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Edge-Enhanced State Space Model for Superpixel Segmentation
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Y(School of Software, Shandong University, Jinan 250101)
?(Shandong Provincial Laboratory of Future Intelligence and Financial Engineering, Yantai, Shandong 264005)

Abstract Superpixel segmentation algorithms significantly reduce the number of processing units
in computer vision tasks by aggregating pixels with similar colors and low-level features, thereby
improving their computational efficiency. Traditional superpixel segmentation methods typically
rely on handcrafted features, which limits their performance in complex scenes or cross-domain
images, resulting in lower accuracy and poor generalization. In recent years, deep learning-based
superpixel segmentation algorithms have emerged, utilizing a convolutional neural network (CNN)
to extract deep semantic features from images automatically. This approach has significantly
enhanced both segmentation accuracy and cross-domain generalization. However, due to the
limited receptive field of CNN, existing CNN-based superpixel segmentation methods face certain
limitations when it comes to understanding the global structure of images. Moreover, as most
methods rely on implicit learning to infer object boundaries without explicitly modeling the
relationship between boundary information and semantic understanding, they struggle to
differentiate regions that are semantically distinct but color-similar. This limitation becomes

particularly pronounced when handling complex boundaries or low-contrast images, often
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resulting in segmentation errors. Moreover, training the network with the simple weighting of two
loss functions also limits the optimization of the balance between segmentation accuracy and
superpixel shape regularity. In this study, we tackle the challenges of long-range spatial
dependency modeling, complex boundary handling, and the balance between regularity and
accuracy with our proposed framework called EE-SSM. The EE-SSM achieves high-precision
segmentation by utilizing an encoder built on a state space model and an adaptive loss function
based on boundary probability, which can preserve the regularity of superpixels while maintaining
the adhesion of boundaries. Among them, the encoder based on the state-space model utilizes its
selective scanning mechanism and hardware perception characteristics to effectively capture cross-
region visual associations through serialized feature modeling, thereby greatly improving the
semantic consistency of superpixel segmentation results. The key contribution is a novel plug-and-
play lightweight edge enhancement framework. This framework significantly improves the
model’ s ability to handle complex boundaries by providing explicit edge features during the
encoding process. To maximize the utilization of boundary information, we design a feature fusion
network that integrates cross-attention with a selective scanning mechanism, further enhancing
the information consolidation process during encoding. Finally, to address the trade-off between
segmentation accuracy and regularity, we propose a novel boundary-probability-guided adaptive
loss function. This loss function dynamically adjusts the weighting of representational consistency
loss and spatial compactness loss based on the boundary probability of each pixel. It strengthens
representational consistency in boundary regions, improving boundary alignment, while
prioritizing spatial compactness in non-boundary areas to preserve the regular shape of the
superpixels. This loss function better balances the accuracy and regularity of superpixel
segmentation. Through extensive experiments on multiple real-world image datasets, EE-SSM
demonstrates its excellent effectiveness and robustness. The generated superpixel results are
applied to the saliency detection task, which further verifies the effectiveness of the method in
practical application scenarios and its adaptability to downstream visual tasks. Compared with the
most advanced methods in the past two years, EE-SSM achieves significant improvements of

2.41%-18.65% and 14. 00%-14. 32% in BR and UE indicators, respectively.

Keywords superpixel segmentation; Mamba; plug and play; saliency detection; edge extraction;

edge probability

1 35|

[l

R AR 2 1 0 S ARG R PEAR L R R
AR R B EE R . X R RS e
FALE R T AR . AR RS E IR
TEC R LUK BB N T ER 5 B R
i3 2N 75 =y 3 TR E 51201 RN = S T e
PERI

Z T N T BT AISRAE AL e B A% 25 4 E1
AR e 7 5 s Bl R P AR AT e I LA A S T
ZALRE 1 22 B . B T 24 > Ak
SSNM SSFCN™ | AINet "™ Fil CDS™) 1 1 % A pf

2 M 2% (CNN) A s IR 218 URHE 3271 143 %)
K BE S5 Sz AR RE . (H2 A2 BR T CNN [E A 1Y )5
TSI AZ PR |, 33k Ty v D AR R KRR A
(AR 0C & L FEOLFE 2 /s UE B LG Ee )
AL T AR AR T SCAS ] 1 0 A At 15 b ] 4 38 )
— AR R P (E L RAILAY S 5 T R R )
Al 53

55 Transformer (Vision Transformer, ViT) il
i A ER LRI S0 T CNN Jay sz 7 (% BRI L (H
HB EEIOLE 05 52 2 B 2 Bl i AR 1Y) 3
P ZRIG . AHoE DI FH T A PR g 3 1Y
MG R RS TRk RE AR 5
THIE R 2Z () B 2 i B TR AR 8 A B Y (SSMD



2300 it A

¥R 20254F

(c) ESNet™ (d) Ours

BT ARG R I ER 7 B4R

(4 5 2T AL S ST 2 B Tz R TE
Mamba'* 3 125 | A B4 8 7 SRRV AR DG 5812 L ik
— B T SSM TS ACR AN R SCEERERE TS .
IR - SSM TS 15 3R 73 FIAE 55 Hh BT 1 v A 20
a4 . anfel A0 SSM N TR R 43 EIE 55
JA 22 TR R R BT 1]

WA BAE AR 2y FIAE 55 v R 4% T B
FH RES 125 P T BB A o L — Bk B
AT B L TR 25 o BEAR ZR 2 0 D5 0RO
T NENGR BB 3 A SR 2% Sy A0 bE s S5 40
GERHIE AP BT AR .l TR BE U
FHE BT TE SR Z 8] A SE Ik L X 887k A b A
A 101 B AR LG B RUR I 3E LA X 731 SCA [ (H B3
AR T A4 DX I DT 51 A ) o CAn T 2 v 4 JEE £
TR o PRI T Bl AR R T A5 R
7 iR SRR R BV A i U ARE T

Ca) AlNet!'!

(b) CDSM™

(d) Ours

K2 AT s 2 X 7 145

(¢) ESNet™

BLAh B 5 k5T R B AR pRBOR A
TEAB 1% 2 A R MER MR M . e, SR AF— 2
P 38 28 A LG ELAT AR LR AE & (A (2
GO MR R REA R, NG RLR S
WA 0 R R 5 5 48 ) SO WK 07 A
ARG Z S AR R — A AR b AR R R AR o
SR AR AR B DK PR AR AR AT R
WEAT 55 A 0T AT HE (9 SCRE 0 SR, H AT ik
SR FH I 7 AU SR N A — 3, b SR S B AT A L 1
2y, AN S5 X FEAE— B A O PT LA A
F I BRI B 5 AR 1 B X IO ARAS KL . i
SRR R0 1 ) 2 1 5 R BB RE . AT A
M7 53 DRGSR, AT S S A PR R

FEARSCH, FATTHE Y T —Fh 56 T 10 A 1 i iR
Baf AR (EE-SSM) s 4 ey B R SCE B i L5
SRAL B T8 U DA R sh S B ARt =4 2 1A
T 2w TG E B RS, EE-
SSM ) 5 57 ik £ T BV B FH 1) 42 08 4 5 2
FRAESE . TZAHESE A BRI () 4 30 B B S 22404k
Pt X 205 B TR RE % 048 45 A E A 1Y
TR o H i, B G 10 R X 40 R

BT EE-SSM J& TR 2525 [8] i i 7 - 4 A1
i B 2 AL o DA B R AR AR S i B,
H L FE RS A (AR A (1) 2 B 25 ) L e e 3
LT FIEE 2 8 e R 38 2o e 27 Ab R A AR AT R0l
A XA BE ST R T TR R ISR
B 8. TR B BOUSR S R 26 B 45 42
AL E R R B T — TR R
3-S5 i BIVIR RV f0)2 F 5 i A AE 2 g A R 43t
BRHEER . BT HRHEE BRI TR b
ENFE R RATEAR T —FP Rl A 28 e T
B REHLA A RRAE Al B2 . B L T
2 0 T 1 AR ) [ 3 I 45 R pREIOW AR R HE A T
WISk, DL A DA A5 2243 B0 v mf P 5 R0 00 4 22 ] 1
BRI A0 R BOR AR B MR 2 17 AR
SIS AR R AE — FPE 2 2 ] SO A A A
P R B HEE - A S DX I AR B AR R A — S
ARG SR 5% 55 B8 7 s AR AR A I, D) B A 4 (]
SHME MR R AR AR o

FATHE DU A B bR A MR 4 Lkt T
TS A R AR R N S A AT 55
P20 UE T AR SE PR A R 524k
RE 1. AWFIEM EZETTHRANT

(DRI T EE-SSM. il i 1o 25 455 4 A A



104 W% FTBIRE BN 2 5m R AR 2 (R AR 2301

KAMBXMALGAR S RERTH T X = 2%
AT LG BE X 14 43 BIPERE  [RIE T3 80% R
AU RH . X —TAEEIR R EUES L T —
Tk RE P S BB L

(2ORG g T — Pl o Al A4 BV BT B0 32 s Ak
HEZR, LT THI T R AR B0 ORIl . IZAESE AT
AR R BUA AR R Oy B rp O e R BEAS
gt it B XM %EE

(G55 38 E R M PR AL 51 T
— R AR R T 2% T R T G (R A AUt
RSB gt R b, B0 1RO X A2 Z 01 A i
G DX I T8 SCHRAR BE 7 o DT 0k 2 i 2 B i v
FIREE o

OB T — P T 3 SR A [ & R R
IR FIIR PR A0 G PR BG5BT S AR
FNE—E kR A2 TR] BB AT B 3 R
R A+ VLS M- 53 0 s P R A

2 MEXIE

e A R P 2B REENER T
Ko TE MR EE Bl Bk 2L 77 1 I GRS A (Rl AL
2.1 fEEWBBRERZE

TR GE ) AR BT 4 WIS T Y LR
TRER. TR BB R B AN E 5
1 5] R, 3 o PR Ve AR A A AR . MR R L 4
Random Walks™ Fll ERS ™', X 2 5 B 78 70 I 1 AL fe
Pk bR I AH R P 22 o BT RE R I ik
Z 3| 20 LR B (U k-means) 19 )3 & . 456 B4,
s A B AR B IR R RE N BB E. SLICH
LSCP A AR Ty I AE LI M 5 v iff 1 =2 [ A 3
Ao BEAh, SEEDS I ETCCPS ™4 )y vk i it 1
b e B PRBCR AR TR 2R AR OBCR S 730 AL 51
Dy T SR, A2 PR T T AR 1%
B8 )5 ARG BE FIZ AL BE ) 7 T AR A — 5 I R BR
2.2 ETREFINBGRAE

1L GE Y R R 43 B A B T R O TR, X
A5 T ATHME L5 B0 B S i AL R LI 2 L PR e
AEGR 2 T HEZR T g W o o 1 fiff ik — [
Jampani ¢ A& 1 Rl SLIC, FFH- & T 45—~ i
1) ity ] Y L5 1) A 3 W 45 ——SSNU L (AT R R
ST FIRERS 5 ph 2 P28 T a8 G s TR T 1 20 A
JE. BfiJ5 . SSFCN" K AR 2R 43 EI AL R R 548
IR R RAL S s T ReR . 7R Eah

[ ESNet "2 T —/> f R AE BB F A5 R AR
I AP v R 4% B T X B AC R EAE 1 A
RBE S . PCNet™ 2 H T — Rl U TR B 2% ST HE 4L,
T 3o SR FH i R ) — O 2 ) SR, (A5 A BB 8 I
R A3 FR R A T T 5 4 B 3 A S DT e 280 A B
AT HERAEAR R AR e T GPU A7 PR .
CDS""00) 358 3 3% 426 b 9 25 45 25 T 19 1 8 AH G 1
FGE T e PRk A AL AR 3= A it 8 . ESNet il
CDS 2 AR PERE Ay SOTA Bvk . SR, YR HE
TUREE 5 2 19 77 s Cn SCk[17-19, 34 D R Z i
CNN e b B EIMG, PRl HE R [l 2 (6] OC & 7 TR AEAE
— 3 1) Jey BR A TR) B 1 A 78 43 R RS 1 i
HE.
2.3 REZTEEE

R T A b R A AR SO TR AT R EEA R
B [AEAI(SSM) . SSM R T2 S5 i 338 , U1 4F
ok B TR B 2 2] R S P A A vk . S5tk
RS 25 0] Fp HIASE AR (S P Ay i 2 R AR 06 &R
MTFRE TAE, Z 8 T ) 2 k. 5T S4 e set
HL il Mamba™ #F — 25 & J+ T M g, @B T
Transform FUHAS S #3840 L IF 869~ e BT HE LA
A, AN, Vision Mamba™ 4% -4 SSM 5 3 a1 44
i L . 33 T K R 45 patch 8] B A H G BE
VMamba*" 38 it 51 A P44 J5 ) B AL F— 2
R patch [A] 1Y -5 X &R . SSM &I T
25 2 AR 43 0 R UG AR A2 A ek, U T
Bp e R, EXH TA/EP, RIMNERT
Mamba 75 #5253 %) 77 1 B R T 7. IR T
R GARE BT, AR S SR AL T — ] A
A 33 BT 1

3 m&EHIR

FEASTT o AT T A AR 25 Tl AR LU
TG b PR A A SRR B O
28 MR 25 25 (] #5575 (State Space Model . SSM)
TR — N ELRG E¥ AT x ()€ R" B 2|
WAE S M RR k(1) € RN, SR J5 AR 45 I 3R 0000 iy o1
Fealy(e)eR" . T HAEEM T 91 B4 5 1w ) 5
R SSM L il kg A B 41 K4k Fof i EL v T 1 4
LR E R A R R g 5. WECE B
P, SSM AT LI IR0 F
h(:)=Ah(¢)+Bx(1),y(t)=Ch(z) (1)



2302 it (=2 HL

¥R 20254F

Horp m' (0) k() RS 5 AERY Y, BERY!
MCeR " NREWZEIZHLNIRE RN, HT At
P EIGORN SCAS AT BEHIUT 51) o 75 B0 14 2 R R 28 25 [1)
B AT B WO B . 2 5 5 A R] R B8
AER IR Z M R ARFE 1 B B
W, w] LLAE S A R B B AR R AR 43 B R OR
HAFIB:

A=exp(AA),B=(0A) "(exp(AA)—T)AB (2)
Ho T RARBNHERE . A BEECNAB)E, A
KDOATRE K

h(t)=Ah, ,+Bx, y,—=Ch, (3)

A3 RN M x, By, 19775 2 7 51 e 5
CFP B VR B ELAL ) SSMAE SR RNN #4711
N T RS 7 B = SN A R S = A i
PR SSM ANIE A T k. o T S8 3y 3t

70k, ] RLoB iz i 13 o 72 DL 4 s 8 B C
SR

K=(CB,CAB,---,CA" 'B), y=a2(OK (4)

Hep LEARWMAFI K E, O BREREZH,
KE R4 . B R SSM X B B 51| A6 2 A7
R H SSM B SRR T AR FEARZE . b T
fiff P33 A ) 5T, Mamba ™' 51 A (1 36 $ MR 25 25 1A
(S6 ML . LIS B C Fl ARYEH AT H) 2 3 745
P . X — P R T 3T SSM B AL BE
i A5 7R B 0% B A A5 S LK P 9+ A 2% AR A
M. K B.CHIASHAMERE AR DL RE
BT DI E

L—1
K= CI,EL, Cl‘gl‘flgl,flv“'v CLHAJ'EI 6))
i—1

4 F &

FEATT T K TG R A TR R )
() 121 % 8 AR 25 2 [ AT (EE-SSMD . 41 3 Jir
TN DT IESE T B E R - B B RS A8 20, 3 1t
B RO X R AR A &G R LT &
KR 535

BRI |

z 2 g ]
i1, = = BE Ik el
il = o L4 .
7] 7] w i
(B o =8 QERTT
2 = = == i

BRI T A AR RE U B 15 5 1 SURK
JH1 2 1) I ) 1) 5, EE-SSM B 565 | A% i i %
s AL HEZR SR U A KR T, e RT Y CHUP HAL W
EIN NG AT R SR DBk S SV T
B Bt it 2 XA R Flo, RS SRS FEAR
LI 551 % Edge” . 1 50 3 BB X 1 564 X 0 fig
J1CR A 37 . TR ER S I TR~
PLHEL, Ifd i 2k A 32 4L BERS St L AL Se it

i B
L] i e i | VG2
Interpolate Interpolate] S
Edge Edge"
U= ZITES
B4EED i 4 A 2 (L HE SR s
Ground Turth ] 1[1'1(.: ‘§‘Jl£u f?- %::

srElah R

K3 BRI

K 71 (AN Canny 1%, Sobel) RS 1) 11 2415 B
o R AE B A RN 55 00 2 X e, DT S T T
NG BRI R P A

7 G 05 By B, SR A 6 R A5 25 ] B (Visual
State Space Block, VSSB) fll T & #£ £ £t (Down
Sampling) s ¥ 5 A BUR I, € RV 34718 )2 R AE
PEMUE B2 RUBERRAE Fy, I SR IR B R
AR BRI 2 )5 L P UFE R GE4. 17,



1044] WS N TEIRR D HIR DR = AR 2303

Horpr, VSBB By ARFIE - 1T 51 R e B
T 2D #iHe (Selective Scanning 2D Module , SS2DM )
VLA Ty 1) 53 St AR 76 R AR, -3 3 51) T 2 DA
fil & Z A B SCE B DT Y 5 R AR 1 R A B
Ho FBOTA RN 7Y ETE T CNN Tk e 4 )R
SRR 1T A SR B

R oK .ok H VSSB 1 2 R FRAE Fr, 75 28
B Eh A B B (Cross Mamba Fusion Module,
CMFM) (56 4. 2795 h 531 G R A Fl, 47T B 38 0
fil A T L DX PR B Rl SRR Fee RS2 BRIX
— 3 . CMFM & 56 il 3o 15k 5 328 9 14 45 il B B
(Joint Selective Scan Module , ISSM) ¥f £ R EE 4R fiF
Fy SNGRHE Fl, TG EE . JSSMNE F, il
Fl A0 i e A1 92 il 2 SS2DM HE AR I R AR
KFR P& Z B CEAMERE A [ R
fEJT. Pl . CMFM 5] A S X 2 ST HL % 3 5
Jo BVRFIE AT 30 A AL, i8S AL R 08 AR 45 43 51
o A I R S A DT A R L X B Y
Al AR IE RN Flgoo ZRGFHERE S HEMAZ T
—A~VSSB. VIS GAF BAETE L3RR 2 [ iy
%)z BRI AL , BRI AT ZR 4 1 i SRR
HAN

TE i 6% By B, #5580 ok bR AR R AR (Up
Sampling) I CNN Z K 5 R4k &1 73 B IFF
Softmax 73 A A= R OCHE Q € R™ Y7, %A
FORBMEER S BE LA M (B 4 Hh 2L AHE
AR 9 > SO A U Ja M

.- P, Py P
=]

Hhe ,

.... Py p Ps
O mEE .||
(T[T

(a) 8% p AR (b) %% p 40K
P4 R p AT A AL AT

ARAEAE RO Q. 18 3 Bl oy il AR A fie i 114
BBAUT RS L I BB AR R bR A A5 B R R 0 25
Heo Telr BRI SEEAR R I HIHERR V5 R 1 22 8]
MR PL AL, $2 T — b T i SR AY 8 1
PR PR A0 PR RE S AR A5 3R 1 10 SRR 3
VA RE AL — BOPEAD SR 123 ] BB 5 2% A A
AT 52 30 A5 3R e 5 A A A L ) e 1 AP
(BE4.47),

4.1 SBEREF-HRBEIR[ED

BEXT G 4 SR 25 R A R, FRATTRRIR AR 23 ]
MERI ] A MG R FETE S 7T T 2 0 HmisaR
(Mamba Encoder) , ZE8% T CNN Jy 2 76 4 FR AR 51
B RIBR o 12 138 2 P S AR AR L A CH AR
5 DX B D0 DK, 2 R T TR Bk . TR AR
B B )R A2 e G B 45, DL s ot A R AR R
Iy EIGER,

S [ i %5 : Mamba Encoder H P94 #15 R 245
25 (B H (CVSSBYALK, W& 3 fif s . 15, 5 ViTH!
L — IR R E FR BB B Stem X iy A B4
HEATHI AL B, 4 ER 53 1% R 24> patch, 34 W)
BAREE Fyo ¥4 Fy 5N ZFRE F, 22 CMEFM il
&5 4. 27 J5 5 A VSBB #ET 3 IR 2 A R E 42
o R TR R SR G R b I AR 2 18 R
FEHb 5 VSBB i th AR Fry, SE TR G . B2
-G AL h A5 B A5 ITEAR R RUE | 585015 3
B B PRASERY 1) e i 2R [R) RUBE (R 1IE )2 IR
HRREA A i FHE B AT $2 TR X5 R i
S PRAREE ) o AT FRANE .
Fi,—CMFM (F.,, Fi,.), n<3 (6)

Down Sampling(VSSB( F,,)), n<<3
VSSB(Fy), n=3

o, il FH BE R PE 4 2D BB (Selective Scanning
2D Module, SSZDMD“ RS VSBB, 4l 5 i
A5 PRFIE F i B 5030 2 MR RNR B 1] 0 28
G R B DR B NS R A R AE Frye SR)5 A
A FRZEVEREY SS2DM A AR K i B8 25 ] {5 B

(D

n+1__
Frg// -

KI5 PSR s [a eah

1 F Mamba J&—AN 791 W 2%, To ik 4240 HE
YPGB , PR I 75 22 S A B 7 91 Ak, BRI
FEANIE 6 BT o SE DU 1] (A 46 - NSS4 A
A EAE A B ET AR 2 ) B A  0 2E RRE
Fi B AR E . B A YA SS2DM 43 5]



2304 2 R - N = S+ 20254
Ab BRAEEAS T[] 1 B CLL A5 e ) ) A A K A O PRAE T DU 3 77 0] (R B S R AIE Pl A — 4 2 R P
). B B X A Ab PR Y R 8 FE O 5RO A JEREXT S . MRS DA T 1) B G SR AR BB AN 2

I ARG R AARFRAKN LT XER. T
JEAL A E R FE T Py 51 33k Aol 45 R A 1 i 0
ik P H 0 2 R 7 B A LR B L TR I 225 SS2DM 3
S8 9 51 RE 6 11 10 J Ay LT L A — AR ]

REAE & °F :

*E-l"‘"!l )
B T
v.-ﬂy" ‘“"I“J—-

f

aaaaa

yrz("h‘

Aﬁwxmdd}dﬂ
h=Ah, +Bx

PHER B REGIATE Y. R Z 07 0 A
RETE—E TR SIS BIUA  (HX A7 U B 7
TE 4 2 [ v A 57 5 S8 B ) 4R RS2 B AT 42 T

BRI LN SCRRERE 1 5 23 RS

K6 rém* ZDE%E’%(SSZDM)

G PR s« FE A B B, 38 B G LR AR
LNN):'HJH?E—’U'%%EF'?EEXE’J%FU\ o SRR DR
523 IR W EUR BRI B E R A (Up
Sampling) H 5% & B S *ﬁi}(?@% VEAERAE , % 2
BB L A 2 o A E SR R A, A TR
MYRAE SR ) o 76 b oRAT S5 38 ) R ER A HE L 5 |
AR G i J2 (R Z AL o X SR R RIS S A
b )22 bR 5 A R AR 0 T8 2 B T T PR, O
HERZECNNHATRLG DAY SERZHMTT S
TR JZ 05 S, DA 184 5 A5 75 %) 4 A 0 S 1 JBR AT R g A
PER T EING R . TR S — P LRSS - RS A%
i — A B FBUZE (CNND X Rl A 5 Y = 48 R 1E &
YEAT 3 38 4 . 1 B Softmax J2 i i B MR R
FE L JUAR B T 8 A 3R, R R O I
QER" ™ AR Q A RAE A U AR K 41
SR A G I CMEM M R AiE Fly,, 142 G
FEEAE T SO RS
4.2 ZTXNESERMEER

NG F L, 5K A VSSB 1Y 2 R R
fIE Fr, JEAT RGP TR X 52 2 454 1 v SC 3L it
REJT BATBEIE T — TR B PR LT A 28 X
T 7701 28 S Rl 5 BBk (Cross Mamba Fusion
Module, CMFM), WK 7 s .

T 2 RERRE Fl, F10 2R AE Fl,, 53900 Ok
E T AT B W 2% 3 32, Hoih SC2 IR BLRRAIE 23 A1

REAFTER] 22 5, ARG & 2 3UE B A I
JH: s CMFM & 5 {fi F 3 A 3 85 PF 43 45 B B
(Joint Selective Scan Module, JSSM) X} 4§ 1

4 X 5 P R A
F (CMFM) | g7 \

r£ s ‘
! DWCon _
I = (=]
I = <]
i % %
i < <
| [ ISSM ]
: = E&m ¥ ¥ ﬁ.b{.;. =
i = b5
15w )|z
i
i |AS b
1
i
I
I
:
1
I
I
i
I

F, € RV S/ Fly € RM 7O BEAT I AR
T 3o P AR 22 ) P AH AP ST FIAHE B 5 A A Y
FIKRETT - T A 2 B8 98 5 B4R AE Fry B Fly e 45
& RS ST LIRS Fry, 70, HE4T 32500
R & L T RERE A ARG AT 55 T R IR B AN [R] 4
A BROASLERL , Ae JEE H AL B Rl 5 R e DT
P i RN A2 2R R R R PR 64 X RE g R 5t
ARV BE T 3 i R 5 3R ) B 1



1044] WS N TEIRR D HIR DR = AR 2305

A R RUIA Al i AR B AN o 8 SEXT
TR F, FF L, FEAT 0120 AR IE SR I .
th/;,m, - Li?lear( Fj;/; )

Fly. . = Linear(F.,,)

— (&
IF;, = DWConu( Fly i )

IF', — DWConv(Fly 1)

Hrb  Fry o FVFL,, BBV ZTHE S B9 RRAIE , 7]
R E R R R A T A B . RS RS
VR BE B U145 B2 B B T, T L, 0 A 056
A3k R AR B (Joint Selective Scan Module
JSSMD , HZ5#g an &l 8 iR

TE JSSM P 5 b 3R T AN R AE B Se 9k 4% < DA A2 3]
77 B T - 2K — 4k 0 51 Fr, € R C
Fiy € RO 10 F 9K A B b B3 94
YRR 7 31 L B BB & R AE 51 St € R Wor e
[] B 2 )8 39 5 1) S, € R W0 fifi TR A
SS2DM 43 55l b B S, F S5, + 43 1) AR AR AR A5 G
R, LASE LA R B A A8 B 5 38 i, AT ARAS 5
L B3 AR AE 3205 St 5 81 CAZR(9) o [
A (1004 S7,, B LU Sp, BEAT X5 06 A S, Al
G 15 B A 5 1) Al A 0 Bk A R AR BF 52 7 51
S © R 1WA G B b IR Y 91 S5, 5 ST, X
55 » AR AR P A O A7 T A AR AE 2R VR RS Y
[ —23 [ o XA (Ao B ) — 5k Ak o 1
J& SRR I R E B oE . BARRIG P REHT K —
FE BIE BIUAR  HB R A AN F 7 i B R SUE B
A BT F W R AR R R . DO S 9 RE AR 1Y 3R Gk
BE 15 B Ja o W S € RO C AR AR Ry B A
F A . It b B DL AR B B8R 5 ) HF IR R R
Fi € R" " CRIF, € R

Stw» S =SS2DM (St ), SS2DM (S1,.) (9)

'/“ St
i’ I —
el
™ _ e
” i‘ lm—’:&-r EFRPEEHE2DESR (SS2DM)
Sl el
& M E f
=] LI .
2 |5 (o bl i % : ;
7 )sfo] FF E F ¥
O S OF:

S hsion = ST’(’:, ~+ Inverse( 55 ) (10)
F,, Fl,.= Separate( S}, ) (1D
Horpr, Inverse () /s Bl . Separate (- ) R K v 51 i
¥R . 205 R F 28 U R DL A Rl 5 A
F, FF . H RSB A RR S 7 15 b 3 2 AN [F) 45
TE AR | 2B T B IX 3 BE RS SRR AR Fy e S
SRy TR R T TR RG B A R 4R s [l Y
FEAE Fly o RN Fly o 2K TH 83 3 0153 88 AS,, Fl
AS.ygee BIRIMTE 5 AS e B Fryy 1 THRAFE]LAS,, H
Fli m VPRGN, X032 55 A i AR A f
Hby AP A AR 22 [] B AR OC 2R & 3l SR R AIE R A5 B
NJmtb et BEG , FIHEERE J1 53 O RRAE Fy, F
Fl AL, I 1638 18 4k B 1 e I 38 2o 4 1 2 58 1
AR AR Fy, e FEAIT
AS, ;= FC(AvgPool(Fly 1)) (12)
AS,p =FC(AvgPool(F}y 1)) (13)
F!,= Conat( AS.,*Fy, AS,*F,,) (14)
F}y .. = Linear(F,) QE))
Horr s R AvgPool () #AE LUE 4 704 =5 (7 BT
PR oA s FC () & e . H T4
BRI 3 B TS FEAE Fy g 8 T 5R 22 1%
FEATIR R A5 B s vk It ARk 5
1 i 2R R IR F oo
4.3 BREAAMEENLZENIELRE
BT IR BE S ) AR R 43 B ikt R 2
T FHE B AR TR SR T E AR, R EGX
)7 AR AL PR AT 2500 S asARORT L PRI B wfE LAV
XA Bt . o TR — [l FR AR T —
A RN R A R b ih S AR AE SR . IZHESLE ok 2
HEE S I 2 A5 D, 3 T AR AR HE R B A K S
Sy #25 F LA A v 0y 30 SRR 77, AT A 2L
TR R B TERE .

I

|
Inverse Merge

K8 BRGILH Il



2306 it A

Pl

2
&

Eitd 2025 4F

NG TRACHEZR . 5 SRR R o ) 25 R AT 2R
A B FRATR A T IR EE AT 43 5 45 B (DW Conv) 2K
P ICHESS, DU HE S 7 . A~ i S AL E 42
A5 PUAS CRBP #E3e , LUK 21 20 M 4 G 21 71k
CINE 3R )« A4 CRBP R AL & YA ALk 22
P(CRBYFI— e RKhfb)z . 7 CRB &5 Hg Ak
S ] 4 B B BL(DW Convy)  ReLU #4037 J2 Al
KB (1x1 Conv) 43 THREGH FHRRE V5 TA
LA AR Bl B fF B . X RS AN i ik
2R T RRIEAL 3B A A R T U G B v
BB RETE R . SRR F, SR BGOSR INT

~_JCRBP(InitConv(1,,)), n=0
e CRBP(F.,), n>>0

h TSR HELR e S ) 2 5 12k b
MM, NEEAS CRBP B % oh AR sl 22K L 5T
Wt 5B G EH RO SR I . AR
U, He il A FRZ R 0 G ORAE FL, R4 R R
I8 W edge s IR AR H 2 R G BE K/ . Bl
J& - ffi FH Sigmoid pR AR BN R 209 0 S e Gt
Edge'€ R "1,

edge" = Interpolate (CNN (F.,. ), H, W) (17)
Edge" = Sigmoid( edge") (18)

FETT oK R A8 U0 2% R ECHN Edge K 1155
HEGIR . Fn N E Edge H Y i MEE pi i
ik AT

(16)

aslog(1—p7), if y,=0
1r=10 f0<y, <y (19
Blog(pi) otherwise

Horby SRS GMER g R TUE OB . AR
DT N ERE BB EARICOIE LR T 5
R PHE X AME R E 50 I BRI REA , DLk 4
R fROEBREREANE T . a=2-(1—p).
ISR ARESL A SR N
Lue=>.1

AR, R T A AT A T R B 9 il 2 45 R
AT 515350 BI85 R B4k B 0SS [R] A0 BE (1 B
10 A8 R IE ] edger HEATPFHE , I3 13 B LA Sigmoid
PRIESAL I, DUG & 2 R4 A5 B & A laih & 45

(20)

R Edge"cR" "', BiJ5, R F (19 Xf Edge”

AT WS, LIS TY Edge” MOUERGTE . R RRANE .
Edge“ = Concat(edge', edge®, edge’, edge*) (21)
Edge" = Sigmoid( Conv( Edge")) (22)

RGN B - AP AR L AL Fy T8I
ERE R CMEFM iy A 31 73 B e, D5 fl A
X 1 2 XS U A 43 BB T (B 4. 179D

SBIGERMAL T IR oy R L FHR
2, WATH 0 2 K Edge" it 4y B 25 F b 4798 % .
e BRI B4R T 55 K Edge” T 2 1R
EPOPNAINEE SV CRE &N TR LS e ey & g o
IR EUNY AR R . BT 8 S IR R R X L
/N A5 R R 23 IBC 45 TR P e AT 9 B R R
R DT TH 30 5 00 286 B AR o 5 3% 1) ) AH 0
P e B 0 s ] B WX B 2% A T E B . B R
/NGRS AR OB AL, S A ] BE R B —
o G IR AR Z B i D RBR O R 8
A AT L LR A B i R Rk B E (9 H
PRsi ik o 5 ALK Edge” 5 $2 71 T 30 51
FERSCR . NP 9 R

(a) fEAERTIIES A (b) SIS BRIE RIS 3
CERR R AETIE) LS Rl EE S

PLAh, B TR 2 2] vk oo R e i A R 1Y
N ST S S G (BN R R o = D
BORFIR A8 0T 1 RS JI0 7 0 0 VG i 700 114 R A
FHCR ., M2 T BT A RS G B &
A G 3 T B 1 AR R Ll A IR T LUK
B b A P T (BB 1R R A
4.4 WEKEH

BRAT 7 338 R FH 1 5 AU R R AE — B R
N2 ) B BRI e A TINAL , 76N [ A0 1 P %
S e LA I R AU i R B R R R
FRU M, FECEME R L. R T e — )
AR T —Fh 3L T30 AR 1Y E 18 N AR 1R R 5]
R B 2T R BE AR R R I A B S A S
o7 b 53 B AN EE, FE R EE A5 R 0 R e Bl M 0 [ B
PETE TR ZE R

I TR 2R 4 T 55 B = ] T i B L0
U P 28 1) DN 2 e B et (R B =Rl A 7o Sl R OG
B @ A AR 3R 0 S i T M (il SCRR 28 A7 5 )
BRI ABGR RN LR, S RIEEGRER
L E R ER E R RRla R MR R



1044] WS N TEIRR D HIR DR = AR 2307

H S R TR PR 5 R M 2 R Y 25 SRR AR B AR R
EER .

BEf(p) NG 2 p B RAE B M CRFE UhRZE 1K)
N-4 B A [ £ R, NN NED e p) iR 2R

PIRTEIEYE 2, y] o (p) I (p)5E NG % p
B FAE SRR BRI R BRBCE T
=>w(p)d,(f(p).f(p))+

(2—w(p))d.(e(p),c(p))

Hrpod, (o, O)Rd (o, ) BN RE T3 XUR I 2R
ﬁ PR AR L2 Y B 2 ) BB k.
FUEE R w ( p ) IRIEAR R p O T3 A HER sh
WAL . RER p AT A X w( p)E
e BB BA N G, (., L) ARCEE n] AR 7R 4y 5
T e SN T AR — B % . AT T 9 A b )
SN FGE . A w( p) BN RRRE p Al
e TARH R W d. (., . )RR A B T
Hit i A 10 A DX IR 15 2R R

NE R w(p) BE XN . &%, 78 CIELab
20,25 ] i) L 3d 8 oA R S TR
51 55 3140 2 DX 3 AR BCRE mT & i) i1 A B Ground
Truth A 25 5 506 G R LR A ZE G DA
o LIEE A SR . S fE R 5 A L
WA R AR M B R R R AR I
CAnE 4Co) 7 ) BB FEAE R S Yo

(23)

=ttt + 1 24)
w(p)y={" =T (25)

t, otherwise

Hod, r B R p 69 AR BE FEE(H . 1,=p. — ps A
L= p>— pr P NRIRAR R p 1K FI B 7 [0 7Y
BhEEAS AL . SR B AR R O MRl &% L '
W T="5. & ¢<T. WA RIGENMTIEDRIX
B i R 0. BESE X e T IH — R Ab B
PO . Rkt w( p)= O B A0 T
I 0] L, S U — Ak BRI 1, o FLE R & (1,
2). B A AR A5 3 % Ground Truth X
N s AN PR B 1 2% Ground Truth H 3 258 X6 B (14 i1
T

TS A E RS (p) F e (p).
25 5 TN A AR OCHR I Q e R T LITHAT 2
IR E st e, =(p, L) Hohp FEAEHE LN
(AT

et ()0 (p)

" D en 0 P) e
C Denelp)alp)
1= S ) 27

Hrp N, & p I FEIR R ES g, (p) KR
TR R p GG R s HXKBERCEA Q. 1)
i FIRAF(26) 27, BASBARZE .G B TR AT
RERE 73 L4 12O AR R IR R IR o o Rt AT
BRp EERMEEES (p) AL E R (p)AliE
SRR E ORI TR . EERAEE
PEf'(p) T LLRIN
(p)=>pq.(p) (28)

X TR AN B R C(p) A 58 R
WA AR s ORI EAR E p 0 8 R
(NE(29)) .,

=>11+q.(p) (29)
SEN,

ROk /MU R E A SRR E
ZIa 22 5 SRR IR AR R AR M o SR T, X
ﬂ%%l‘ﬂb%%y’f‘zd%ﬂ’d%ﬁﬂi%%ﬂ%?ﬁ%%B@F‘%Mﬁ%

AR BORBR R NIG R M . ML
ZT FoAT B H A T 518K p 25 A) BE 8 il 1) 1R 1R
s BRI F B R p EEMMEENEC(p)
(AER30)).

d(p)=1L,|s=argmind(l,c(p)) (30

SRJG il e/ MER R 5 E b Z R =S

() 5 B RN AL L AT AR R AR AR 2 0 8

Rl A 35T . W10 r s AR i AR R TE AR TR

TR . e R . 45 A I g onm A HE 2R 0 PR A
K (20), MG 2 BB I B e sRECH L.

L=L(Q)+ L. (3D

(a) B4

K10 A[lR/METT 5 5 B4 5



2308 it & HL 2 Eire 2025 4F
BT RS T 1T, HAR S . NVIDIA H800 GPU.
5 X % Intel(R) Xeon(R) Platinum 8468V CPU.128 GB 4

FEATT H FRATTKE T A0 A 27 T fof 1 B B 4 LA
BUSCT A0y MPEAL TR bR A NS . JF ol 5 A Se itk
Ji BT L R R T SRR B A AN [ 3 55 rp ) e
5.1 HEE

FATAE DA B HIE o 5 B PEAL T BT 42 H i 7
%, 43 9 BSD500™ \ PASCAL-S™ . FASH" Al
DRIVE""”, Hr, BSD500 £ 2 200 7K Il 25 K14 .
100 5K 33F 4R 200 5K E 5 . PASCAL-S %1
it A 850 5K ok B AN [R5 5 RF i A AR ER
W EHE SRR ZY IR 2415 SR R %
Bn A SR HE W 2R 1 (D RS B bR v T EAG
RBAR T 7L B4 B 5 (2) B AL Y I 3 P X 3]
PRvE )z T B MR 55 . BT Y
R A5 F 52 20 i1 BRSO B e W AR R 43 B0 7 vk
N5y FIRE ST X3 — B R R RE ) DL KA R i
PR R AT 55 b Bl PR B T B R A Pk .
FASH #4884 7 685 5k i i A i & - s DRIVE %
PRAE AU A 405K RStk 565 < 584 f41 190 i 2 2 [ 14
PRI BT 0 LGS S A AR T L I B AR B R R
FEH N SERG 20K 31 TR LB 2 B % L B AR A B
2 PG A HL TR AR 385 FH T4 30 B 70 A A7 AE B R
W% Tz AT . BIR R AT B X 89 %
DX 3l B o Aff ) 1 SRR AR RE ) LA R R A T SRR A
RE 1 A BB R4 E0 A0k L% B AR I A X 88 X 0
Sy FIRRILE B2 2k UG 5 T W 2R ReRR ) Sz Ak
PERBSR ) T 2ok . AR AR R R AL T B AR
2 SRS RLYN ZRAPEAR
5.2 SCHEZETS

EE-SSM #i A %t F PyTorch € 8 , 3 7¢
BSD500 £ 4fs 4E FabAr il 2. i F i, 3
fITEAE SE AT oE > i B BSD500 Yl ZR4E rh
(A A T A il ST AR AR, e 243K 15 1087 NI 25k
A 546 D EGIFEREAFT 1063 AN MNRAEAS . 7E I 3t
e, SR FHBICHE 14 568 S WS A 38 B ML IR 38 AR R T
K-/ 3 BB R 6 BE B, TR B ESRR B
256 X 256 1E H #i A . batch size % b 24, B LI 45
2404~ epoch. AL g K H AdamW AL A% . W1 4R
2R R 6o — 4, BRI AECH 0. 01, LAk, Al
A VMamba "' 7£ ImageNet-1K"**' | Fil JIl 2k )
SigmaTiny A5 A Sk 2 fith 5 (1) 400 45 AL B DL T
YRR e PE RO MEBE . BT vk A4 B4 7 A ]

1o BIYI Gl 7Rl — 35 h 5 1

5.3 iEfEEtR
K H T FRUERAB AR Z TG TR AR - D)4 1 A

BRESFIR LM, XA REL R H N
(BR) A SE B4 ERE E CASA) R 43 ElEE1= (UE) LA
L BENE(CO) o 45 5E — BRI HE D B S5 R F
B 5r h MABEARE S5 R R g (i =
L2, o, M)o 5,(1=1,2,+, K)Fme s, MBEE
EIH g £ e L p,(n=1,2,---,N ), Hiif N j&
(LS YNty

(D H-44 [l (Boundary recall, BR) : BR ffi i 1
HBAR 2R 4 F 45 TR L SL i s A5 R B . BRITHA
M N TARER DA G A 20 L hlaei s e 2
DA FES G RE A L. Bm B BRIEERE
1R ZE W30 AT DU A b X 55 T BLSE A

(2) 1] SZ B 43 EIKS 2 (Achievable Segmentation
Accuracy s ASA) : ASA I TPl B Y PR 2 15
BEIERA I E . T A Sk B X A i 35
R RS AR R WG L bR 28 R TR A e AR )R
ASA B K R B v IE 3 53 %1 59 4 P 55 b
Z. HEWT .
z[argl_ max‘s,ﬂgi‘

2lgl

(3) K 47 | &% & (Under-segmentation Error.,
UE) : UE H T &2t 50 75 40 %0 BRI 77 2R i R 5
HAGE A B SR iR 2 R R TR R E
R . RN EBR RS 2 BRERIEA A
WS, UE(ESN. UEMIHRAXWT .

1

Horbsarea(s,) SR Z s, BT AR B2 B/ NECE 1)
BB, BHIEE N area(s,) 5. BN
UE R EG i Z i iRp o 1 ik

(4)B% M (Compactness . CO) : 5| A CO¥ SR
AR R AN, COKEMBRRmM A5

ASA = (32)

M

>

i=1

—N | (33)

area(s;)

AR TR] ) B ) T FR A - BEAT b . CO iR =k
HBAG R NP, R g X
o S As ArAs
cO—S;)QS 1 Qs A L (34)

Horb S EEBINBIGRES [ STRESHIR.



103

WS N TEIRR D HIR DR = AR

2309

L R BRI K.
5.4 5REHMAEHITIEE

AT YA e e ny 11 FhAR KRBT T
4T L A9 HE SLICT™ . WSBB™Y (2023 4E )
CRTrees™ (2022 4F) , VSS® (2023 4E ) , LNSnet™"
(20214F) ,FGSLT"(20224) , AINet "(2021 4F) ,
ESNet (2023 4F ) , CDS™ (2024 4F ) , SSFCN™*
(2020 4F ) F1 SSN™ (2018 4E ) . H # , WSBB.
CRTrees Fl VSS 2h & 46 # 19 1% 4t J7 ¥  SSFCN,
LNSnet.FGSLT. AINet.SSN.ESNet #1 CDS Jy i
JE 25 2] I, H ESNet Fl CDS 1R3¢ 24 1 fe S5 1 19 1R
= Tk o A R B SR I A5 R T A TR IRAR
5 RAE A E B A AR AT i AL . AR PEA
TR 24 2] 7 ik FRAT T3S 0E WE AT AR 58 A v =,
FH BSD500 Y ZRAE 47 U1 Gk 76 24k S i 4
HEFT PRI CRIEATH0D o
5.4.1 rEKE

WL & 12 FE 13 B, FATT A0 7 v 4 2 )
ERR R D7 T T H R AL GERBAR B SR IR S 2
5. TEHR R B AT 100 2 1000 Z [H] I, 3
ITHAL T AE BR I ASA $8 45 L 3B SR, &

1,00 099 ¢

08— 098
088 g - & 097 f
= gz (A . = 9
L 4 D95 g 1
0,76 | SLIC AlNet = Ve = SLIC + AlNet
=] WSBB ESNet = 094 ‘/ _\5 WSBB ESNet
0708 =CRTrees —CD5 |5 =ont! f =~CRTrees = CDS
VSS ~-SSFCN el I VsS ~ SSFCN
0,64 LNSnet SSN |4 092§ = LNSnet SSN
e FGSL == Ours oot FGSLT _—= Curs
TUI00 200 300 400 SO0 600 TON K00 900 1000 U100 200 300 400 S00 600 TOG 800 HK 1000
AR R S
(a) BR a# (b) ASA #Ek
K11 AFEJ5kAE PASCAL
1.00 |
[ = —
u_vul =
085 T."
= oso .
By 075 sNet
a0l cns
. I”i SSEON
SSN
065 Ours
60 - " - . - 091 - h =
00 200 300 400 500 600 760 SO0 900 1000 100 200 300 400 500 600 T00 800 5900 1000
il ke Ve e
(a) BR 5 (b} ASA B
0.99 = 0.9% =
s ——— e 097 I e
— e — 1 oy 196 e = e T e
08 e — =N
=R /{, 0941 /. 4
Sors SLIC AlNel = 093¢ % ~SLIC = AlNet
= WSBB ESNet 3002 WSBB ESNet
069 CRTree CDS o Yl =CRTrees = CDS
g SSFON = 0,91 4 VSS ~SSFCN
(163 = LNSnet = 55N ool « LNSnet SSN
e | FGSLT = Ours 089 FGSLT = Qurs
057 B9
100 200 300 400 SO0 600 700 $00 900 1000 100 200 300 400 500 600 700 500 H0 1000
At Ei R AR
(a) BR ik (b) ASA @ik

B RS o KB N A A eAh SR R
0T 100 2 700 Z [ali  FeATTAY J7 ¥4 7E UE 4845 111
FIABEM . X4 TR AR, R T
BT 4 R 5 A I BRARBE ) o BLAh . TE GRS B i
A i B B R B 4y b b B AT 2% RN
T E B X3 die i 36T 3 AR 1) [ 35 1 R
BR B 7R 7 i R DI e T Sk .
5.4.2 BN

ZEMAR i T AR R IR AR M. B
A FE TR B 2 20 19 07 138 R R [ 5 AN N
JIFHEAT AL, X LAAE$ 55 CO /Y [R] Bof SHfe ot 371 55
A, U H R AR AR i X 4 R 15 2R 0 R
FEAE 1 LB AT v A . R 1L 12 & 13 AN
B 14 B, AT Oy vk 76 0 AR AR AR R 43 1 o 2 1Y)
[ ST SO A e e . A o B 1 TR
LA IE LT S AL AT T SLIC . CRTrees
VSS Ml LNSnet & 5H 1k . X FEIFY) FIRFHA
RS 1) 1 3 o7 0 2K PR« AE 10 B DX B, A TR T SG
FAE— S, DL T X 5RO s AR AR 1 B IX
B AR SR A2 o) B 3vk , DLAERRRE AR = TR
F .

0.45 ¢

SLIC ~ AlNet O.85 1 - SLIC + AlNet 1

040 s ESNet 079 WSBB = ESNet
f RT €DS 0.73 | +-CRTrees = CDS i
. 035 VS8 ~ SSFCN 067 - VSS ~ SSFCN |

= SSN 0.61 ¢ = LNSnet SSN

£ 030 - Ours 2 035 | FGSLT = CQums | 4
028 = ‘I’Ij‘: | ol |
o} ﬂi':{:“' === e =
) e e ———

g I T O i e
100 200 300 400 500 600 TO0 800 900 1000
IR it

P e MR S L Sy LV
1061 2060 3000 4060 S04 b0 TOO KO0 D00 1000
AR T

() UE #h#g (d) €O R
5 " ¥ SN
-SEURAE L BRI LR SR
0,40
- SLIC ANt (.85 SLIC
035 WSHE ESNet 0.79 WSEB
! +{CRTrees = CDS 0.73 CRTree
o 030 7 VS = SSFCNH 067 V55
= ~ 1.NSnet SSN 0.61 LNSnet
= 02§ 5\\. FGSLT - Ours 5’55 FGSLT
=020 : 049
Toast 7
010

0i3 - : - 3
100 2000 300 400 500 GO0 700 K00 9040 10006
R
(d) CO

1001 2000 300 4000 SO0 600 TO0 KO0 900 1000
IR R
te) UE #ig

AR A FASH %8l 46 b A 5UfE e Aess

0,50 ¢

SLIC — AIN [EL SLIC AlNet
0454 %\%‘BB élqi-c' 0,79 WsBB ESNet
\ e ‘13 [~ CRIrees —CDS
| CRTrees — CDS 0.73 ; YLk
040 VSS S8FCN
- 55 ~ SSFCN 067 LNSnet SSN
=035y N LNSnet SSN el FGSLT Ours
= L FGSLT _-—=-Ours VR L] ——
2030 SN NNg = ()49
Fozs = % 043
= z — 0,37
020 e, g e 031 } . -
— -4 P—— $
T : 025 e T T e
0.15 —— e —
0.1 013 o -
100 200 300 400 500 600 700 800 900 1000 100 200 300 400 500 600 700 S00 900 10080
AR s IR R R
(e) UE #itk (d) CO ik

13 IRk fe BSD500 HHi 4 F AR Hoss



¥ pus
2310 A A 20254
0.95
056 r ?lﬂl% 0.50 |
94 a3 ! & TeCs
i — i : Vss 045 |
= g = 0.51} i ESNet i
=093} — Tt o . +CDS | - = =3
= p e R O Ours | B e e P == e
092 — | = 2 = W gt e — —
=092t Lz = = sl ———— |
= - o = - b ——— T
- * ?ERHE E 041t e | 3% vl - - ?%{1}
=091} = CRTrees || [ S S 1 - = CRTrees |
= I/ Vss = Qﬂ - 030 A Vss
0.0 § E‘IS)\‘;N 0.36 } e—] 025t E!S)E\'
Qurs e Qurs
0.59 0.31 020t
1060 200 300 400 500 6030 Tk SO0 900 1000 100 2000 306 400 500 GO0 TO0 KO0 900 [000 100 200 36 300 500 GO0 700 KOO0 900 FKK0
R & i i o i
th) ASA (d) CO Hh#R

El 14 A[EH B4 DRIVE 0884 T 5 i 45

5.4.3 JHERCR

TR 2ME I T ARG 55 ER
BATHE ], SCEEE SR FRATT D v e U AR
T WSBB. VSS.LNSNet.FGSLT #I SSN., Jf H 5
I BT ESNet F1 CDS J5 kA0 H, B Bm5e 4 1

IXF I FATTHY VB AR A 53 0 5 1) [R) e, AR R L
BRI RCR . X — AT By Y ik
Th: 58 R MR 8] 5 2% B2 1) SSM kA 7 2458 5 H:
W BIA T HRE N SR # b ZomeiE e, 42 7+
TR HERAOR .

R1 LHBEBEHENI008, REFEEPASCAL-SHiRE FHHELR

SLIC WSBB  CRTrees VSS ILNSnet FGSLT AINet ESNet CDS SSFCN SSN Ours
BR 0.8820  0.7739 0. 8818 0.8893  0.8928 0.9267 0.9040  0.9025 0.9046 0.9081 0.8173  0.9584
ASA  0.9625 0.9495  0.9592  0.9519  0.9629  0.9670  0.9728 0.9733 0.9742  0.9738  0.9511  0.9791
UE 0.2320 0.2793 0. 2493 0.2400  0.2373 0. 2089 0.1751  0.1735 0.1714  0.1692 0.2700  0.1439
CO 0.3261  0.4477 0. 2360 0.1923  0.2332 0.1818 0.3554 0.3982 0.3888 0.3587 0.3618 0.3539
Time (s)  0.0715 52.315  0.0089  2.5483 0.6215  0.5672  0.0510 0.0750 0.0815 0.0680  0.3294 0.0906

T HAR SRR IR A
F2 HBBRIEHEH3I008, REFHEEBSDS00 HiEE FMEBESER

SLIC WSBB  CRTrees VSS LNSnet FGSLT AlNet ESNet CDS SSFCN SSN Ours
BR 0.8360 0.7302 0. 8496 0.8613  0.8583 0.9153 0.8700  0.8800  0.8802  0.8747 0.7561  0.9215
ASA 0.9471  0.9338 0.9437 0.9298  0.9438 0. 9570 0.9584  0.9605 0.9598  0.9598  0.9279  0.9635
UE 0.2566  0.2998 0.2691 0.2900  0.2798 0. 2062 0.1983 0.1877 0.1926  0.1929 0.3162 0.1748
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Time (s) 0.0621  30.215 0.0078 1.4121 0.5491 0. 5396 0.0439 0.0675 0.0735 0.0440  0.2884 0.0824

MR R .
R3 HBHEIEHEHI0E, REFHEFE Fash#iiEE FHHESER

SLIC WSBB CRTrees VSS [LNSnet FGSLT  AlNet ESNet CDS SSFCN SSN Ours
BR 0.9234  0.7608  0.8943  0.9284 0.9287  0.9484 0.8744 0.9213 0.9235 0.8933 0.7713  0.9564
ASA  0.9728 0.9570  0.9673  0.9616 0.9663  0.9751 0.9718 0.9777 0.9782 0.9747  0.9543 0.9794
UE 0.1344 0.1951 0.1577 0.1464  0.1287 0.1221 0.1305 0.1070 0.1061  0.1189  0.2071  0.1043
CO 0.3419 0. 4400 0.4101 0.2017 0. 2406 0.1787 0.3710  0.3963 0.3863 0.3731 0.3544 0.3639
Time(s) 0.0975 41.2560  0.0120  1.8780 0.9511  0.7662  0.0260 0.0855 0.0765 0.0510  0.4043  0.0920
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R R SRS T b DX 3 AN ) 24 590 DX 3 A R i
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(a) AlNet (b} CDS (c) CRTress

R4 HBREBEANIH, REHEEDRIVEHEE

HEESR
SLIC  CRTrees VSS ESNet CDS Ours
BR 0.4530  0.5569 0.6008 0.6111 0.5886 0.6200
ASA  0.9174  0.9255 0.9270 0.9245 0.9247 0.9273
UE 0.4722  0.4813 0.4509 0.4478 0.4606 0.4470
CO 0.4047 0.2836 0.3217 0.3912 0.3715 0.3382

Time (s) 0.1211 0.0132  1.9422 0.0935 0.0870 O0.1152

(d) ESNet
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Background

Superpixel segmentation is a widely adopted technique in
image processing and computer vision. Its fundamental idea
lies in partitioning an image into a collection of small, coherent
regions—referred to as superpixels. These regions exhibit high
internal similarity in terms of color, texture, and brightness.
Compared to processing at the individual pixel level, employing
superpixels as the basic unit of computation offers enhanced
semantic  representation and  substantially  reduces  the
computational burden of subsequent processing.

Superpixel segmentation is often used in various visual tasks

such as 1image segmentation, object detection, image
compression, etc.

Limited by artificially designed features, traditional
superpixel segmentation algorithms lack accuracy and

generalization in complex scenes or cross-domain images. In
recent years, CNN-based superpixel segmentation methods have
gained increasing attention. These methods can automatically
learn rich and hierarchical image representations from large-scale
data, significantly improving both segmentation accuracy and
cross-domain adaptability. However, several critical challenges
remain

(1) Due to the inherently local nature of CNN, current
models struggle to capture long-range spatial dependencies within
images. This limitation weakens their ability to integrate global
semantic information, often resulting in the incorrect assignment
of semantically dissimilar yet spatially adjacent regions to the
same superpixel.

(2) Most existing methods rely on implicit cues such as color

and texture to infer object boundaries, lacking explicit modeling of

the relationship between boundary information and semantic
understanding. Consequently, they are prone to segmentation
errors, particularly in regions with complex boundaries or low
contrast.

(3) Many deep learning-based approaches employ a dual-
loss framework with fixed weights to jointly optimize
representational consistency and spatial compactness. However,
the use of fixed weights fails to adapt to the varying characteristics
of different image regions. As a result, boundary regions are
often segmented inaccurately, while non-boundary regions may
lose regularity, ultimately harming the overall quality of the
generated superpixels.

In this paper, we propose an Edge-Enhanced State Space
Model (EE-SSM) to improve both the accuracy and regularity
of superpixel segmentation through three key perspectives:
global  context  modeling,  boundary-aware  semantic
enhancement, and dynamic loss optimization. Specifically, EE-
SSM  adopts a state space encoder-convolutional decoder
architecture, which strikes a balance between long-range
dependency modeling and efficient inference. In particular, a
plug-and-play lightweight edge enhancement framework for
superpixel segmentation is designed to provide explicit edge
information to the model. Finally, the model is trained using a
newly proposed adaptive loss function based on boundary
probability to solve the optimization problem of balancing
superpixel segmentation accuracy and regularity.
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