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DGD-SAM: A Dynamically-Guided SAM for
Underwater Image Instance Segmentation
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Ocean University of China, Qingdao, Shandong 266100, China)

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. How-
ever, 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
dependencies 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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3 5§

AT B T IEA SCHE B DGD-SAM 767K T 1%
Sy AT S5 A R S . TR K E
RSB E AR BRI AR S S I A Y
Bl 5, 38 2 5 22 R R O R I G S 3 S 56 A
KoE PEGE R BT, A T VAR B R AE R [ BcHi 4 5 5
TR R,

3.1 XWEE

Sk W S B8 285 SR R N M 5 R A B AR T AN
2T S5 B e R BN S TR R bR S S A T
T S BITE SE — I I 2R 58 w5 R 1 IR 858 T kA7, A8
RIYIN 25 55 PP o P AR — B
3.1.1 HiE&E

FATAE DA FF AT F A9 7K R 5261 4 50 808 4 1
WAL T R8T E, fE LIacrY | unste
USISI0K'"" | UTISTOK ™',k B 4iF fiF 482 M 05 325 76 A []
B A 5 0 s R Ty R AR SOk — 25 7R b
I 37 5 P8 42 COME15K-E' 5 COME15K-H" |- %}
B4R 5 AT T S Ah . Xt RO 4 IR AR
LB R AR R 53 T 8% K B A A I AR B IE
e VL SR o X T B A S5 G b T A A 4 L 3R
P e bR s . X T R AR AR
B BHE A , T AT el FH 3 3 X B o0 B 92 0 oy B



B AE . DGD-SAM : —Fp FHF /K T BG4 #1 19 sh 25 51 5 SAM 7

B3R S B AR
3.1.2 iFfHiEHR

J T VAL BB O AR RE AR SCRA T2 A
A1 COCO V- 4945 BE (maP) BE15Y ) %48 br &% M
5 T 4 ARG I RS2 451 43 1 O A ROME o HE
AHWFFE A mAP AP, T AP, ATVEAL . mAP 45 1)
JETE ToU BI{E M 0.5 5] 0.95 (4K 4 0.05) LA K& Jir 47 2%
LS E AR . AP (ELER AR, 3R TIUIN A S 451 4 A
TR L S5 oy M RE AR AT . AP, AR 3R ToU B 0.50
TR T AP W R BT T A (8 bR, 6 R T
TIoU BE 0.75 T A9 THE . RIL AP, (EBK & , 28 B S 4]
A 82 VHE A
3.1.3 SCH4ETS

FEARSCI SE 5 v BRAE 55 A vl B, 259 3% 0l 2
(9 SAM RIS Il I VIT-B7 W £ T M4, &4
T RT PyTorch 5 MMDetection > HEZL 52 F] . £ |
Srad A BRI ZE 50 4 epoch, SR AdamW 21k
L WIIR2E 2] RBE A 0.0002, B IR F0% R 0.05,
Shy S v S ELARE AR AL AR SCBETT T — Fh R B B2
> R PR WG . BRI R ZE U ZRRT A T S0 A4 it-
eration 712K JH 2R PE TR TR W&, 8727 20 SR B/ INHY 00 U
HZ A $2 TF 2 HARMA ; 5 R FH A %18 KR, 7 3%
AN Gl B B AL R ) R I AR R LR ) R
1) 0.001 1% o

BEAh, R B8 U R A5CR 0 A B A SR AR SCie
5 AT B 3R A& K & (Automatic Mixed Precision,
AMP) YN ZRALH] . i A SERR I FEHE RN R 4 I BT
PEAT o BRAER B UL, r A 5256 3 7E — 5K NVIDIA
L40 GPU F 58 .
3.2 XWHER

AR SCHE DU AN 28 FF 0] B9 KR 5200 43 B B g 42
R A M 1T S 5] A B RO 48 b, X T R S 9 DGD-SAM
BERVHEAT T RGEVPAN , OF 5 25 w/0 0 ke AT 7 AT
FLH o 6 Eb D7 i A 45 T o BE S 81 0 MU HE S PR f B
T DA ST A o D4 1 5L 1 0 2 Atk B SAML 1)
o MRGERMEWMT .
3.2.1 LIACI#URE

T A PEAL BT B A DGD-SAM 1E LIACI £ 45
0V E R RE AN SORE S /Ry i 5 S 1 1 S 451 3
TP T T X, SR A R R L PR, ATRLE
A SCHE H I DGD-SAM 7 T A3 PEAL 8 b L #1001 i
gk 8 . HAKRKUL, DGD-SAM 7E mAP AP, Fl AP, |
IR TR TE T 1.4 02 4940 A 40 . Xt
SE SR FH A SO A O VR A H T 2 R AR A 1) S A7)
Sy EIRERY PRI A 5 0 oy F 1 RE 5 12 fb BE

R1 AXWFEE LIACIEIRSE E5/\ 65 8 77 K1 b8
Table 1 ~ Comparison of our method with eight instance segmentation

methods on LIACI

Tk ik BT rg PPAG
mAP | APy, | AP,
SOLOv2™ TPAMI2I | ResNet-50 | 34.8 | 54.7 | 37.5
QueryInst™® CVPR21 ResNet-50 | 36.0 | 51.0 | 389
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' ICM1.24 ViT-Huge 27.8 | 44.6 | 288
Efficient-SAM™' | CVPR24 ViT-Small 333 | 514 | 33.9
RSPrompter” | TGRS24 ViT-Base | 40.5 | 58.7 | 42.3
DGD-SAM A3 Vil-Base | 41.9 | 58.9 | 47.2

T 22 P LOHLER AR R 2823 BB % SR AR 45 0. S 2o P
R MR AR )72
3.2.2 USIS10K ##E&

FE USISTOK' ™ $i 4 42 B, 7 330 1 J5 o Sk o 14
BOLRERMFE2 R, SX LA, DGD-
SAM 7£ B A7 VF A 48 A b ¥ BAS B 25 4R U . Bk
5, M T A B 5 i, DGD-SAM 1 mAP |, AP, I
AP Fr T T 1.9.09 f12.4, (MG EEMN L, R
AR EACR A T B4 &5 A9 ViT-Base TR 4%,
10 H: BE AT R A T 48 F ViT-Huge & T W 45 19 % He 7
2 XREE TR A A R S e

F2 AXHES 1064 B 77 E7E USISI0K ERIEEE:

Table 2 Comparison with ten instance segmentation methods on the

USIS10K dataset

Jrik dab | EER PR
mAP | AP, | AP,
RDPNet*” TIP21 ResNet-50 37.9 | 553 | 427
WaterMask® | 1CCV23 ResNet-50 37.7 | 540 | 425
OQTR™! TMM22 ResNet-50 19.7 | 30.6 | 21.9
S4Net®! CVPR19 ResNet-50 239 | 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 264 | 389 | 29.0
SAM+Mask®™ | 1CCV23 ViT-Huge 385 | 56.3 | 44.0
RSPrompter”™ | TGRS24 ViT-Huge 40.2 | 553 | 44.8
USIS-SAM" | ICM124 ViT-Huge 43.1 | 59.0 | 485
DGD-SAM ' ViT-Base 450 | 59.9 | 50.9

3.2.3 UIIS#1 UIIS10K

A, 7 SCE AE ULIS' Fi ULIST0K 7 5 4> 7k T 52
1) 53 F0 5 45 b g — 25 PF AL T DGD-SAM 193z k%
RE, B S CA M BRI T . g3
DL i, 78 ULIS10K £ 4E I, DGD-SAM 7£ mAP (AP,
AP 48 bR b BRI k48 17 0.5.0.7 F1 2.3,
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Table 3 Instance segmentation performance on the UIIS and

UIIS10K datasets

ulIs UIIS10K
mAP | APy, | AP, | mAP | APy | 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™ | 26.3 413 28.7 39.8 52.0 | 406
DGD-SAM 298 | 472 | 327 | 403 | 537 | 44.0

LR LT R AR S SE S 45 R 4y R W T DGD-
SAM TEA A LB 1y 7K B Edl R M 2 b 5o 1 3R
PR TR A 43 I RE O 5 B R R T AR K
TS A M S5 R R Tz A I S AR
3.2.4 COMEI15K-E #1 COME15K-H

Ry B e i 5 B IR AEAS [ A S S R
BRI ek, A SCE— 7 b T B 4 COME15K-
E I COME1SK-H"'_E X B $ 07 s - 47 1 52 e A
SLEEE RN 4 TR, DCD-SAM 1 mAP AP, Fl AP, 35
bR b a3 A B RAE Jr $R T 1.0.2.5 Fil 2.4, T TR
COME15K-H #4064 [, $& FH i B2 43 5124 0.7 . 2.2 1 1.6,
SIS 2 R A SO R AR M g TP KSR RE S R4S
fooE HEA s 4 J1 0 oy IR AR, R AR IF R i AR
WP E ) SRR, B RAFAY AT e

#4 COME15K-E #1 COME15K-H BS54 214 8k b 37
Table 4 Instance segmentation performance on the COME15K~E and
COMEI15K-H datasets

ik

COME15K-E COME15K-H
mAP | APy, | AP, | mAP | APy | AP,
Mask RCNN'" | 48.8 | 712 | 586 | 422 | 657 | 50.8

YOLACT™ 481 | 70.7 | 562 | 414 | 660 | 485
RDPNet*! 498 | 722 | 59.5 | 42.1 | 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

FETHIRE 2% T I, AR SCHE — 258 P £
DGD-SAM 5 JuBi 52 43 %) 7 i b 47 7 i, in 3k 5
fin . A LLE T ViT-Base! ™ 3 1 M 4% (1) DGD-
SAM 7E R F5 18 24 #E B A R e, B SRR Y
Z B FLOPs, 4 DGD-SAM 14 FLOPs {5 /& T — &
B2 YRR (5] G0 FastInst F1 Efficient-SAM ) , {H H: 43 %]
PEREE AL . W3R 1 /R, 16 LIACT s 4 |, A ¢

Jrik:

It 2 19 DGD-SAM J5 % 7E mAP 8 #5143 9l L Fas-
tInst F1 Efficient-SAM 5 H 3.3 1 8.6, 5 USIS-SAM #f]
., DGD-SAM ¥ 2 & #l FLOPs Jsi /> 17— LA |, [H]
WP mAP M\ 27.8 2 T3] 41,9,

XS 28 B B A ST 4 ) DGD-SAM 7E 1
AR S RIRS B 2 () SC T R A

F£5 DCD-SAM 5AFMIHIS B kM R E S HIBHEE L

Table 5 Complexity and inference speed comparison of DGD-SAM and

nine instance segmentation methods

S JE—— 4o | AR | R

(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 B IE T B T A A AR A R L AR BT S
YIRR WA FF— BN 2T AR SO & 5 3 i 45
(DGD) | B i N AR R A B (AFA ) LA 25 b
SHHATT REW LR . T A M S5 Y7
USIS10K ¥4 i1,

26 IR T N [ fiff LG 25 45 K4 1 M R X L, A 9 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 EE (DGD) o AT LOULER 2, ToiE (5 FH W6 A A i 2%
S5 A AR SCI B A 5] T S AR A S e A B AR
R W, sh 5] S 4 Xt T 4 SO # 9 DGD-
SAM J& A FH i o

F6 PASSMOEHEMIR
Table 6  Ablation study on the dynamically guided decoder

S WAL R bR
mAP AP, AP,
B G 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 LLVEE B, 7E L BREE S AFA BL (w/o AFA)
J& , BT R B B T R, BB RPN 5 SAM £ T
I 26 Ay 13 AR 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/



M BORAE . DGD-SAM : —FftF /K F MG S A E A s S5 S SAM 9

AFA w/o Attn) B, 1 8 BB DL T 58 4 K BR AFA 19 1%
B ARG T 58 MUAS , FEBH AFA P9 19 38 18 1
FTAE I TC A 18 S 8 B AR A SRR R Oy 1 H AT B
TR

®7 BEMSTRESERERER

Table 7 Ablation study on the adaptive feature aggregator

ik PG TE bR
mAP AP, AP,
w/ AFA w/o Attn 445 59.0 50.7
wlo AFA 44.1 593 50.5
w/ AFA(SEIE R AR) 45.0 59.9 50.9

R 53 BT O BT 25 68 S OGBS 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, Hear I SR 2SR FAS SCRY BN I
DA PRSI A5 R i m] e o RIS, AT A
[ 2 o R B XA R R AT U, DAVEAG AR T X 27 )
ARG AR o R FATIN TP AR A R R
B, LA 18 ) A i R BRI S5 iz AR PR RE Y
SR o AL, Sk R 2 P TR SR TE I 200 3 4 4
L BATRE R T w5 BOA B B AT 10 He S
Bro SEEGSE RN 8—10 N, T Al 3 A 45 SR
o B 27 o R 5 U BB TR PR BE R A
BRI 2 Mk AR BE A% 7 — i AR L 3R TN 4k
e I s I AR BE

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

USIS-SAM -

xuht e

E3 A USIS-SAM Al R

®8 RASIEEZETHNBIRESR

Table 8  Ablation results under different learning rates

- WAL SR bR
mAP APy, AP,
2x107° 39.5 54.4 44.2
5x107° 425 57.3 48.8
1x107* 44.7 59.5 50.7
2% 1074(BRIN) 45.0 59.9 50.9

®9 FEANERBRBTHHMIBER

Table 9 Ablation results under different weight decay settings

W RN BRLE
mAP AP, AP,
5%107! 39.6 53.8 45.7
1x107! 44.0 58.6 49.8
5x 1074ERIN) 45.0 59.9 50.9

R0 TR MR SRR RN 2 17

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

SPrompter £ ULIS BHIE 4 [ 153 B 452 LA

performance
SRS ENEERAN
o mAP AP, AP,
¥ 44.2 59.2 50.0
EIEN] 45.0 59.9 50.9

ARSI AR 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], L4 COMELSK-E 5 /K F 8 di 4
FEAZ 5 L E ARSI S8 S5 4540 55 7 TR AE b 3 25
S AR SCH IEAT Re 8 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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TEAN RV HE o0 A 5 B S 5 BoA RLAF iz AR g

R, A 7 AR DN Y R S B AR SOk — 2 X
IS5 R PEAT T AT AT o BARTIF , FeATTR AL
F14 48 070 0 25 A B 2l 265 5 ) M0 0 9 i 1Y ) I S AR

TPNETI

FUSARTE

RSPrompter

USIS-SAM

El4 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 UL 21, 5l
AT | AL R R A R R HERS 5 BB U5 BE Xt
A DX B 1 o vy ) LA, O A A o 5 T

Yoo BRGREFY, SIS AR 7 ARG 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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ARSCHR T — R0 T KR AR S0 73 B 3 2
5| 5 Segment Anything Model (Dynamically Guided
SAM) . EATF , B X5 K T 375 H AR B R
JE 72 5 R VAR 5 R A IR L, R SCK SAM 47 T
ks ESE, W T A FE N RRAE SR A B, T
TEAN B8 25 ) 43 B A A AT 42 T, 0 SAM 3 F2
BB HEAT I8 A P AR A 1 SOR S, DT 2 fifk
O # E5 RPN RRAE G U — JUR . R,
Jir 2 Hh B 22 RUBE 1 iR A B B 6% DA BRL R BE R AIE v A 2

ZAE L & TFH AR AR RE T LT XE
B R AR /N B AR 5 2 R st RIERE T .
J&i , IR sh A8 51 S#AS 2% (DGD ) i i @l A ) 4R 18
5 BURFRE R A i sh SR G B R 22 R
FI AL S IR R 5 R R AE B A R A DT 3R A5
TIRE B 1 bR iR . SIS 25 SRR W AR SO IR FE UTIS
S5 DA KR S48 43 0 ESCH A 5 PR Bl TS 48] 43 A
P 4L b R B 8 35 T USIS-SAM 5 Hifth 32 3t Jr
o EF U, HADEME T8 R T THESE X
X 5F 2 RERSR 53 S8R5l S HLE, LB T Xt
SAM 7E K F S 49 4 FAE 55 P A SE L . R
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U B i A e 5 Bl 25 5| S A AR AR — 5 PR B L RN
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Bl EabAT 7SRRI A AR B e AR S TR
Rz AL BE AP AT Tt — 20 PP Al o ROk 9 T AR DAASE
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