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Abstract: Objective Zooplankton are important components of aquatic ecosystems, and changes in their abundance, spe-
cies composition, and morphological characteristics can provide useful information for ecological observation and environ-

mental assessment. Accurate analysis of zooplankton microscopic images is therefore important for species identification,
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individual counting, and quantitative morphological measurement. At present, microscopic examination still depends heav-
ily on trained specialists and manual operation. This process is time-consuming, subjective, and difficult to apply effi-
ciently when large numbers of samples must be processed. Instance segmentation can simultaneously locate individual
organisms and provide their pixel-level masks, making it an important technical basis for automatic zooplankton analysis.
However, reliable instance segmentation of zooplankton microscopic images remains challenging. Many zooplankton spe-
cies have transparent or semi-transparent bodies, resulting in weak boundaries and low contrast with the surrounding
medium. Suspended particles, biological debris, uneven illumination, imaging noise, and defocus blur may produce back-
ground patterns similar to biological structures. In addition, multiple organisms may be densely distributed, overlapped,
or partially occluded, which can cause ambiguous boundaries, mask merging, and incorrect instance confusion. The lim-
ited availability of large-scale datasets with pixel-level instance annotations further restricts model training and quantitative
evaluation in this field. Although the Segment Anything Model (SAM) has demonstrated strong general segmentation capa-
bility, directly applying it to zooplankton microscopic images remains difficult because of the feature distribution gap
between natural-image pretraining and microscopic imaging, its dependence on externally provided prompts, and its lim-
ited instance discrimination in crowded scenes. To address these problems, this study constructs a zooplankton micro-
scopic image instance segmentation dataset and develops an automatic SAM-based framework for accurate segmentation of
individual zooplankton. Method First, we construct a zooplankton microscopic image instance segmentation dataset
(ZooMIIS5K) , a large-scale zooplankton microscopic image instance segmentation dataset containing 5,332 images from
48 zooplankton categories. Each visible organism is annotated with a fine-grained pixel-level instance mask, providing a
reliable benchmark for model development and evaluation. Based on ZooMIIS5K, we propose a zooplankton microscopic
image instance segmentation model (ZooMIIS-SAM) , an end-to-end automatic instance segmentation framework built upon
SAM. The framework contains three principal components: a dual-domain fusion vision transformer (DDF-ViT) , a multi-
scale fusion prompt module (MSFPM) , and a target-aware perception module (TAPM). DDF-ViT is designed to reduce
the feature distribution gap between the natural-image pretraining domain and the zooplankton microscopic-image domain.
It combines spatial-domain adaptation and frequency-domain feature enhancement to strengthen foreground responses and
supplement structural and boundary information. A spatial-gated low-rank adaptation branch generates task-related feature
increments with limited additional parameters, while a frequency-domain feature enhancement module improves representa-
tions of weak boundaries and fine-grained structures. Bottleneck adapters are further introduced for feature alignment and
contextual compensation. DDF-VIiT is deployed only in selected encoder blocks to balance domain adaptation capability
and parameter cost. MSFPM is designed to replace manually specified prompts with automatically generated visual
prompts. It integrates multi-level encoder features through multi-scale strip convolution, channel recalibration, and cross-
level fusion. The resulting feature is used to construct a feature pyramid and generate candidate regions. Region-of-interest
features are then extracted and mapped into sparse soft prompt embeddings compatible with the SAM mask decoder. TAPM
is introduced before mask decoding to strengthen instance-level discrimination. It uses candidate-region features to modu-
late global image representations, highlighting information related to the current target and reducing interference from sur-
rounding backgrounds and neighboring instances. The enhanced image features and automatically generated visual prompts
are jointly provided to the SAM mask decoder to predict individual instance masks. Result Experiments on ZooMIISSK
show that ZooMIIS-SAM achieves the best performance among the compared convolutional neural network-based and visual

foundation model-based methods, with a mask mean average precision (mAP,,,) of 77. 4%. Ablation experiments further

mask
verify the effectiveness of the proposed modules. Introducing DDF-ViT produces a substantial performance improvement,
confirming that spatial-frequency feature adaptation is important for reducing the domain gap and enhancing the representa-
tion of zooplankton structures. The independent comparison of MSFPM shows that its multi-scale feature enhancement
improves candidate-region localization while maintaining stable mask segmentation performance. TAPM further improves
instance discrimination by incorporating candidate-region information into global image features. The complete model
achieves the highest segmentation accuracy when DDF-ViT, MSFPM, and TAPM are jointly employed, indicating that
dual-domain feature enhancement, automatic multi-scale prompt generation, and instance-aware modulation provide

complementary benefits. Component-level ablation experiments further show that the spatial gated low-rank branch,
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frequency-domain feature enhancement module, and bottleneck adapters make different contributions to the final perfor-
mance. The spatial branch mainly strengthens foreground responses and suppresses irrelevant background interference,
whereas frequency-domain enhancement contributes to structural consistency and high-quality mask prediction. Rank
analysis indicates that a moderate low-rank setting provides a favorable balance between adaptation capability and preserva-
tion of pretrained representations. Visualization results show that ZooMIIS-SAM can more accurately focus on zooplankton
targets, reduce irrelevant responses in complex backgrounds, and improve the separation of adjacent instances in densely
distributed scenes. These results demonstrate the effectiveness of combining domain-oriented encoder adaptation, learn-
able multi-scale prompt generation, and target-aware instance representation. Conclusion ZooMIIS-SAM achieves favor-
able performance for instance segmentation of zooplankton microscopic images on ZooMIISSK. DDF-ViT improves
microscopic-domain feature representation, MSFPM generates object-related prompts automatically, and TAPM strength-
ens the discrimination of adjacent instances. The constructed dataset and proposed framework can provide a technical refer-
ence for zooplankton counting and morphological analysis and demonstrate potential for practical computer-assisted zoo-
plankton monitoring. The conclusions of this study are limited to the datasets and experimental conditions evaluated, and
further validation under broader imaging conditions remains necessary.

Key words: Zooplankton; Instance segmentation; Segment Anything Model; Dual-domain feature enhancement; Target-

aware perception
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IZAREE — J7 T 5 A TAPM 5 55— J7 T i A 27 B S
W28, 2 U AR R AR V- 22 2 B PL I 5 )
A2 S SAM i % 25 4 78 25 8] — SO B R R o
BRI 55 i 4 ROLRHIE Ry F, AR IR B S i
UV R

H, = o[ BN (Conv, . ,(F"))] (16)

P, = & (MLP[Flatten(#,)]) (17)

K, &) FaFEEHE S IE X AL g, P, %
TR R BN o BB R AR O R )
3l T AR T H s A P 26 AR R ROT
IE 38 AR R T SRR AR R o B B T R
TN SRS A 56 R H bR SE ] A FERS T . R
R AE , MSFPM A 4G 43 35 A7 19 52491 1X 358 3
i e 5 B %, A SAM R B9 N T2 B
71N, S B i 81 i 4 37 D S 40 S A0
1.3 TAPM

FES AR A5G ST PR Y R U R
S R & 1 70 AT ) R S R A
Slo DRI, AR SCHR Y TAPM, 78 ff i 2 B B 22 i BH A
HBE ROLFFAE 5 42 JR R AE b5 76—, i 4 R R AIE
FEIE SRS 25 Z B B SE B SE 58, DA T 14 56k A i
T AR SE B FR IR T o BLEREEA I 2 () TR o
TAPM 955 A B PR 43 4 B 1. 2 75 1 A9 ROT RRAE
X, At i i 2R E X0

LR, B S ok 4 5 it Ak Fn e 7 B 1
X, € ROV IRGR A maE iR ) . RS 15 2
() C 4k 1) it AR AR R 45, AR NS4k, JF
VL I Oy S AR ) S A TR RIAEE W, e RO
HATE AT R N

W.,. = §(Flatten(Pool (X)) (18)
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Ko,y () R ShBACE A R AL, A 2532
1 GELU #3% pR B2 B 5 Flatten () 7R JE A
Pool (+) Rt AL B

F2 T ok R Sh AV SIHE . W, 542 R RHE X,
HEFT SN AR M o RS, FIAT TR K A4 f5
(R RAAIE 55 S0 4 JR R AR EAT 1A 365 17 fil A, DT 28 4
35 SRR DG B MR R, R JE O ST, K
TR R A RN

¢ = o(Conv([W,.X,.X,,])) (19)
,,,,, +(1-6)0X,, (20)

Aorp, [, JFOR T IE 48 HE TP, © FRiET0
R, X, FoR G S B RNR i IS 4R
fiE o feJa , W S )R 8 5 1 42 SR R A X, A
SAM fig i 2E4T 53

Ak, AE VI 2B B, Mask RolAlign AR 4/ 1E A£ A
DI FPN 22 RUBE FRAE H 4 B ROT A 1E o HfE 3 By
B, RPN iz 1% [X 1 28421 Box_head Ji7 , Mask RolAlign

1 . .
_Ni iESW‘[y,-log(p[)+(1 _yi)log(l _P[)]
pn

K8, FRS G EBR A A BHESE
W RFEBFIIE GRS N,, = | S, | FR A 2
HEHCRE s p, F27R 45 /1Bl HE B2 50000 S 55 14 19 108
Hy €10, 1] FoRX B EL  HFRS  JET 1AL
O AR BT IE R AT S AREA

L. .=

rpn_cls

RPN 1 FHHE 819 5% F Smooth L1 512k , H HAATE
AN
1 *
LrP"J'eg = N* ziss;mSmoothLl(ti -t) (24)

X, S:, FR RPN B B IEFEARSES N, FoR
RPN M BOEFEASEGE 52, B ¢ 53 IERAR S i DM IEREAR
BHTREE %) FOUIN 300 SR M A% I L S0 A I S . X
HL A 21 HE D £% A5 v AR AR RN B R RO A
=9

ROI Wy Be ik — 25 % RPN Az 5 ) fig 26 DX S8 30 47
) 313 SRR 6 R0 S FE R 0 , LA 2R R R

FoRN
Lyor = Lmi?n:ls + Lmueg + Lo (25)
1 N,
Lroi_uls = N72L -1 - 10gp£,t, (26)

1 *
Lo = FEL_ES:"SmoothLl(di -d)) (27

R4l fe 207 B8 1% A6 0 HE 12 B ROT ¢ 4iE JF S A
TAPM., RPN Kl 532 5615 TAPM AYHERS 43 2 7E
] — W 25 WP BC A e A o A5 40 7 B s R T 0
TAPM F1 ROIFFAE 42 B A% [R1 4% 28 FPN K H: i Al
YL {H i TR AE T 28 | DO R FERAE S AN
A 1% 2 T AR AR, 2 B AN 5 WA TR AE A i B AR
BB RPN Head, RPN 2 i1 [ B 943 2540 2 1
A [R5 AT
1.4 HMEKEH
ZooMIIS-SAM i FH PR B Bt S f51) 43 I 25 440, L)l
g5 HAr t RPN By BE 25 5 Rol B BE b 2 H [R] 4 1,
AIFIRH
Loy = A Lup + Ay Loy (21)
A, A, = A, = 1, RPN BB T4 il iz 328 X e, e
P P /T S 40 A S RV BEATE [ )53 2 2
Loy = Lo ¥ Lo (22)
RPN 432 R H 250 28 28 U2k, HE LR B
ﬁy‘j:
(23)

1 ~
Ly = inssf BCE(M, M) (28)

A L PGSR DR 260 5%, T IX 00 48 267F
T sh WIS Bis 26505 L., 0 ROT I FHAE 1]
VIR 5 L, 9 S BIHEAS 72 BB SS o N,, HL N, 230
F7 ROL B Be 2 5591 G5 ) o 1 DX Sl Rl ALERE A
{3 X IR ), 3278 ROI BB IEREARAE B 5,
ANE i ROL LSS, p, . 27R1% ROTBEHTN
B ¢, R s d, N d] 53 RN S i D IEREAR
ROT A 00 i1 5 AE fi 7 e L S 300 RAE Af % 4 M,
Rl M, 53 53R 45 i A IEREAR ROT X6 17 A L5 52451
A RN IO S B HEAD s BCE () e AE AR IR R it
BB A SURHB R o [BD 45 R AR 451 A A I
REAS i i DX I b 3158, 3 S e XA 2 5 70 26
k.

=

2 X Iy

KT BAE At B ZooMIIS-SAM 1E V7 30 4 it
TR 43 rp (78 S0 , FRATTAE H 2 1Y ZooMIISSK
BARAE L T TN SIS M A Y . IR AR R
TFEI7K B8R4 USIS10K [ E— B gEAT T 5286, 1
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=B, WE R, 4, WEME, FEIE, X0, REH
MU AFEIE58 5 B AR A 5| SHYF s ¥ 5 &

WE T TSR s 5oz fLie 7 .
2.1 HURE
FEACRAE B B MU BT — A I B 30 A0 i it

K ARG SR L A A O R R A
RS P it T HOR SRR BESE AT A

R1 ZooMIISSK H 48 KA KB E 5 7o
Table 1 Instance distribution of the 48 categories in ZooMIISSK

"
Unit: instances
ESll SR Ell S K eyl SR
Calanus sinicus 1184 Themisto gracilipes 205 Sugiura chengshanense 62
Sagitta crassa 1154 Clytia folleata 205 Centropages tenuiremis 59
Eirene menoni 683 Oikopleura longicauda 194 Polychaeta larva later 56
Macrura larva 597 Tornaria larva 180 Remains 52
Pleurobrachia globosa 519 Trochophora larva 163 Megalopa larva 49
Muggiaea atlantica 497 Turritopsis nutricula 149 Paracalanus parvus 47
Penilia avirostris 419 Bougainvillia muscus 139 Acetes larva 42
Fritillaria formica 394 Fish eggs 137 Oithona plumifera 32
Dolioletta gegenbauri 304 Proboscidactyla flavicirrata 131 Centropages abdominalis 27
Evadne tergestina 283 Jellyfish larva 116 Calanopia thompsoni 24
Ophioplutues larva later 271 Alima larva 107 Centropages dorsispinatus 24
Ophioplutues larva early 252 Porcellana zoea larva 101 Pontellopsis tenuicauda 21
Brachyura zoea larva 248 Obelia dichotoma 97 Clytia hemisphaerica 18
Aequorea conica 240 Fish larva 78 Actinotrocha larva 16
Acartia pacifica 232 Varitentaculata yantaiensis 69 Ectopleura bimanatus 10
Labidocera rotunda 228 Polychaeta larva early 65 Euphausia pacifica 4

PR M205A 37 A b 3 X B AE B SR L R
3

TS IREA AT BUAS o BUS S50, A48 HREE R
FEIE AR A PR 0T A5 R i B L A Y- T o7 1 E A T
SR . EHDR AR 50 TR IR R . SR
J&i 81 1 Labelme T H BEATAR RPN RE . 128088
415 5,332 3K EIM% 10, 184 MG K bRt 524 , i
A8 TR SN I R AL 2 2124 4
F NI HAR S GIECR N R 1 TR . Bds 4R 44 IR 8
2 B o 50 43 S U R S AN TR 4 |, DI R 4R T AR
SR, SRR A S SRR TR, ] TS e L
BN ZRaL FE W, 5 LA BIEAE - et 43 B0 B>
WAE IR AR A i . R ZooMIISSK A7 1R
(2SI R AT , B - A A R AR B b |
— 5 4l S R AR R e B BN A AR

AIREASAS 2, DR AR SR Bt e AR o B iiE g
[ o T A R e 5 PR RE DAY , i I 4 &5 2R T BEAF
TE— & W AR WU 25 o A 0T Ll 5 vk 2 R AR I 17 5
Pkl oy FEFL PR RPN HE R , DL IERS ) oA
IR G N €70 SN N E SN (A NS E 7Y v
IF R > R TSS o

EARE i P i 7 1, AR TN B 225 PR i
— A RS — B PR e SR R B e
WY S AT AR ARTE o X T2 WY | 559 320 50 AH HL
(4 F AR, LA P45 rb al B A S P e B A s
WA . WIRPRIESSUG i B i lir s 4 2 25
(8% b N B3RS M FRSE ) | S5% (51) 8 BE Ak R R AE R
BEATSAZ X TATAESON s B A WU RE A, 2hE
BINJG G — 1 1E , DT PR UE RS 4 4 1 1 A — X
Yo it — 2 AR TE 4 8] ) — B, AR SO R 3l
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— = Mean: 08823
Median: 0.9316

____......_.._.i,_________

5
T T T T

0.2 04 06 08 10
loU (Intersection over Union)

K3 bRiEH B —EE (ToU) 734

Figure 3 Distribution of inter-annotator mask agreement mea-

sured by loU

L EEPLAMI 100 1R 15, th 3 4 2k 8 — 351 bR
HEEEASH MR AL ST 58 i S s
AR o X TR G, B e [l A i 2 hn T Y
SRS BRSO AR TR RS SRS A 3 44
i 2Z 18] 3 Fh 5 1 215 1 328 [ (intersection over
union, ToU) , FF65 HF BHEAE Ry iz AR B bR 13— 3K
PRS0 R AR 2] 100 4 R 0 — BhEr 43, Hooy
AWE 3 TR . 100 15 AR I — BrE1S 50 H5{E N
0. 8823, VU H 0. 9316, 2= 4 0. 1444, KR
(R 5 6 A A3 G B s i 55 DX el S s AR i 7t
AR B B e — 2k
2.2 EWiEE

FIr A 5256 1 R A B bR B 5 (Microsoft
Common Objects in Context, COCO) [ S | 43 F| PF-4
P, Hf mAP,,, FRTE ToU BI{H >} 0. 50~0. 95,
K 0. 05 B35 1 HE RS S S48 5 344 ; AP, N
APZ 43 13678 ToU BB A 0. 50 F10. 75 Bif (1) 65 5F-
YIRGRE . ZooMIIS-SAM K Xif A% B #4) 3 F PyTorch
1 MMDetection (Chen %5 ,2019) HEZESZ 3 . 78| 25
AR R b A B GE— 3l 512 x 512, 0F
K FH B ALK S B0  BE L4 RN Bl B4R 5 45 55 4 34
SR . T4 BRH, YOLACT 15 B HER I A
53 PEHEE 550%550, LA R UE L JE A RS 43 52 5 3 T
2 MR AEAYE . AR TE NVIDIA 3090 GPU
(24 GB) il %k, Bk itk /MR B 2, U Rt 5K
$1300, LAk #ERH AdamW, W) 12 > 2635 By 1x
107, R 240 2% ) S R W R R 22 ) 0 X T
ZooMIIS-SAM , Yl i B 7k 45 SAM FilI A .
2.3 FFLEXIE

$2 H 1) ZooMIIS-SAM J2& K 5E F SAM i fif 452 751

(& 7 2 2 W FH T VE IR i s ) 5 se i 220, 3
WRR AL SR Ty AT Bk AR RE , FRATTHE
ZooMIISSK 4 45 | H 48 T ZooMIIS-SAM 5 3 F
CNN 14 R 6 AL T LA 0 AR AR 1) 2 o

N2 2 i/~ , WaterMask £ F £ #E Mask R-CNN,
R T BTN BUS 5 AE 55 R e AR i Y
B, A, USIS-SAM i i 558 1) 3 1 /9 2% 10k —
AR T AR RE , 3R I BT O AR 4 AR
RIAS PR E B XREENIEN. &5, 45w
YRR S A IE 4 B RS 5 B A BB P R T AR, 3%
MR8 T M Re  IE I T 4 )5 - R B Ur IR
PRTEALH G 2% W i3 e v B A R A R . AN T
J5 gk B sE M LA AN IR 4 TR o
2.4 HBRIEIE
2.4.1 N[FSSH R4 R0

D BARAME RS . R 53 BRI rp B4~ 2H 1
T4 B A TR ASSCHEA T T IH RS, R T R
MAEFEFR mAP,,, AP F1APP . Hid , mAP,, F/R1E
ToU BB} 0. 50~0. 95 2K 24 0. 05 B 1145 114 Az il
HEF- 45 B 408, AP, FL AP, 73 511 357 ToU B
0. 50 F1 0. 75 B (g F W AE - Y KG B2 o & 5, W IEM
MSSConv FIFERT , A SCHEE TR T 1 x 1 AR B T3
TH WSS I8 P Y 45 o0 iU R R A R A R
] i £ B4 J5 22 FPN . RPN Rol Align S J#E IR g i A
DLORUE P 20 552 35 34 FL 46 52 B 1 1 3l S 491 53 F fig
W3 Frw, 5% 1 x 1A, 5] A MSSConv
J& ,mAP,, FIAPY Z i 2. 2 1. 6 N EH . 5
WE[RIIS , AP BEARANAE 3% & B MSSConv 4 R 11
i R BRI AE T AR ZE I H AR T I B AR E AL T
TERCHEAN W E A7 B T A A R . Hon] ge Al
S ARG g a2 R RME T B B E R
R DX 3k 3 6] 45 T 45 L, MSSConv 38 2o AN ] RUBE
FJ7 1] 19 25 [A] 5 R E— 25 2 SO SE R A, 39560 T X
H A5 2 (8] 3 BBl S 25 44 7 [l B AE , TTT 3% T RPN
i i X 3l AR Bl 5 i FAE RN . AH L2 R, MSSConv
XTSRS AR B THAR X A B . SR MSSConv H 5
1 x 1A FUEA IR Y Jay il 5 22 ROBE B fE J , (R H:
i AATHR R4 B SAM Zmti 2% , X7 Ui sh ) e it 1]
15 rh 55 300 FURN AR BE T 28 S R A 1R B 2Rk ml
B2 3] — 2 BRI 5 SO 2210 22 ROBEFRRIEAL 21, Xk
DAFEAr ik A 2538 5 B ARz o] 1 R AE 25 5
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Table 2 Performance comparison of different models on the ZooMIIS5K dataset

/%
Unit: %

LT W25 Backbone Params mAP, AP, AP,
Mask R—CNN(He 45,2017) 1ccv ResNet-101 63M 68.9 89.9 71.8
YOLACT(Bolya%§,2019) ICCV ResNet-101 49M 70.7 90.3 75.8
SOLO(Wang45,2020) ECCV ResNet-101 M 57.8 87.2 58.2
SOLOv2(Wang %, 2020) NeurIPS ResNet-101 65M 68.4 88.4 73.3
Mask2Former( Cheng 55 ,2022) CVPR ResNet=101 63M 71.9 86.4 77.9
WaterMask ( Lian %¢,2023) Iccv ResNet-101 67M 71.4 91.0 76.0
RSPrompter(Chen 55,2024 ) TGRS ViT-H 632M 71.2 91.2 78.2
USIS-SAM(Lian % ,2024) ICML ViT-H 701M 72.5 93.8 78.4
ZooMIIS-SAM ViT-H 891M 714 96.3 85.1

T OB E s 128 e

Mask R-CNN

SOLOv2

SR LR R AR SO TR AR 55 A B AR A GE IR , A X3 43 X LA (4 ML 43 95 S XA T T LT HE R
El4  RIRBERIZE ZooMIISSK K5 L 545 48 AT 40 £k 45 51

Figure 4  Visualization results of instance segmentation by different models on the ZooMIIS5K dataset

£ Baseline (MSSCony) i 3£ 7y I i A DDF-ViT
J& ,mAP,, HH 68. 6% $& = % 76. 5%, mAP,, H1 77. 9%
PETR 2 86. 6%, 43 IR TE 7. 9 F1 8. 74N E 43 455 APE,,
FIAPE /3R 9. 2 M4, 6 N E 40 s . A5 RAK

WA, i DDF-VIT X501 St e AT A0 i , BE

{188 iR AR o) Bl PR U AR AIE A SR BLRE T, R it
FI AR BUR T 2R iE 5 17 Ui 50 ) S A R 2 () 7 43
M

ol A TAPM J& , mAP,,, H1 68. 6% 4% & &

71.3%, mAP,, 1 77. 9% #2 =1 & 80. 3%, 43 7l #2 T+
© m[E P 5 B 2R BT
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%3 MSSConv.DDF-ViT . TAPM #3480 43 B4 £ R4 N L 32
Table 3 Effect of MSSConv , DDF-ViT and TAPM on segmentation performance

/%

Unit: %
B mAP, AP®, APT mAP,,, AP APP.
Baseline (1 x 1 Conv + Average Fusion) 68.2 90.5 74.0 75.7 93.2 87.6
Baseline (MSSConv) 68.6 90.6 74.5 77.9 93.0 89.2
Baseline (MSSConv) + DDF-ViT 76.5 95.0 83.7 86.6 95.5 93.8
Baseline (MSSConv) + TAPM 713 925 77.4 80.3 93.4 90.7
Baseline (MSSConv) + DDF-ViT + TAPM 774 96.3 85.1 89.1 96.5 95.4

T I EUE R R 8 B A

2.7 2. 44 E 43 0., 2 W TAPM BEf% 3G 58 52 ] Jgk
SRR . 7EE R DDF-VIT (5l FdE—Em A
TAPM J& ,mAP,,, H1 76. 5% #& & £ 77. 4%, mAP,,
86. 6% & 51 & 89. 1% Horfr, AP FIAPZ,, 43 5l 5
L3RI 4 EH 405, mAP, 25 2. 5 A0 . X
it — 201 B, TAPM fE 8 75 S5 354G e AR iF 1) JE il
S H bR S8 5 SR Rk A B Tl SE e
D S HER ST HITERE

2)BRIELE T A R T . A S AS SO
Hefeam 54k A &, AR SC UL USIS-SAM iy St
435151 A TAPM #1 DDF-ViT, H-7E 4 — i ARSF T
411 43 E) P BE AR 45 12 B & (floating-point opera-
tions, FLOPs) , Z5 3L N3k 4 7R .

RS | AN TAPM J5 , BEARIPE BEATS 21 B AR T,
Ui TAPM B4 FH 52 B i A ROT A AIE 5t 122 1Y 52 1
5] A DDF-ViT & , FLOPs 34119 3%, mAP,,, Fl AP”
S3 R 3. 3 3. 4 43 R, AW A ] 48 5 AR
Gt BLRB U I SR IF W S V) O 4548 5 i FERAE . TEIL
Ll E A TAPM, {38 N2 1. 0% 9 FLOPs, AP,
PR 2. 0N E Ar o TS TS AN A3 25 5 iy
&, 0B DDF-VIT #38 () H bR 2540 5 i A5 8 R
TAPM 241 7 6 EL ) 51 ¥ A9 ROTERAE , i H g 4% o
JIIT Y iy R )i 5 S8 X R Y 4 R RRAE o S8 EE
Z0ooMIIS-SAM i) FLOPs % USIS-SAM 34 Jif1 15. 0%, 1
mAP,  FIAPZ /it mE 4. 9 M6, 7TAH . b
RS SR B AR AR AL ST A R A 2
BTN G Z , HLPE AR 5 E 25 DDF-VIT iy Bk R
TIE3E fic 2 H 5 TAPM B R4 A %

3)DDF-ViT FAHGH Al Ao A Tk~ 25 50 b7
DDF-ViT H 8 #1157 57 ik AP ) 2500, . %sF

x4 BELTARAHRSEIMERESITEFFHITLL
Table 4 Comparison of segmentation performance and
computational cost of different components based on the

strong baseline

y Rl FLOPs mAP, , AP® AP,
USIS-SAM 9453 72.5 93.8 78.4
USIS-SAM+TAPM 9554 72.0 922 77.8

USIS-SAM+DDF-ViT 1033.0 75.8 94.7 81.8

USIS-SAM+ TAPM + DDF-ViT 1043.2 76.6 95.6 83.8
ZooMIIS-SAM 1087.3 774 963 85.1
ML BUE F R Z S B A ; 2 M REFE AR B9 B % 5
FLOPs 7EHI AR ST 4512 x 512 iR K/ R 1 & T 45
P AR G

HFEAT I RS2 o K S FR , AR E 4L 2F X DDF-
ViT MPEBE STRRAFAE 25 57 o AXfH ) Adapter B, #5575
mAP,,, N 70. 6%, i B B 2 44 i 4 5k 3l 15 245 g g LA
F0 53 EERLIT U B ) A MR T i 52 2% HRRARIE . A
bz F,5ph5] A SG-LoRA J& , % mAP,, 2T+ &
75. 3%, 7% B 2 [ IR A L 40 52 BB A% A7 2000 5 i 5%
H AR R . Pk FH FFEM B, #5580 mAP,,, N
T1. 5%, BEARSEFHARXT A B, 302 PR el 43 3 %8
FH 1458 30 A5 S5 R A0 I 2 5 DX I e A~ S A7)
R N I R mAP,,, 1Y BT
XA BR . 2R, N APE F8FR T LLE ), FFEM H
HEEEH. 54UE H Adapter #H [b, B30 5] A
FFEM J5 AP, D\ 76. 1% 42 T+ 28 78. 3%, Ui B 45 45,
A BT B AR T Y 1 A e A PR
ShR—3 k.

4 Adapter, FFEM Hl SG-LoRA = 2 3t 7] {ii
I, BRI e AR fRE . 3X R W] DDF-VIT By PERESE
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T ZEA F 2 [ S 55 0 137 5 ] A A0 ek 5 A A
FEMI AT BC % B0 R0 AL BE A — 2D $ TR
IR SERENE . SRORE S SRR AR S R A
FH MR AE 28 (8] HARIG 50 AU 154 58 22 JEARFAE
Rl Z RIS BCEL A , DT 48 TS A 37 305 3l 490 . 5k
PRS0 73 FIAE 55 A R B

#*5 DDF-VIiT HEFERHERIES T

Table 5 Effectiveness analysis of internal submodules in

DDF-ViT
1%
Unit: %
Adapter ~ FFEM 56 oAb AP, APT
LoRA sk sk sk
- - J 753 946 813
- N - 715 939 783
N - - 70.6 91.8  76.1
J N - 75.1 943 812
J N N, 76.5 950  83.7

Y IIHLE B IR A s For i e <=
A FIZARE R

2.4.2 N[E DDF-ViT 4 A SRS (152 0

S 5E DDF-VIT B 4 A B[] B 1 X A
RIPERE A5, A SCAE (R 3 FL A I 20 e B — B0 2%
PR E X S8 a5 Rk 6 s . Horf,
[s: 32 : kIFARMVIT-HIRG] s IR, L kM1
PR B DDF-ViTo AR 435 D\ S35 25 R gty 245 25
RIS 7 T HEA T 04T

D SEIRZE B . 5, ) b7 55 3 LA [
ANPGRS0 : 32 : 2]1F1[ 0 : 32 : 4]0 DLk
24 DDF-VIT ¥t th 8 44 in 2 16 1~HF, APT, $2
= L OB 43 a5, BB T4 B 1 4 A 7 O LA AE
i 3 o v R S 1 RUSURRE 22 1., R, PR BE
JF K Bl DDF-VIT 05 5 #2 T+ . 427 16 4> DDF-
ViTHY[0 : 32 : 2]JALE , HmAP, h AL & 124
DDF-ViT B [8 : 32 : 2 ik 1. 6> A 43 s, 1hd B BR A5
PR A AR A B R R N

HE— 2 AR AR O BT DL B, [8 ¢ 32 -
2V TR as e, mAP,,, 155 77. 4%, MR
BHIRATEZRTI 0N, mAP,,, FFER 75. 8% ; 4l ih {7
B G ¥ 2 RG] 16 24 B, mAP,,, 7 B F 2
76. 0% F175. 4%, BLAR, [0 : 32 : 41516 : 32 : 2]

Y438 84 DDF-VIT B 5 & 1 mAP,,, F1 AP, 4351
FEE0. 7RI, O H 43, , BE—25 U B 7R AR B 50 A
[ A5 00 R, AS ] 4 A B AT 25 72 A2 AS [R] f) 43 )
7;&%0

%6 7[EDDF-ViT & Lk Xt ZooMIIS-SAM 8¢ #2200
Table 6 Effectiveness of different DDF-ViT proportions
in the performance of ZooMIIS-SAM

1%

Unit: %

FEIE )2 mAP,., AP® APP
[0:32:2] 75.8 945 83.2
[0:32:4] 75.3 93.8 82.2
[8:32:2] 77.4 96.3 85.1
[16:32:2] 76.0 94.8 82.8
[24:32:2] 75.4 94.0 82.2

T I RUER R 28 B A

2) Y i g 454 A . SAM By VIT-H U4 324
Transformer B¢, IR 5] 7.15.23 f1 31 &b ik B 25
HENE EREFERHEGHEET . R84
T — K& JRERE S Z )5, DDF-VIT e e 4] 25
LR E B H A 55 RS g . 15—
WA SR TR B S8 2 AT, A s S B Bl 2 (AL
B B AR AR R 45 R A SRR A RRAE . BUARX
S {5 R TRUI V7 Ui 8 0 B DG 5 A4 B B i O
Bilt , A 3 B sl IR i sh i 5, B bs 4k
5530 -5 AU ST BB A AT A SR o 7 G
IR BR SCRYE LR AR L AT ) W A e )
V8, 1 1B A (AN RISTI R %P = e NS TS 1 8
5] A DDF-VIT o] GE [ 345 H AR AH G5 BS54
RSN . 2t RG] TR — R R EN
Ji , JrER AR I S ok 1 T 1 5 HLARAS TR R S
BN HTE R BRI SRR T
WA IMHE . ), SG-LoRA 5 FFEM LA Jf47 7
o3BT J 23 e R A GE e . HoH, SG-LoRA 7
1 B TN 2 A R A SR, R AT Y L R SC
15 B LA TRk VR A, i Ak 17 i sh iy i 3 A i)
JO7 I TC TS S5 I, DT 2 i A AR S A XU
(14 25 6] ) 8 7 5 FEEM WX o ) R AF 254 7 450 At
B, N O 12E 5 E PRI S 4 R 405 R 55 i FLA 56
(A RO 53, LA T3 8] 43 S0O6) 325 B 11 L5 44
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K FELEA B FRIR o B IRAT 43 3240 590 0 o i 5 A4
(147 [i] ZRAE IS #4120 L 04 B 2R R AE, I3 3 U
TIE il A5 T B D, DA T 386 SRS 780 6F 77 Ui 20 ) 3 1A
BB FD R EERE S .

UEAh, (8« 32« 2 DRAI MR &, il XNUkE il
Je B E RE % 16 A AR JRUIA VT B 4k 42 14T | R 3C
fE4E SR IERE G, PRl AR — DDF-VAT 58 5 2214
e, T B AT Pl 5 DI R R A 2 A 58 B i A 7
LR . MR B S B E &K 5] 16 3K 24 I, DDF-
ViT 2 5 Ji7 25 Gt 5 14 1% J8E R AIE A% 326 315 FB1AH 1O, 46
o I, [8: 32 21—k & RfE B HEIF
GRUEAT U i | IR T 55 5 S m A I B, B A
TG R AR A B B R, SR USSR AIE (1 58
S L P T R TR R GRS R
2.4.3  BLAVRIMES ST B Z0kE A

SRy U UF AR A 45 4 B 40 LR PRI X 5
HRG B, A 3000 BT X6 55 0 5 N 4 S 13
ST i AT . b 3 2 A AR X L B 55
AT, S0 HT DDE-VIT XSO 21 L (0 3 3 1 5 1]
i, AR P45 v 11 L S S0 B0 Rl 43 A [) 24 %

T4, 530 TAPM XSG 7 RS RS T 0 () 52 1)

53 BT DDF-VIT X553 5 B A5 i3 s, A
SCH% HRE bR 0 AR S Y SRy ARG L X R AT HE
J¥, I Um0 6T L B2 S AR 1Y 25% A A KA B 55 3 57t
FH . FEREBIUEMBN R TFE L, AARA
6] 31 4 9 1158 Boundary ToU, 25 3 @38 7 o . H:
W, D FRoR BT K B, 31 5l 58 4 iR B
0. 15%D . 0. 30%D . 0. 50%D Fl 0. 60%D. 7£ 5¢ ¥ 56
WESE b, 51 A DDF-VIT J5 , BRI/ DU A B3 56 T Y
Boundary IoU (Cheng 5% , 2021) 43 % 1 19. 9%,
36. 6% 48. 3% F1.53. 5% 2 & & 24. 1%, 44. 1%,
57. 0% F162. 4%, X 4T+ 4.2.7.5.8. 7F18. 91N H
Iy, TESHRTAE |, DDF-VIT 4 3 iy 42 7+ 55
H1I2 , Boundary ToU 73415 7. 6..13. 5.16. 5F117. 3
DNES N SEERBUEEA L, DDF-VIT 7E 851 A
T I 38 25 T K, SR OO R RE 1 5 B 6 1) A
B RAE B 5 s Tl lah SUIE B B, B IRxT
FUBE E A B 120 i 7, DA T TS 2R X 55300 A 7 i
SRR JE 2] i Be

®7 DDF-VITETEWIFEMFHRFE LR RS R

Table 7 Boundary segmentation performance of DDF-ViT on the full validation set and weak—boundary subset

1%

Unit: %
Boundary loU
PR B Evaluation set
0.15%D 0.30%D 0.50%D 0.60%D
Baseline (MSSConv) Full validation set 19.9 36.6 48.3 53.5
Baseline (MSSConv) + DDF-ViT Full validation set 24.1 4.1 57.0 624
Baseline (MSSConv) Weak—boundary subset 13.1 25.2 35.6 40.7
Baseline (MSSConv) + DDF-ViT Weak—boundary subset 20.7 38.7 52.1 58.0

TE TR R BT, I 275028 eI (B s D 38R B 2

R 43 Bt TAPM A [] 52451 %5 B 3 st b i VE
AR SCAR A5 g i P15 5 1) L S S ) | ¥ B Tk 4
X3 R 1-2 4 S AR % B 1 SR AL & AN DT
3N ST A A v 2 E AR L O 0 il X Baseline FAINA
TAPM J&7 BRI T 1P &5 SR a0 36 8 Bl .

TE 120 EHIF4E L 5| ATAPM S ,mAP,, .
AP FIAPT 43 Bl 72. 0% .93. 5% F181. 1% H2 7
% 74.9% . 94. 5% F1 83. 7%, XF i $& T+ 2.9, 1.0 Al
2.6 E 4o X UEHH BT AE S A 1

H, TAPM {75 BE A FH ROLERAE X 42 J B & ik A HEAT
H A AH SR, DT 5 Ak Y iS5 7 4 SR AR H Y
M) )i

TEADTF 3ASLH RS F4E I, Baseline Y mAP, .,
FIAPZ, 73914 68. 1% F 71, 8% , ik T %5 )& T4
ot BH S92 I AH 218 H B X 43 FIORS 20 0. 7
WM B XMERE . A TAPM J& , mAP,, . AP¥, FIAPT
R R 2 70. 1% .92, 9% F1 74. 3%, X i T+ 2.0

0.4 M2. 54 7 sie Hop, APR FAS8C I i 11y
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=B, WE R, 4, WEME, FEIE, X0, REH
MU AFEIE58 5 B AR A 5| SHYF s ¥ 5 &

$e T, F W TAPM 42 {1 1 52 5] 9% S5 96 A B T 0 A
Z 5y 55 R X o3 2T H AR AR S, I B £
JEAR T S bR T BB BT SR A IS TR

LRI, TAPM ANSGE JH T4 4R 52037 55, L Be A
IR B Gt b % A bR b A fE

&8 TAPMZERFEISEAIT EH = TH5 B4R

Table 8 Segmentation performance of TAPM under different instance densities

/%

Unit: %
- 1245 KT 3450
Bl E
mAP, ., APiS”k APZSM mAP,,, AP:jjnk APmek
Baseline (MSSConv) 72.0 93.5 81.1 68.1 92.5 71.8
Baseline (MSSConv) + TAPM 74.9 94.5 83.7 70.1 92.9 74.3

T ML RUE R R 8 B A

2.4.4  ZooMIISSK £ 4t £E i+ 2 43 A 43 B
ZooMIISSK 14 2 il 73 A1 52 BB 2 1Y < R ARRAE .
R HRFE T 28 9 A 4 4 Xof ST 48] - M R Y S I, AR
SCS B R L 43 FI RS v Y SRR A 52 481 43
(Large Vocabulary Instance Segmentation, LVIS) Fll &
FE COCO(COCO Long-Tailed, COCO-LT) 1K 434 J7
2o LVIS HEHE S I AE VI ZR A v s 300 T 80t )

/% Rare . Common Fl Frequent 2 (Gupta 55 , 2019) ;
COCO-LT AR 45 Yl 5 5 B B B3 oy G1~ G4 41, I K
AP, V045 41 0 SE 45 43 514 B (Wang 55 ,2020) o
% I8 2 ZooMIISSK AL A5 48 D251, A SCitE— PR
IR A, K I GRS A T 150 140~
149 F1/0 T 40 592501 70 550 3 73 09 Sk 02 R 2
R AP TT N AR IR 9 PR .

®9 FRKEHRSEFHTRXT ZooMIISSKH AP,
Table9 AP, of ZooMIIS5K under different long—tailed frequency—grouping protocols

BRI il 21534 A Bk AP,
Rare 1 ~ 105K ZRIE% 2 93.8
LVIS Common 11 ~ 100 3k I 2R 14 24 74.1
Frequent >100 5K I 45 51 1% 22 79.5
Gl 1~ 19412k 6 79.1
G2 20 ~ 399 N 256 37 76.1
COCO-LT
G3 400 ~ 7999 YN LR35 141 5 85.1
G4 >8000 4> VIl 5451 0 -
J=RIES <404~ LRz ) 12 71.6
FIE L SRHIES 40 ~ 149 YIRS 18 80.1
PRIES >150 /IR 451 18 78.6

T 2 AP, 7R R AL N T JEHE S AP (AR -39 5

1 5% 9 AT 241, 7E LVIS Hl COCO-LT # 7k 732 75 =X,
T ARSI BN AP, A R . R R
Fi W8 SR PSRN 43 )5, LVIS 1) Rare 21 #1 COCO-LT
(4 G143 AN AL B 2 46 A2 1), 4l NS 2 25 01
55 % BN HE N o FIMERE B 52w . AT, LVIS 1Y)
Rare 2 £ &% X F # ) 7K B (Ectopleura bimanatus) ,

" FRIR IR AL B G A 25 5

%2 B ERE AR R E SN A L, HH
Wil ST S BB AR BN E 2SS,
IE RPN Gk A 52l | BE A 45 v 11 4 BDRG JE , OF:
E—ERE LR eARANFEY AP, o HES
ZooMIIS5K Y| Zr 8 43 A AHAE W A A0 2T, Sk
TR B4 5 18 L 18 A 1249285, Hi AP
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SR 78. 6% .80. 1% FI 71. 6%, RIS (#1443
FE BEAH XS AR, 33X 2 B 2RI AT n] g 23 % B AR 2R
TN )R A SR B A — i S L

KISt 7 =MUERNSE . 2R IR RN
(Polychaeta larva early) J& T ¥ 28, (H R 4 K
HL ) S S BRI 25 2 e HE T 3 R Bl AN e 3
KA 2 E K 2 (Acartia pacifica) J& T3k #8238, (HH:
75 W B 1A A fi £y B 22 A RS  n 1 i B i UK
&, R EIVERE AR AL . AH R, B ERIE T
A0 7K £ (Ectopleura bimanatus ) 8t 28 Yl 2k A A8 3%
D B FROE S BRE e AR S, B H bRl
ST 5 Z B B A B R Ay S8 22 5, R
153 TR o FIvERE . HE— 2D XTI SRS e 5
X AP,,, # 1T Spearman £k A X 73 #7 (Spearman,
1904) , 75 %]p = 0. 100.p = 0. 499, L] ~F K2 H
ITEANENY IS W STNIES LT Gl =213
JES>FIMERE R ME— PR R B W L AR AR
Wi IR B I 285 02 % S5 L A A ] B X S S R P e
7oA S

A S o BE AL B AL OROEE AR B BIL AR Y A
SAM PRI e ME 1T 7% 22 AT FRAEAS 8 i i #U5 «
7 B4R Y2, 20 R AR 1 S A b AL A
SRR I AR P Y R IR AR O, X A —E A
JE b O T LS A A I v B 3 A R AE
TE S W e AR b ) AR B AT B R Sl
SR E, PR B RS R ZEE R AL B8 DL R, 0
BAVUNDREAR (RBYMIEE ) o Jo 20k it 15
SR M AT B REAS 20 I A SR S At % P B
o 25 07 2, E— 2D A ARG B RS Sl ) 0 A
RE ST R ETE

BE5 FiEshRRES

Figure 5 Microscopic images of zooplankton

KFrgikaE  ZBRELDMEN

SR EE

2.4.5 SG-LoRA BK4:HT
F i 5E SG-LoRA W RRIZ B, AR SCHEAUAR S SG-
LoRA MR 514 F , XA R B {E e {1,2,4,8, 16,

324 BEAT 1N LSRR, S5 R ANER 10 i .

10 SG-LoRA BAEXTHEEL 45 1% B8 i 7200
Table 10 Effect of SG-LoRA rank on model segmentation

performance
/%
Unit: %
Pi(r) mAP, . AP, AP,
1 74.3 93.5 79.1
2 74.3 93.6 79.4
4 74.7 943 79.1
8 753 94.6 81.3
16 74.6 93.7 78.2
32 74.9 93.8 814

AL R %5 i A

SRS 2 F W, A A B (B0 AN i B R 2 ] B
il 5, XE LA 38 403 N PRV s B AR A A R B
FEOE D7 1R A AR Ak o B 35 BB K, BE AL 7E v=8 B L
SR AL A TERE  ARE T r=4 ,APE IRE 2.2 H 2
S UL HHGE YR E R E BES R SG-LoRA &1L 4 78 4
F14) S5 Sl A5 A1E 8 2 24 ], DA T o0 A AR 1Y) T o i
MRRE IR — A4 K ZE 16 01 32 B, BRI ME fE AR 4k 22 4
Tt UL SG-LoRA P P 280 AL I AN B ok {184 M i 2
VARG o BRAA A AGSs BRI S5 4 A R L RE T, ik
e U RRAELIU AT BB S LA TUAR W BERT A f B2, 52w Tt I
SRR A 55 R 1 e =2 1] ) A
2.4.6 RPNEBEHE A M]3 X] TAPM 14 BB 5%

B, Mask RolAlign #8 3 A I 43 37 % tH )
e 2K A $2 B ROTERAE I 461 A TAPM, A I, BE@%
A TAPM 1A 855551 572 3] LY RPN figik X 3k 7 55
REJIUSE I o R B AT X — R OC &, A SCHEAR
SR A BN Tl N AR U P 3 o S 7
RPN 1 JE % K AE # # (non-maximum suppression,
NMS ) Fi 5 326 4E 5 2 K 1000, 3145 NMS Ji5 45 i &%
T B3 1 i 3 HE £85IV, 49 1) 3 DR 10,50, 100,300
1000, XF FHEFRBEE, G RPN ik X 3 i~ 35
3 18] 2 (Proposal _AR) | ¢ 2K I AE 19 - 35 4 9] R
(Box_AR ) S 5451 53 IMERE

A 11 AT, 2 N, D10 34 Jin 2 50 B, Pro-
posal_AR FH 81. 5% /£ 75 & 83. 5%, Box_AR Hi 83. 5%
P75 % 84. 9%, mAP,,, /1 70. 2% 42 5 £ 71. 0%, X
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=B, WE R, 4, WEME, FEIE, X0, REH
MU AFEIE58 5 B AR A 5| SHYF s ¥ 5 &

Wt B I RPN ¢ 36 A 0 F 18 08 118 v % 052 H AR Y
IR 2 A O A S SR DN T TAPM
73 3, NS e 2403 IR RE o

2N, 4k SE 88 hn 2 100, 300 A1 1000 -, Pro-
posal_AR 437l i5 5 83. 7% .83. 9% F184. 0% ,mAP,,
IR EN 71, 1% .71, 2% F1 71 3%, % 0 32 i )i /) o
5 RIEF, Box_AR7E N,=100 353 85. 5%, I f5 4
ALRFFRRE , U] Y o AE A IR B — S
RPN X B 52 H AR 9 78 55 58 1 %8 TR, 4k 2234 n
A S AE R o 0T e 2 A T AN S B R B O AT PR . e
& Box_AR WM& = T Proposal_AR, T N
Box_head #F— 18 1E T RPN g B HE A 007 B, #2755 T
T A AE AR 25 ToU R A9 58 A BE

25 I, RPN fi BB HE A [l 2R 25 52 W BB 6% 3F A
TAPM (1) 230 S 451 T, 5 AP A A A A 7 [ 2504 R
il S2 52 ) 43 FIVERE s 24 Ny = 100 5, 455048 bR
WiAa e, 26 W4 B TAPM M #5570 78 e e HE 3 ] ik
BN A R B e k.

F11  A[F RPN RIEELEXT TAPM 5 B 1 REHI R4 00
Table 11 Effect of Different Numbers of RPN Proposals
on TAPM Segmentation Performance

1%

Unit: %

RPN {36 Proposal_ i;;é ap . apn. afe
HEHN,  AR@N, T mask ek ALy
10 815 835 702 908 764
50 835 849 710 920 771
100 83.7 855 711 922 772
300 839 854 712 924 773
1000 840 854 713 925 774

I E R R 1% e {H ; Proposal AR@N, 7R 7E loU [8]
{EL0. 50 ~ 0. 95, % HI Bl EHZ T N, 4> RPN gL HE T3 19 7
A 115 s Box_AR@100 W JE T 2808 7328 30 FHAE [l Y1 A1
R AR i 11 e 28 A T AE 135

2.4.7 AFEHRAE I

AR SRS Y 2R F AR RPN B BLA 2% Al Rol fr
Bt R ILFMI AL, RPN B B 0 57 2R i e e X 3,
i 3 Oy Jim S S A5 3 26 | 20 SR [ U R AT ST A2
{37 5 FE A 5 Rol [ B2 2 o i X sl e il S 49 02
T SFAE [ S A 0 o DAL, S B BT AR

ST T 2R R P A X ek 2 A 39 592 7] 4 A 00 £
HLLE R SRR 2R A — B BT AN D
AR SCBRYOS PRI B B R FHAH [ (9 451 R A
R Y F T TR S IR 4 BRI, AR S
NP5 IR AT KA L A48 & R [
R 3% &, I LA RPN BBt 5 Rol B Be bt 2 1) A X AL
PRI RIS . A HERR SR R A AR A
BT, LI IR LARTE A, + A, = 2, AR PIH K
X . A = A/, Hob xR A, 200 Rm
RPN B B 45t & 5 Rol i Br 4t % AL, JF i &
re{2,1,0.5}. FEEERME 1278,

F12 REHR KR E bE I 3R 45 2 14 Bt 1 22 010
Table 12 Effect of different loss—weight ratios on segmen-
tation performance

1%

Unit: %
r= A,/ mAP,, APY AP,
2 75.9 94.7 82.0
1 774 96.3 85.1
0.5 76.1 95.0 82.9

T MORLEUE 2 m 128 e LA

YRR RN, Y =2 I, Rol By BEAUE H2 55,12
O EGE I AR Z 2 TE o X & A RPN B B AN
RRAR e, Ao 32 DX 3 iy s o7 o e 5 B A 7 75 6 h Tk
Z B, 17 J5 252 Rol TN XE LA 56 4 WK #Msk 1 X I
B AN, S 3 mAP,,, B APE, 43 0 T B &
75. 9% F182. 0%, 4 r=0. 5, RPN B BeA 45 55 ,
{H Rol i Bt W B AH X D055 o s pst, R i a2 X Jak A
AR B R AL, 5825325 (3 BHAE RS A 5 20 A AT n]
fiE 52 2 BR 1 , F 5 mAP,,, AT APE, 20 F (% 2
76. 1% F182. 9% 3 158 WA F AT — By B By LA 3K
LB RE . SR T S TR SRR 1Y
SAM S5 43 FIHE SR ey ot dt g i DX el A ol 55 0 A
RS T =2 (] LA A i 1 A BRI G R AR (1)
PRPERE IR T WA B B 1) R IR A4
2.4.8 fRASERIREE KNG AT

% B F] SAM it g% 2L AE A SR R I 52 Wl 1
YIS, I Hz 0 T 170 2 ) 5 Ak 1 4 ) ] i 32 3
RS B, AR SCHE— 28 LU T R4S S Ok i
PR A S DR AT A N 45 254 I R
BN E 8 MRRERTRILSR S S
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R ALHE , IR s ) R B Ol F22E 21 R W 0. 145

W 13 Fr7s , RIS AS 5, mAP,,, FI AP, 4
TAETE0. 210, 41 H Jred s X R, 7R i 454X
ok T /NI BN — 3 aE An AR Ak R SR I T Y
PEREDC . 3 150 I fife LD 25 Tl ] BE X4 7™ % 52 3T L
ZF TR B B 7= 2 — o B0 IF AR, E R A
HA AT A B

7RI — 25 S ] BR R R 5 SAM A 2 14 T
REFNZE AT G o AHAEE T ViT-H EUR H 5 2%, SAM fif
7 0 45 40 S g, 32 538 5 XL JA] Transformer S
G A SRR R A Z W] BE B A H, I
JI5E4> RALAE 18 53 A 5 B L ot U 45 SR . iR 2
AN LA 3 i 06 S S RG4S AR K
O FE g RRIE SRR G B R T . AR SR
H DDF-VIT X % it 45 AF PE 47 40 808 B, I F) H
MSFPM F1 TAPM 4 5 42 75 FRAIE -5 42 Jm RRAE , fifi 4 A
i 25 115 B O 2 & — 19 2 S MR U R AE ¢
L, F AR MG S A MG =2 18] 38 43 e AiF 22 53 Bk
f i bR AT M, 1 — 2D TR g i A I R
[ 321 s i i AR AT B o

T 25 Y AR S G0 SORE TN 2 il B 25 25 4 7
SRR, I AEE X S f G %) 55 1 SR A b
JEAMAS HZ5M) o Al , A R A T 38 25 I B
RS Iy BANAE AR =2 b2 o] . ARk T 7
PR B SAM TN SR A= e g 3600 L, 51 Al 5
JAVRAIE 38 B | 22 RUBE He B2 441 b sl SR 3% e At ) 245
¥, g — 0 R AR X B AR B 5 R A 4T 1Y
T GE J7 o

R13 SAM HERRFRRD AR L5 5K Mg XT3 B 1S AE A0 R0
Table 13 Effect of the SAM Mask Decoder Freezing Strat-
egy on Segmentation Performance

1%

Unit: %
fRILEOIRA mAP,,, AP® APZ
Rgh 77.4 96.3 85.1
iR 71.6 96.0 85.5

T RLEUE SR 128 e L1

2.4.9  ZooMIIS-SAM Hi /R [a| 4544 i 2 50 i

SR 74 I SAM T A5 A5 (1% 3 AL b e AE
54y B E s, 80040 P 1 AR 7 T Y T
YIRS H0, AR CUR 45 SAM /Y B 22 80, S0

H4 ) SG-LoRA . FFEM | Bottleneck Adapter, MSSCony
FITAPM 45 4T 55 A0 Gt o oy | VA 485 3 [l 0 45
SAM JiUf EHR S 5 25 S8 L2007 B ik A RS 25
280, SG-LoRA F 81 Adapter 43 1) F1) FH {5 2k ke 55
55 0 200 25 44 32 47 2 %038 B 5 FFEM, MSSConv Fll
TAPM WU 3 551 FH - 451 35k 45 44 34 ik | 22 RO R AE Al 5
5 EHARSZHRA, ZooMIIS-SAM 4% 574 B i 254
¥ N2 14 it 7R . SG-LoRA \FFEM JHi# Adapter 1
MSSConv 7EFERE (1 12 i fith )23 L, H R S5
350 0. 1M, 12.1M . 0. 8M F1 3. 4M; TAPM 7 #%
TR 2 Th B — Uk, S50 R 33. 8 M.

MNEHH R TR, SG-LoRA FIH 2 Adapter 1) 52
T2 80 4 B 29 5 R B S B0 0. 13% A
1. 08%, 7 WA (R Bk bt 55 15 000 #9245 ¥4 BE % LA 58 /0 %) B
IS EIE AL . FFEM ,MSSConv F1 TAPM i
B AT 24 0 16.29% 4. 58% il 3. 79% , H %
B4 32 2 T AR A R 1 i | 22 RO ARRAIE gl A
H ARSI, Horb, FFEM (9 S 50s AR OK, 32
BT AR S 5 T P R AR A T T G
DIy i G b g5 i B S A AT 3Rk . Bk
M 55, ZooMIIS-SAM 4% SAM Y T I 25 2 88, A1 24
BB AT 55 A S e | DT AE £ B3 I S b S 6
(LA b 50 BT Sl ) 8 R S T

JL4E FFEM 235 1 5 ToU B8 T (943 1 Bt &, (5
WIEFIESH EZORE ., Je 82 oE s 4l &L
AR A 3 WS Bl A S i, DA R S 4 S 3
TFE
2.4.10 HEHROR 5HCEWE 150

HITA ZooMITS-SAM 7 5 1 i 291 4 W ) v )

£ 14 ZooMIIS-SAM AR &M SHE

Table 14 Number of parameters for each component of
ZooMIIS-SAM

SG- Bottleneck
7k FFEM MSSConv TAPM
it LoRA Adapter o
BASHEE 0IM 12IM 08M  34M  33.8M
PN
i PEREG 0010 136% 009%  038% 3.79%
s e 16.2
ifr fﬁzinﬁo_ls% 6(79 1.08%  4.58% 3.19%
(%

T SNSRI & LR DB S R SR Y
il RS b LR TR IR E [ 2% rh 4 TR L LI Y
S 2 AL S R 1 LA
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=B, WE R, 4, WEME, FEIE, X0, REH
MU AFEIE58 5 B AR A 5| SHYF s ¥ 5 &

NV ) AR SCHE— 25 B T AN [R) S 48] - R AR 1y
HEFRAE R | AR AL F KIS 8 (frames per second, FPS)
FEAE 0 A7 5 FH o T IS R34 A A IR B R B85 T
AT, i ARS8 — 8 512 x 512, Batch Size 5
2, ARG et P IR AR 25 Rk 15
Fis .

32 15 A] H1, Mask2Former H. 75 % & 44 4 B 338
JE, A R HEPEAE IR Jy 33. 8 ms, HEFHH F 1 5] 29. 6
FPS, {HIE(E BA7 5~ 9. 73 GB,mAP,,., J 71. 9%,
USIS-SAM [ U4 AE A7 F I % 4. 42 GB, {HEL [ #i 2
FEIR 3K F] 156. 3 ms, HE P FE N 6. 4 FPS, L2
T, ZooMIIS-SAM 7£ BU 15 f% =5 mAP,,,., [ [6] B, PR [
JEBEFEIR O 83. 4 ms, HE P 1L F] 12. 0 FPS, W (i
WA 5 AN 4.04 GB. 5 USIS-SAM # It ,

ZooMIIS-SAM [ mAP,., $& & 4. 9 A~ 43 a5, e B 4k
IRPEARZY 46. 6% , PR EELRE 5 87. 5% , Ve (H W A7 5
FHBE A2 8. 6% , 2 BASSC 7 VA A 43 FI0kS B RN 34
RS T e i S

TR SRR AT 70 R A I AR A 752
95 2 B L AT, I AN L SRABE AL A 3] e i 38 52 o A4
AEHKSF- o 7E LR AT, ZooMIIS-SAM BEfE LA
12.0 FPSAbBE 512 x 512 ) i E %, HLIGE B A7 5
HIA 4. 04 GB, W 7E 5L 560 % GPU T AE S I 5¢ sttt &t
FEAE) A sl R SR Sl o Rk, A
R L EL A 1 PR sl 0 S B i A 5 %8 B8 43 #r
(RE T, T Ja SEAE g P AR S D HLAG T I B shik
FEA S HT R L AR S HF

F15 AESEGIS BB HHEIR RIS b

Table 15 Comparison of inference efficiency among different instance segmentation models

i AR Batch Size mAP, ., *@%ﬁgm/ T%}flf)rg m%ﬁf‘)ﬁ
Mask2Former 512x 512 2 71.9 33.8 29.6 9.73
USIS-SAM 512x 512 2 72.5 156.3 6.4 4.42
ZooMIIS-SAM 512x512 2 774 83.4 12.0 4.04

T MORLEUE SRR 125 B A

T BLHE Y S, ZooMIIS-SAM (1) 3 2 % &4 4%
WK, NGRS AZ R & R e i)
BT A SRR R AR ZR IR | R 2 3] 5|
(1) Sl AR IR S 51 43 F R D RS B R A AR
2% 5 [a] BHET X FREM 25 1 85 %5 K A% Hu ik 58 25 ¥ 1k
SR KA A FISE T8 R 45 , 45 G IR ARG R R
LTRGBS AL, I — 2D B A S 4
HE P AE R R A 7 ) LE DR 43 Bk R Y W] B P
Bk Ene .

2.4.11 TAPM#REALIHT

53 AT TAPM Hh 5% 3% ) 28 50 PR T 24
A SCTEAHF] Baseline AN ZREC B T , BF TAPM 43 5132
8 Sy 388 TE R ) RAEG BR RE FE E RDL 45 R a0k 16
Fim

T 3 2% A 0.3 M B4, HmAP,,, $25
0. 3 A 43 55 AR AP, R & A=A Ak, 16 B il 7 ]
5 3 1 M 7 X D 78 o AT SRR 2 TR A DGR . Ik
TR B3 2ot 27 B 7235 () e 57 Bl T 28 L, mAP,,,,,

PER 2 70. 7% (HZ FRAF R M, X 5 2% 52 ) REAF
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®16 TAPM 5ARREEENLRAF TSI L
Table 16 Comparison of TAPM with different lightweight modulation methods

P = B EIE B S HoE /M mAP, ., AP, AP
Baseline (MSSConv) — 0 68.6 90.6 74.5
Baseline (MSSConv) + 1 1 2% 4 w,, € R 0.3 68.9 91.4 74.5
Baseline (MSSConv) + fIGRE4 w,=U,VU,.V, eR>** 16.9 70.7 92.8 75.7
Baseline (MSSConv) + TAPM W, e R¢ 33.8 71.3 92.5 77.4
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Table 17 Generalization performance comparison of dif-
ferent models on the USIS10K dataset
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SOLO 30.4 50.9 31.8
Mask2Former 37.8 524 41.2
WaterMask 38.7 54.9 432
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Figure 6 Encoder feature visualization analysis
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Figure 7 Visualization of mask response heatmaps with TAPM
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