78 ULIS10K %48 4 I+, DGD-SAM 7E mAP . AP,
AP, 8 b5 L ar B kA k88 7 17 0.5.0.7 F1 2.3
ASE Gy A T AE ULS 0 48 -, 32 T B2 43 50l 3 3
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Table 3 Instance segmentation performance on the UIIS and

UIIS10K datasets

unit: %

uIIs UIIS10K
mAP | AP, | AP, | mAP | AP, | AP,
WaterMask!® | 27.2 | 43.7 29.3 374 | 51.6 | 417
YOLACT"™ 18.5 36.2 17.8 350 | 50.9 37.9
PointRend™ | 259 | 434 | 276 37.3 53.0 | 413
RSPrompter™ | 25.1 | 403 | 262 | 332 | 449 | 36.0
USIS-saM™ | 26.3 41.3 28.7 39.8 52.0 | 406

DGD-SAM 298 | 472 | 327 | 403 | 537 | 44.0

Zr TR, AR SL I 25 R e 4y R W T DGD-
SAM 7E A [\ 26 B K T B 5 Fn 2 HEAb 3 sorh 1 3R
PR 5 1Y) 4 E BE ) R R AR T AR K
TS oy BT S5 I A T S R
3.2.4 COMEI15K-E #1 COME15K-H

Ry S UE i B B AR R oA 5 0 5
BRI R, ASClE— 2 A b T 7 = R 42 COME15K-
E'H COME1SK-H"™ |4 fF i 07 sk b A7 17 9200 PP
IS5 U 4 IT/R , DGD-SAM 7£ mAP , AP, il AP,

ShR_E AR T R T T 1.0.2.5 2.4 EH 4 a0
176 COME1SK-H #4064 I, 2 TH g 52 43531 4 0.7 . 2.2 F
L6 Ao SEIREE R AR SO ik AE i i 50 h
WER et AR Fa g H B A 5e 4 1 iy or Pk Ge , R IR
R JE R o BEAR AR s R A, R R AP p T 9
JE .

%4 COMEISK-EF1COMEISK-H _ERISEGISBIMEBELL B BT %

Table 4 Instance segmentation performance on the COME15K-E and

COME15K-H datasets

ik

unit: %

COME15K-E COME15K-H
mAP | AP,, | AP, | mAP | AP, | AP,
Mask RCNN'" | 48.8 | 712 | 586 | 422 | 657 | 50.8
YOLACT™ 481 | 70.7 | 562 | 414 | 660 | 485
RDPNet*! 498 | 722 | 595 | 421 | 652 | 49.7
RSPrompter” | 650 | 81.6 | 70.8 | 59.9 | 78.6 | 65.0
USIS-SAM" | 66.7 | 81.7 | 70.6 | 62.0 | 78.7 | 65.5
DGD-SAM 67.7 | 842 | 73.0 | 627 | 809 | 67.1

3.2.5 HEERESWT

FETHIR 2% T I, AR SCHE — 258 P B
DGD-SAM 5 JuBi 52 43 %) 7 i 647 T e, tin 3k 5
fin . A LLE T ViT-Base! ™ 3 1 M 4% (1) DGD-
SAM 7E R F5 18 24 #E B A9 R e, B SR Y
Z B FLOPs, 4 DGD-SAM 14 FLOPs {5 /& T — &
B2 YR (5] G0 FastInst F1 Efficient-SAM ) , {H H: 43 ]
PEREE AL . WnFE 1 AT R, 16 LIACT s 4 |, A

Jrik:

It 42 19 DGD-SAM J7 ¥ 7F mAP 48 45 | 535l Lt Fas-
tTnst Fl Efficient-SAM 5 Hi 3.3 4~ & 43 5 A1 8.6 > H 43
A, 5 USIS-SAM #H [t , DGD-SAM ¥ 2 % & #ll FLOPs
W T 2L E L [E B mAP M 27.8% T3 41.9% .
X gk SR B A SO 9 DGD-SAM 7£ i 5%
52245 4y BIRG BE Z IR S T R A A
£S5 DGD-SAM 5 AFSEHI5 8175 kM S 20 B 5139 i B LL 30
Table 5 Complexity and inference speed comparison of DGD-SAM and

nine instance segmentation methods

) SR | T | R
Jrid BT R 4%

M G FPS
Mask R-CNN'"! ResNet-50 44.4 253.0 13.8
BoxInst™ ResNet-50 35.1 372.0 22.0
CondInst" ResNet-50 34.2 331.0 22.7
FastInst®” ResNet-50 34.1 58.2 28.9
SOLOv2 ResNet-50 46.6 239.0 13.4
Querylnst™ ResNet-50 172.0 170.0 14.5
Efficient-SAM™”! ViT-Small 52.0 32.5 29.9
RSPrompter”! ViT-Base 117.5 114.5 15.5
USIS-SAM" ViT-Huge 696.8 824.4 5.6
DGD-SAM ViT-Base 87.9 115.4 16.2

3.3 HRhSEIE

R BIE T B T A A AR A R fE BT S
YIRR MR FF— BN 2T AR SO & 5| 2 i 45
(DGD) | B i N AR R A B (AFA ) LA 25 b
SHHATT REW WML R . T A M S5 7
USIS10K ¥4 i1,

26 IR T N [F) fff L) 25 45 K4 1 M R X L, A9 R
f SAM [ 5 1S fift i 2% (JRL 4R SAM) X 44 B8 9 1R $27R
A3 5 By BE R (fY Stagel ) LA A SCH HH B 80 2551
SRS ES (DGD) o AT LOULER 2, ToiE (5 FH W6 A A i 2
S5 A AR SCH B A 5] T S AR A S e A AR
R W, sh 5] 5 4 X T 4 SO 9 DGD-
SAM J& A FH i o

*6 HHSISMBFEHMEK A %%
Table 6 Ablation study on the dynamically guided decoder  unit: %
ik BELEEAD
mAP AP, AP,
JFi SAM 44.6 59.1 50.8
¥ Stagel 43.8 58.6 49.4
DGD 45.0 59.9 50.9

A 0 RE AR SR A 18 HOAH OC S e 25 R an 5k 7
No AL LLVWEL B, 7E £ BREE A AFA BE (w/o AFA)
Je o B R RE B BT R, A BH RPN 5 SAM £+
I 26 Ay 113 4R IR 22 1) Aff S A7 AE 40 A 25 7, AFA TEFRAE
XFFE R B T OCHVE o AN e g = I AL (w/
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AFA w/o Attn) B, 14 A8 B & DL T 58 4 K BR AFA 19 1%
B ARG T 58 MUAS , FeBH AFA P9 19 38 1 1
FTAE I TC A 18 S 8 B AR A SRR R Oy 1 H AT B
TR

F7 BIENMHIREAEREREE L%
Table 7 Ablation study on the adaptive feature aggregator  unit: %
po— PEAGTE AR
mAP AP, AP
w/ AFA w/o Attn 44.5 59.0 50.7
w/o AFA 44.1 59.3 50.5
w/ AFA(SERE AR 45.0 59.9 50.9

R 53 BT O BT 25 68 2 OGRS TR M R 1 52 ), AR S
i AN 2 QIEN B I - e N
EE 3 i R K DA R S TSR OV P o B AT i
14 2 B, Fear I SR 2SR FAS SCRY BN I
DA PRSI A5 R i m] e o BRI S , AT A
[ 27 o R B XA R R AT Uk , DAVEAG AR TR X 27 )
ARG B EUENE o R FATIN TP AR A R R
B, Lo A 18 D A i R BRI S5 iz A PR RE Y
SR o AL, Sk R 2 P TR SR TE I 200 3 4 4
L BATRE R T A e I 5 BOA B B AT 70 He S
By, SLUR LU 8~ 10 TR ML 4 B R 3R 0T,
o R 27 o R 5 B BB TR PR RE R A
TR, T2 1k AR BE A% 7 — i AR L 3R TN 4k
eI s I AR BE

4 TEMERSWH
Bl 3 s T R 55 USIS-SAM . RSPrompter 7

USIS-SAM

E3 A USIS-SAM Al R

SPrompter £ ULIS BHIE 4 [ 153 B 452 LA

x8 AEFIRZETHHMIWER AL %

Table 8 Ablation results under different learning rates  unit: %

sy WAL R bR
mAP AP, AP,
2x107° 39.5 54.4 442
5%107° 425 57.3 48.8
1x107* 44.7 59.5 50.7
2% 1074(#RN) 45.0 59.9 50.9

R FEANERBRBTHHEMIBAER A%

Table 9 Ablation results under different weight decay settings  unit: %

e R BRLE
mAP AP, AP,
5x107! 39.6 53.8 45.7
1x107! 44.0 58.6 49.8
5x 107%(BRIA) 45.0 59.9 50.9

R0 LUTARMEIREEROZEINT A%

Table 10 Analysis of the effect of the linear warm-up strategy on model

performance unit: %
X BRLEES
LR EnE e
mAP AP, AP
CICSN] 45.0 59.9 50.9

ARSI ADK TR TS T E R
FE B0 EL3 505 0 7 o BIAOR U E S 2 a4 R
AMEFE SN RIE NRE . I K45t TR
7 B AE T 37 5 KR 55 COMELSK-E | At 43 ) 2% Sn]
AL, AT E], L COMELSK-E 5 /K F 8 di 4
FEAZ 5 L E ARSI S8 S5 48540 45 7 TR AE b 3 25
S AR SCH IEAT Re A HE B 2 7 35 H A X B, I 2R

-

Figure 3 Comparison of segmentation results of the proposed method, USIS-SAM, and RSPrompter on the UIIS dataset
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FEERoE R L U I 2 B o X R R U7 vk
TEA RV RHe o0 A 5 R 5 B APz AL RETT
R, e 7 AR PN Y RS B A SOk — 2 X
IS5 R PEAT T AT AT o BARTIF , FeATTR AL
14 48 070 0 % 25 A B 2l 265 5 ) M0 0 9 i 1Y ) I S R

TPNETI

FUSARTE

RSPrompter

USIS-SAM

El 4 A3 COME1SK- E@l%}.‘%%iﬁ’]/}il 1| 2% B a] WAL

Figure 4 Segmentation result visualization on the COME15K-E dataset

KIgEAT T Al AL s, AN 81 5 B s o AT AL 2], 5l
AT | AL R R A R R HERS 5 BB U5 BE Xt
A DX B 1 o vy ) LA, O A A i o 5 T

Yoo BRERFY, SIS R 27 REAE S L MURLE

2 2R 48 73 1 ) 20 A

fEHG
iR 8 2
3.
ERTIE
fif i e

F5  ARSCOr g BOHE T R a8 5 Sl 255 | 5 A B 2 S0 A TSR

Figure 5 Foreground probability maps from the mask decoder and dynamically- gu1ded decoder
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BT R, % SAM 3= 4 Y 5 R EE R AE 1 47 30 I
P AR 2 I X5, T2 A 4> F T 5 RPN AR
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B RE S B R R AE Al i 2 2300 L 3 A Ak
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BT S RAERE 1. BJn TR R sh A 51 TS
2 (DGD ) 38 32t fl B 400 Uh 5 15 55 PG S A 0k A il 3 4%
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