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Abstract: To address the common challenges of insufficient local detail representation and low global
modeling efficiency in high-resolution remote sensing image semantic segmentation, this paper proposes a
segmentation network that integrates convolutional neural networks and state-space models, named RMUNet.
The proposed model employs a lightweight ResNet18 as the encoder and introduces a visual state space block
(VSSBlock) in the decoder to achieve efficient global context modeling. Meanwhile, a local feature
compensation module (LFCM) is designed to enhance the perception of fine-grained semantic information. To

mitigate the semantic bias that may arise during the fusion of shallow and deep features, a cross-level fusion
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attention module (CFAM) is further proposed to enable effective collaboration between spatial and semantic
representations. Experimental results demonstrate that RMUNet achieves mean intersection-over-union (mloU)
scores of 83.78%, 87.09%, and 52.85% on the Vaihingen, Potsdam, and LoveDA datasets, respectively,
outperforming existing mainstream methods. While maintaining low computational complexity, RMUNet
significantly enhances feature representation and segmentation accuracy, providing an efficient and effective
solution for high-resolution remote sensing image interpretation.

Keywords: high-resolution remote sensing images; semantic segmentation; Mamba; convolutional neural

networks
0 51 &

T S R TN, A% O AT 55 22—, EH bR SR AR B B 280080 4, %) 18 JER A5 S it i 15 25 NG
W2 o PR B RAE E A  E WEI FNERIE AR T SR AR DLz N . AT IR

STHRRRAR, M i BEERS R AR PRAE TE  sh  AYT B RIS, N T o A ME B, X SCAr R AR T
e RN, AR, TRBE A S HORGEAS R (U RRIE B S P2 R T LA K i 3 I 2 2T HEZR, FETTH AL b2 45
WS RN Tz R Y H AT, B TR AR S 18 RGEAR TR SR i S A B 22 M 4% (convolutional
neural networks,CNN) Fl Transformer™® B k2%, 3T CNN Y 5 7258 % 8 i Wi S B FUZ B 2 IR BUZ AR 45
ik, & FRAE R A AR R IR R W (0 R S H P 45 4, A B Tl 25 (B 40 99 5 2 . LRI 55 A U-Net,
DeepLab F1 PSPNet 551", 3 #4677 1 75 22 KB R AiE Rl 45 11 245 (8] 40 757 PR 4 O T O 17 30 38 k. SR,
CNN [ 5 (93832 B FR 1] T X AR AR A 52 245 S e ), MELL 72 3 AR LA il L R 3. e
JIit CNN 74 Joy A5 7 T A J2, Transformer 224985 5| AE o3 HIME55 o H A B IPURI BB UE7E 4 Jmiv
Bl PN il 3R A% 22 8] B MR O R, 7 18 J8% 37 s v R B R Y 4 R BRI BB T o Ok B 22 ) 0 9T K
Transformer I F T 18 JEGE AR 1) S i &5 — M i 2R 4540, JF UG 1o &k Jg o MR 2 Transformer 2544 £ 4%
Segmenter'”, SegFormer!'", Swin-unet"” 1 Swin-UperNet!""! %5 . T1ij {2 & 45 # W K¢ Transformer 5 CNN #H
454, 0 TransUNet!' | DC-Swin!"', BANet!'” Fil UnetFormer'”, X S8AF 354 30K E T fRak 54 F i AF $2 B
FIPL, 76 2 A2 b s il 22 ROBE B s 2R A 7 T R B0 R A-PERE . SR 1M, Transformer 19 F 13 5 I LI
AV PRI IR R, B SR e KM, Mk DATE (e 0 8 S A0 S s 1o P b S I e RO 3L, it
Ab, FXT AT RIE ) R IR B TIAFAE SRR, 76/ BAR S BT HAAAEAS 2 -

Gu ZEU R T — P 3L TR A 28 ] 457 (state space models,SSMs) ™" ) Mamba #Hk, 1245 He FH T7E ¥
GIYERE 3 IHHEOIRAS, DASE IR AR (S B AL RE . Liu 250 #2 1 A% VMamba i i /& Mamba A9 5 1] §
HEHLE, 51 ARG L RS BB R W, iR Mamba 284840 i BT EYLALSE i . 7R B 508 X
53 HES5 , Mamba 25 [RIFEAZ 3] 1) 2 G0, IR T ARG RA, W PrRE B R A 1 5
(25 [ 0B . B SRy I 25 1 RUBE 25 57 DA R Sl B % 1 b 9 0 A, 26 6 Rl 1) R 8 0 ML R R AR A
i AR LS. 55T SSMs 1) Mamba BEHTE I 37 50 F e I pURp O 3, 038 PR S T B e
UEAEAERF MR S IR E R RN, A0 15 X 85 RO 42 Jails U B, s o g B (R rh i 2 2
WA X A I TR ) i D SR . A SC 5T 4 Rs-mamba™ |, Samba™?!, UNetMamba™, RS*Mamba™’
PyramidMamba”® FlI CM-Unet"” 45, ¥ 3£ F SSMs #J Mamba FE 35| ATH SC43E) [ 25, E R R85
ZR BRI, A AR B B OC R, W P TR o A B

SR, 1X LA 2 ELAU T Mamba (5 80019 2 R RRAESE BUCRE 7, X AR EE R 315 B i 4 Fl 2 2 e
TERI PR OCTE AR I o TEm 0 PR E BGE B D, 5 Z0U R BB AE B, B B AT AR5 A0 1 2 Wi SL— 3K
P, (B FE /N BAR RN 22 SOH DR A 25 M BMERE IR fh . LA, 20 MR S A R 2 REAE 5 IR )2 FRAIE
T8 25 0] 73 BEA RE SCIMR AR BE 7 AP AR 3 28 5, v SR Z A AU B )25 | 0L, B4kt T Rl & 5 S 80k

KA B . I AR 5 SR TR AMEE ) i 0 R R AR T L
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

Vol. 44 No. 4 NATURAL SCIENCE OF HAINAN UNIVERSITY 419

SCAK T FURFETC Ay, #Em BR ) 7 R e RE 0y ik — 2B 4 v o R, 38— Aok 22 2 10 U B 2% (residual-
mamba-u-net, RMUNet) B A, {5 B Mamba 2k V52 7% 5 1) 4 Jay fEASEOL Y, (W] i i % 13503 1) Joy A ARp A b
£ (local feature compensation module, LFCM) 5 5 J22 9% fill & 14 & J1 B2 k ( cross-layer fusion attention
module, CFAM), SE IR 2 5 ¥ 2 F-IE 1A 2R & VL L 4R 5 /il ds B e ph il ik .

1 IRFA=*E

1.1 RMUNet #HEI R KLLEH] Mamba JLHY7EPRRFE M THE & 22 58 (0 [RIIF, AT A RO 42 il A5 B EAT
AL, J2& Transformer [ —Ff ] f7EA8 7 285 11 CNN BERZ 4 G AH SR Z M HES 5 2, HE T O B4 2 0] R B 4
FNRRAE, HL A% 5L Ry SRR AEFE HUAE 77 . RMUNet 2RI 58 430l & T CNN il Mamba (1) 3, SR H 28 8111
Ui S — AR AR AL . SRS A8 LA Y ResNetl8 7E A B+ M 4%, i Z24-5% 2% 81 (residual block, ResBlock)
M B T R, AR B R R RRAE ; A RS 25 U] T VMamba [ AR BT R B8 IR 25 23 [A] AR B (visual state
space block, VSSBlock) ¥4, ik 4 Jm [ F 3CfF B oAb, RMUNet BEALIA S A T T34 58 Jm i i A B
I LECM U T4 28006 TR 2 RHIE Y CFAM, 115 1 R .

A

CFAM -
ResBlock P - > iR
Patch expanding

| i

VSSBlock N
ResBlock = - LFCM LELIE BN
Patch expanding loss

\
\
| ]
) ] -
VSSBlock
ResBlock b LFCM & | an
\
\
\
\

Patch expanding

! I

VSSBlock LFCM

ResBlock

A 4

— IR I b i AHAE) K
B 1 RMUNet 8 Sk R &HELS

1.2 MEREZEER 7650 PERE B R, 385 M) 250 Z (R AE7E I S 06 AR S A LPE, 25
AR R REAE HEA TR0 50, W 5 51 R IR o« BT, 51 A4 Jm i S5 BN ik iR o 73 #0520 EH
B, M CNN RERSZ BF A BR, fE DA B2 R IR B 140 3R [B) A OC 3R ; T Transformer 7 HL A mi 8K 1Y 42 Jr
BERE ST, TEARZ AT 55 Th R B R, (B B 3 B LR Bk i ot s 2= B, BRI T LAE & 0
B BSARPRCRAY e, I, Gl 7E 4% B Transformer 4 &) B O 3 1 [R] it A B3 AR, 1l
AR Ff B0 A ISR

TR HERE B AR RT Jm nl A E R P 9, AHES T Transformer 19 1K 5 & 2% &, Mamba 537!
(LR T3 2 2 FE AR AL BRI R i 22 R AR DL 34 BRI, 76 it B B R H U1 25 1) Mamba 155 B4 Sy
FT ML, B SBERBIA NS TR, LR A, B, ¥ VMamba 9 5 fifi 50T
VSSBlock 5| AfFE 2551, DAR R Bl a RifE B, M4 55 52 4218 B s i il SCorHRE B

VSSBlock HJEARSE AN 2 FroR . S AR X, € RY<C (H 3R RURAE 5 B 7 10 AR R B0, B
1B W RN URAE AT 7 Il MR Z 50, B8RS C FRn B MR R A 5 6 sSORRAE 2 B 45 &, R

Zhang Jianchang et al. Semantic Segmentation for Remote Sensing Images Based on Joint Global Feature Modeling and Local ...
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

420 GRGIPNE 2 AW S L ') A 44 5 400

BO 2RI, FHFATIEA A3 3L, S —0 AR X,
B2 1 2 K B e 2 AC (A B i@ i Y™

JE R ), bifi Je K Ul o R AT Ay B R R, SiLU v
OIS PRIOR SS2D AR VR AR, 11482 0 — 1k i Layer norm
ATARUEAL A B 5 55 — 43 32 3l i 26 2 5 SiLU I 1
T PRSE AR AR AR $e o 43 S HE P REAE 3 e . N
INEFRHEATRG, 2Z 5l FH 2 M 3l T Eik &2 T
B C, Fe e 15 A 4 B A R A X, = R, e ——
WAl KR A I !
X, = LN(SS2D (SiLU (DWConv (Linear(X;,))))) (1) SiLU SiLU
R |
X, = SiLU (Linear (X,,)) (2) SSob
X, = Linear(X, 0 X,) (3) !
KA, X, A — S, INC - ) AR IH— 12, Layer norm
SS2D( - ) 2 X hip 4 e M AR B, SiLU( - )
Jy SILU 41 BEL, DWConv( + ) AL 43 4570 %
JZ, Linear( - ) AZPE)Z, X, R oy 3k, Ok Linear
M IR IR 1
1.3 FBEFEAMEESR RE L) LR UERE *D
4

523 s i XA B b B AR, o X
RECAR B0 R B A0 AT S B T o3 FUOR B A ¢

HEIE . 4 VSSBlock 51 AfRAS 8 AT FI] T i S0k £

G2 SRy 1 SCRE AR, (H 7R MR R R v A TT R i AR SR R B A3 i S, T o A 2 B o N RO P A
R, ST, B FhIE T ONN (19 LECM, 5 76 3 3 A5 R Jay 3 4 5 (B BE g, an el 3 Fos . {EAS
SERIE Y, LECM AAE YN R BE S L, DR A 25088 i 4 B AS, A5 Bl T4 s A5 A0 0 1 PSR 1% v 40 9
R seh REB/NMY Y B A%, LECM R A5 3 I AT FREE G, 70t il 72 vh s A8 A MR 1 SO
ATRE RN 5 8 o B0 32 2 5 3% $:45 it 13— 1k (batch normalization, BN) JZ 1 ReLU i 11% PR £K,
PLBE R AR Rk i AR M AR R M AR T

Conv 1x1 HBatch normH ReLU6
Weight— Dropout H Conv 1x1 H Upsample }—.
Conv 3x3 HBatch normH ReLU6

B3 FBERFHEAMEARER

B2 MEIRE=EELR

X, =ReLU6(BN (Conv,,, (X)) (4)
X, = ReLU6 (BN (Convi,; (Xin))) (5)
X, = Upsample (Conv,,, (Dropout (aX; + (1 — @) X,))) (6)

Ao, X, R E— 2 S, ReLUG( + ) 2 ReLUG6 3 ki %5, BN( - ) it IH— 4k )2, Conv( - ) B Z,
X M ETAFRIE, X, 58 0 S, X, R Bt RRAE, Upsample( « ) 4 2R AE 2, Dropout( - ) °A7 Dropout
2, o AT 2R AR B 5L

14 BEZBEAEEENER  H A ResBlock 4 MUNERIZFHE, BALE F & MR 5 8, 2l LKk
AE 714555; 117 VSSBlock $7 HU A T 243 fF L 48 it 1) 4 Ry SUBATRE 1, AN ad Hoas o) o Js ik, BF % B

KA B . I AR 5 SR TR AMEE ) i 0 R R AR T L
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

Vol. 44 No. 4 NATURAL SCIENCE OF HAINAN UNIVERSITY 421

FERlA TS RRAE AT B8 5 BUWTE SR 2= 50K B2 FEAIG e AL
(] &5, 2 5 CFAM i i 1% )22 SURRE ff A, R B P2
FRAE A B AME S, PR B 4 {5 B AC L, M oS
(B 240775 5 2508 SCAPRE A X 0 DG 32, DT 8 A5 7
)43 RE

CFAM (Y BAKRSE M N4 4 R o B Sex )2
FRIE 5 R 2 RRAE S A Al G, DA G 25 [ 40
WHUF R, IR A 25 R—AE - CFAM A . Bk
Y, &1 Xt ARAE ], CFAM iz H AN FE47 00 %
PEAT AL PR, 4331 5 33 8 G AR 5 2 1] B R SO B
Horr— 2% 43 SR K- T 1) RN L 1) 43 01 5F g
T - E AR ERAE, DN ITTAT RO AR AN [ 2 [a) 4 B I
F14) 368 8 i) 1 AR i K P A T ] B it A 4 SR AR 2
() 4E B L aEAT PR, IR BY 1x1 BB TRl &, o
145 ) H T 51 508 38 3 2 om0 s [ ] SR
fE o 55 —2543 SR 3x3 25 B R 4R R AiE R A 7
JRIFR AR, ARG 25 (] S5 44 BB 1 o PSS
oy B 4t 4 R P ¥t Ak 5 Softmax 30 )5, 18

¥ ¥
| X avgpool || Y avgpool | | Conv (3%3) |

Conv(1x1)

D
[ ]

AT RN EE, ERERETE . & DWConv 33
2%, I Sigmoid bR 2 A1 FRIMEAT IR — AL Ab B, B i
H A T 5 SR A P AT, DL S B2 ] 2 © #hix

T 4 53 D Sigmoid

15 IR&EM  7E RMUNet B 1 U1 25 A o, H
SR 45 B e T 428 . 4590 P T 1 A E4 BEAMATEIMER

B £ % L, AU TR T M B AR T B A5 2K Lo
b 4 THI 2 T RMUNet A5 78 4 705118 B, 06 HT 7 ol 22 L (90463 2% o 50 B AR I, ARG S 2 402K bR
",

2 ZN: o I 7
Ldice =1-— NOING) 7
N S50 +y

1 C S o) ()
Lce:_ﬁzzyk lgyk (8)

U, Loe 9 Dice HR™Y, N A G, K 30 S 97 55 n RS 1 LS5 28 19 10 #4254 % (one-hot
encoding) 145 k NITER, v WATEITINES n ADAEA R T4 k 280 A9 E AR B L A58 UGB

AN, AR LECM (40755 W BHE T, AN I T 58 SURH0 2K eR AL AE B B 2K L., JF i
IR 483 2K L, 550 B3 K Lo WOVEH] . RMUNet A8 Y SUA 2R R B8OE SN

L=L,+aL,, = (L.+Ly.)+aL, (9)

A, L BARR BR A o ALEE, B2 0417, S U AT AE CRAEAZ AT 55 PERE A IR IR, 5243 & 4548 B i
R B W MR T, R S B — 45 o L i v S ORI i
2 EWHS
2.1 #iEE (1) Vaihingen ¥t th 33 Wi 0 BEIE SRR AL, AR RN 2 494 1538 %2 064 1%

Zhang Jianchang et al. Semantic Segmentation for Remote Sensing Images Based on Joint Global Feature Modeling and Local ...
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

422 GRGIPNE 2 AW S L ') A 44 5 400

F., BEZGAE 3 AL BIGILrdb, 40, S B, i R E R 9 em. BUE N & 55 S R
SR ORBKI A B AR KR ) fl—Fh i R 2B R A X)) . S2i oK 1D S 2. 4,
6.8, 10, 12, 14, 16, 20, 22, 24, 27. 29, 31. 33, 35 F1 38 MSAARUE N IR AE, HAY 16 WRRAARAE I 2r4E .

(2)Potsdam 4l 45 HH 38 M i 43 HE 3R IE ARG A, B IE AR I RST 2R 6 000 53R %6 000 15 2, Hb I
SRR 5 em, H2RGE E S Vaihingen BUIEEMIE], SRS 4, &t WL 4 D 2OGiEEIE . 52
BSYEMID M2 13,2 14,3 13,3 14,4 13,4 14,4 15,5 13,5 14,5 15,6 13,6 14,6 15f 7 131y
SARAE AR (FE 14 %), oA 24 WSS M IZREE

(3)LoveDA B 5987 MR E /R 2 ERBGAR, HIRERAEREE A 0.3 m, AT R 1024 1538 %
1024 142, s 50, G KR JH . ZRbK, Ao I R i et 7 8 A 6 0, i R T E
R NRIRI 3 JRE3R T, 7 56 T S A b PR L g 5, AR e 2 RO IR B 245 e R — B0 2K
S A, A B Pkt . SR IE B R A 2 522 W8 FH TSk, 1669 W8 FH T KE, 1796 8T
Mt
22 FEWINESSHE HIREIER A — Bk, A BRI KFE PyTorch HE 42 7E H1 NVIDIA GTX
3090 GPU [ 58, R AdamW R ALZS L SRR, FEmlaF > 3R 2 0 0.000 6, 45 G %R kR
WS S A PH R . INZRa R b, K AGEARBEPLER BTl 512 R FE =S 12 4R ZE 1) BB, [Wi R FH 2 REREHL
AR (48R -2 0.50, 0.75. 1.00, 1.25. 1.50) & FL/7K - Bl LA KT e S5 A a4 vt SR e o YN 25 R I i
41100 /> epoch, HtEK/INEA 8. MBI Bk FH ik isf 44 56k 56 1 (test-time augmentation, TTA), G453 B
B FNAKOT B A4
2.3 iFMrIERR W UE RMUNet B A 20ME, 36 BUOPE 18 I8 AR08 o0 ) A5k b )32 g T 1 28 9 L
(intersection over union, IoU) | *F-#4 F, 434t (mean F,, mF,) . SR HER % (overall accuracy, OA ) FlINF-341 52 FF:
. (mean intersection over union, mloU) YN TPEM T8 R, HFE A= 551R

TP
Precision = ——— x 1 1
recision TP+FPX 00% (10)
TP
Recall = ————— x 100% 11
eca TP+FNX o (11)
IoU = —— x 100% (12)
TP+ FP+FN
1 2 X Precision X Recall
Fo=—) K 13
e KZ‘:I Precision + Recall (13)
TP+TN
OA = x 100% (14)
TP+TN+FP+FN
1 © TP
loU = — _— 15
mio KZ TP+FP+FN (15)

X, TP, FP. TN Fl FN 43 53675 52 FR 4 1E 25 HBE E 8 TR0 1 28 M REAREI . SRR Sy £ (R g 15 190 0
SRAEZE R REAR S . SRR S £ 288 H A T A 00 A £ 288 A R AR BRI SR SRy 1 SR A R 1R T Sy B SRR AR
¥4, Precision N¥EWIZ, Recall 4 A&

24 FtEEEIE N IFEAS RMUNet 88 1 P RE 5z fbRe 1, 76 3 i@ BB 48 b, B 5 4/ £
B 18 Ay B A R AT X6 He A BT, X S AR Y 41 $5 DeepLabV3+", BANet!'”| Segmenter'”’, UNetformer'”,
RS’Mamba"” 1 CM-UNet"",

2.4.1 Vaihingen 3% & L&) 54 RMUNet BEAITE 52800 34 0 vl MR B, 8 2500 T HiAth
BERL, Qe 1 s o, ZEVR 22651 I, RMUNet (1 JoU 55| 82.10%, AL TURIEAE AR T T 3.12 H 43
R BE T AR N AR OIME S R g E . AR, 7E mF, . 04 Fl mloU iX 3 Wz 455 I, RMUNet £

KA B . I AR 5 SR TR AMEE ) i 0 R R AR T L
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

Vol. 44 No. 4 NATURAL SCIENCE OF HAINAN UNIVERSITY 423

Ao R F] 91.05% . 91.48% F1 83.78%, 341 A T A5 AR A0 rp die o L, 70 /AR B 1 3204 1R 7 S AR SC P At AN 4t
IR Ry T Y K RE
% 1 Vaihingen $3B&E FRIMERELLE:

1oU/%

eS| mF /% OAI% mloU/%
A K HEHY) TR BE LS (A3

DeepLabV3+ 85.08 89.75 71.77 80.88 7221 88.68 90.01 79.94
BANet 85.53 90.88 72.14 81.69 76.71 89.61 90.52 81.39
Segmenter 81.49 86.92 68.35 80.02 51.06 84.13 87.42 73.57
UNetformer 86.95 91.34 73.80 82.09 78.60 90.32 91.07 82.56
RS’Mamba 87.54 92.27 73.87 82.17 78.98 90.55 91.33 82.96
CM-UNet 86.85 91.37 74.09 82.47 78.89 90.43 91.16 82.73
RMUNet 87.72 92.45 74.13 82.50 82.10 91.05 91.48 83.78

RMUNet BAITE Vaihingen £4i 88 F25 T F0 45 R 9 rT AL an 15 5 Bz . B, Ground truth(EL{EAR
25) 2 N RS AR TE A E I M) . A TN X 58 b 45 52 e b Ay X3, L0 45 R S0l 4 S B 1
O, DG TG I A o 5 HABASE B LR 401 Ab A7 L AOASTRY | R 3% R 7055 [R) REURH LG, RMIUN et £52 2 2 B 14
LA 18 23 [H) 25 A DR AP BE T

[ IRk Y [ R EEE A G s

"ﬂ o A i A I

- &%

o e ekl

Image Ground truth  DeepLabV3+ BANet Segmenter ~ UNetFormer  RS°Manba ~ CML-UNet RMUNet

5 Vaihingen #IEEM AL ER

2.42 Potsdam & E Ley stk oA 5 Vaihingen A He, Potsdam Bi#lE 8 5 A &2 7%, A H KGR
SHRUE S E R AR, WP 2 iR . RMUNet BERITE 24251 1 e B 28 i MERB AR 35, Bl n7E AN 3%
KT FESRY | IR R AR 4 D251 1, IoU 53 5115 5 88.38%. 94.38%. 78.76% M1 93.67%. TELEEr
VU485 77 1, RMUNet B2 BY 1) mF, . 04 F1 mloU 43 5ik % 92.97%. 91.57% #1 87.09%, YL T A 1 3
TR, R RMUNet A5 BU7E R A S 3] 1 (1 R B AIL T BANet, {HHE A0S B AR AR AR FRRS 2, o Bl T
AR AR B 2 ) 43 BAT 55 v A aE B 1 AN Ak g

T TR X 5 (R 43 B3R T A 2% )7 A SR % 4 1) 29 AR B, RMUN et A28 475 e 0 4 L 4 114 431
FasEPE, WNIE 6 F7n . 4 R e A U IX B8, RMUNet K550 B % 45 4% X A3 AN [R) 28 1), W3 T 15 S A6 vp
LB SRR A3 R AR BATL A %) ) R, 32 W T B R R i AL R A B
2.43 LoveDA ¥ ¥ % L& stib 24  LoveDA U4l 42100 75 0 £ 1R A X IR, HIS ) 40 A5 S 80 o3 B A 34
Pk, B s Pk 2, IR 0 537 50z (b BE 3 T i 2ok . R4E RMUNet BAIZE @S L 7K
PRI 3 25 S T 8 m I 3S I b, (AR 5L T B . B AR S 1) b i BE IS 0 oA

Zhang Jianchang et al. Semantic Segmentation for Remote Sensing Images Based on Joint Global Feature Modeling and Local ...
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

424 (G IPNES S S A QS IR I N LA ') 55 44 5 4 1)

e 3 fiizm .
F 2 Potsdam H#E&E FHIERELLE:
) 1oUl%
ESl - - - mF,/% 0A4/% mloU/%
Ag K fEER7) IR B A "

DeepLabV3+ 85.26 91.55 75.55 77.49 90.18 91.17 89.73 84.00
BANet 87.12 93.35 77.86 80.30 92.72 92.51 91.02 86.27
Segmenter 84.50 91.11 74.59 73.99 79.50 89.23 88.74 80.74
UNetformer 87.25 93.73 77.77 79.45 92.64 92.44 90.98 86.17
RS*Mamba 87.23 94.05 78.09 79.73 93.20 92.60 91.08 86.46
CM-UNet 87.55 93.78 77.70 79.55 92.72 92.49 91.01 86.26
RMUNet 88.38 94.38 78.76 80.25 93.67 92.97 91.57 87.09

RS2 ] [ =it/ R 107 EE A R4 s

round truth  DeepLabV3+ BANet Segmenter ~ UNetFormer  RS°Manba ~ CML-UNet RMUNet

Image G
6 Potsdam HIFEMATILER
3 LoveDA EiE&E FRUMERELLER
ESill - fou - mloUl%
3 Y TH i pINEN Bt Mt Hri

DeepLabV3+ 4215 55.42 52.39 76.01 16.89 44.41 62.45 49.96
BANet 46.29 58.43 51.75 80.60 16.51 45.25 61.69 51.50
Segmenter 38.02 50.73 48.73 77.44 1331 43.52 58.23 47.14
UNetformer 44.68 57.97 54.46 79.04 19.56 47.45 61.64 52.11
RS’Mamba 44.89 58.63 55.04 80.19 18.43 47.12 62.59 52.42
CM-UNet 45.41 57.66 56.48 80.55 17.95 46.10 61.89 52.29
RMUNet 45.93 58.65 55.54 81.30 17.92 46.24 64.34 52.85

X R 55 B S ) 1 — 25 3 B A W, Sk eI S5 ik R B 20 ORI | SO s AR DL LA B 5 SRR
Yy 5emh) 38 22 AR AR RRAE, B TAE R o B O B b ARSI A R TR o R, TS T RAEAR X
Sl S BRI WA 20 A 5 #8115 15 SR A ETE BB Ak b w BEARRL; T AR M £ 38 2 e 95 DX S 0
HAT S IR RS A R I 25 1) RUBE A o 30k PR 3R 8 XA R 7 240 5 SR M A DX — B 7 T R s Bk A

41, LoveDA i 4 I £ 37 5% 128501 o3 A1 12 B0 250l 22, 191 20 75 5 15 R L 7 R X3 B 4 R
ROBE ARSI 041, XA E— B TR b P v 1 B RS A A Bl A8 S S Y 2 ST MEE o X R R, R
RMUNet #5881 2 ]S FRRAE Rl -5 10 SORAETT T BAT o3, (EAE AR BRGNP A A2 2 M e 75 St/ A7

KA B . I AR 5 SR TR AMEE ) i 0 R R AR T L
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

Vol. 44 No. 4 NATURAL SCIENCE OF HAINAN UNIVERSITY 425

FEJR R, e HA e 55 42 S A RS A0 X 40 B BE S T, i A B T4 1D

SR, MAEARPEBER T , RMUNet BRI AROE T H AR, on h RAFZER Iz B . L HAE#E
F b, B IoU KB T 64.34%, S 30 T HAD X LAY, 3R U2 AUAE LD 3 RS 22 57 W 3 1 L Awey, A&
LR A RE ST .

TEYR & A B 2 P 25 F T, RMUNet A58 [ £ J B 11 50 (90 38 I 8, Anf&] 7 iR o Feikit . 7K
A P ML 25 22 o b 2 TR S Al A A 193 e v, RMIUNet B 75 B 5 R4 o b TR 1 O IX 43 45 2 il i S, 2 90 4
SIS RE ) S PR REPERE . Lo RISE 0 5 B 500 A R, REARAAR S I T v A — 3

L JH& . Y :ﬁﬂ% L ESGE - E=d -Mﬁﬁ :%#ﬁﬁ

e o ,\m

2 .""

/S /2
m‘}m R e s

P - P £ i {3
il &Gl «Ivs | P
o N ' ' o Y vy N \) V

—J‘—‘JL—"J'—-"JL—"JL—"JL—-"JL—'@JL—

I‘ I i.‘- SF\IF\E _: EE

n -ig i A Ot

Image Ground truth  DeepLabV3+ BANet Segmenter UNetFormer  RS*Manba ~ CML-UNet RMUNet
7 LoveDA ¥iEEM AL R
244 GHEIRESAT I RWPFASEIIYETTCR G TR AU, X AN R SCOR TR IR B S R
i (Parameters) 15 11554 (FLOPs ), 45 R W15 4 fT 75 . FLOPs 48 A2 B YA [ (%45 BT 75 (4 77 08 FE UKL,
REAS B M R R LA BB BEAY TR 4
*4 BSEEMTHEHEILL

VixvieS SHE/* 10 AR/ 10K
DeepLabV3+ 5.81 105.80
BANet 12.73 52.71
Segmenter 6.70 26.80
UNetformer 11.72 46.97
RS’Mamba 4332 253.20
CM-UNet 13.11 48.04
RMUNet 2891 90.01

RMUNet A5 15 it 115552 2% B =30 T gm b #5 A1 i1 VSSBlock, LECM Fl1 CFAM ¥4 Ji f f i 8 o it
R R 9 ResNet1 8 HEATHRRAESR I, HA TR BUAR AR o RS 25 % VSSBlock i it £k 14338 I % X S 31
FP A5 B BhASALHE, MR T A B ML) R A4, A 52 7% P e 2 2 M0, DT 8 3 PR A1
T A, LECM R R8BS BT T 407 B RRAE A M2, LT3 i 55 8 AU R - B T 08,
IEH . CFAM 5| A B3 2GR E A B AL, IR i A i 2 01 SR g, DARR DR A AP A vl 5 . AR 75,
RMUNet HEARITE LRAFE N2 Jay AR RCR G RIS, A5 A BR A9 R T H A3 AR

MR AT LAE H, SRk RMUNet A58 1 2 40m F TR A R T — S e i GO AL Fr i, (HHG T

SZARPEAT LT RS Mamba, X 7% H RMUNet A58 7 SC B REAR TG [R5, HER5AH X & 3R T3 TR 8,
TSP A TR g o 1 AR SRR i el AT . 7R TR (R RO A At b, AR I S T

Zhang Jianchang et al. Semantic Segmentation for Remote Sensing Images Based on Joint Global Feature Modeling and Local ...
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

426 (G IPNES S S A QS IR I N LA ') 55 44 5 4 1)

FEOESEIC S Rl Re 1, Eim Ul A LA TR R50% 5 3B e ) 22 [ HUAS R 47 P o

2.5 HELSEIE  OMIPAS S BIH SEPRRUH 5 PRFEIZLN, £ Vaihingen, Potsdam M LoveDA3 & &iE 4
EEHEAE IR R G MR R C S . DL U-Net A FEAH R 25, KX 51 A VSSBlock, LFCM £l CFAM, 3k H
U ISR W, AT AS RIS HOT S AR R 1) TR S L B AR C R . RMUNet 76 3 ANE86 45 A T il S 50
S5 5 7R . Vaihingen 064 b9 T Al 5250 v AL 45 SR AN 5] 8 7R, Baseline(JEHEMIZS) 5 ATIA
VSSBlock, LFCM il CFAM Ay il U-Net.

# 5 RMUNet ZEIF)HRIKIGER

Bl g VSSBlock LFCM CFAM mF,/% mloU/%
Vaihingen x x x 89.66 81.49
y x x 90.43 82.73
\ y x 90.72 83.23
y S v 91.05 83.78
Potsdam X X x 92.16 85.73
y x x 92.62 86.50
y V x 92.80 86.79
\ y J 92.97 87.09
LoveDA X X X — 51.37
N x x - 52.12
\ y x - 52.54
Y V N — 52.85

s Fr e RIS IR IO RN A LS, BIN SR B ], < FR R

[ Rk W asy [ Wwi  [Oxe e
v [ J 4 &

-ﬁ‘ y L‘fs !

Baseline Baseline Baselme
+VSSBlock +VSSBlock +VSSBlock

+LFCM +LFCM

+CFAM

B 8 Vaihingen ##E& FHERISSISATALLER
7£ Vaihingen £ 45 4£ I, ¥ VSSBlock 5| A & il B H J5 , mloU Fl mF, 73 %0 43 5 $2 7+ T 1.24%
0.77% . ZMERESLTHIA AT VSSBlock K #i Mamba (356 B F1 AL, B 0% AL M50 2 4% B A S0
G2 Ja) R SCAE B, DTS B X6 2 e e g T BE g, I/ T 28 BINRE ), i — 4% LFCM =,
mloU Fl mF, #H# T3 DI THZE 1.74% F1 1.06%. 4] 8 f7~, LFCM A5 %G8k 1 it B B B4 Jar s 40 9

KA B . I AR 5 SR TR AMEE ) i 0 R R AR T L
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://hndk.hainanu.edu.cn

Vol. 44 No. 4 NATURAL SCIENCE OF HAINAN UNIVERSITY 427

HALRE ST, VRN T VSSBlock TEANKLEFRIERIE H I L o e, 7R L CFAM J5 , BRI (R P fig ik 5]
A, mloU Fl mF, #1%¢ T Baseline 4342 TF T 2.29% H1 1.39%. {HASF: A&, LFCM 5 CFAM 1E45#
IR T BAMIRE SC FR e A A 0 R 2 R () 40 B R AE R T, B R RS PR AL T R Y A ()
AN51E B 0 i B 2 T L 5 | SRR R AT 1 SO0 55 5 e R R R, AT S B Ry R B
54 Rl SCHY IS TR, (EAF B AAE 435130 SR/ B AR 00 5 10 R BT Ry R fgdt, 0 SOl 5 B 5 T4 1
SR

1E Potsdam %48 4E I, Baseline B %L mloU Fl mF, 4354 85.73% 1 92.16%. 5| A VSSBlock f5 ik
J&, mloU 3T+ & 86.50%, mF, 5340 N2 92.62%; #F— L 4E 1 LFCM J, PREE bR 73 B4 T+ 2 86.79% il
92.80%; FeZ¢, TEHE G = KBIHS , AR REIR B AL, 784090 UE T A AAAE 2 U B AN 5 i [R]85 5800

7E LoveDA % ¥ 4 |-, Baseline £ % () mloU g 51.37%. 5| A VSSBlock # #t 5 , mloU 2 T+ &
52.12%; #t— 34 LFCM Ji , IZFEFRARTH 2 52.54%; 24436 3 TRk ¥ 9l 4% A B, RMUNet A5 75 75 1% 50
PatE FIR3) T AEVERE, U2 SR B8 137 557 5 S8 0 0 A AN S 25 F T R B R A 1 ELAMAE 5 P[]
i RO

g5 B, 3 ANl AR 0O TH il S 3 4 R R B, AR AR S T8 oy FIPE R O T B W A R .
VSSBlock S 5t 42 Jy bR SCEAR, LECM {4 540 5 %M, 1if CFAM W SE 3B 245 B RlG . =& 1 U
BURIERAE T 42 R is S0Pk 5 R0 4 57 DR LS Z 8] T A7, AT 75 R 1K 0 468 7 43 KSR sy T
BIiRS BE T

3 4 i

AR SR X 1R 3 PR B AR S R A 20N R 5 A Ry LR SCERR RN A TR, 4
T —F B T Mamba 42 4 [ 18 G AR 15 43 AR B RMUNet £ 8 . 32 85 B 75 i 145 &% h 5l A
VSSBlock 5, DAZRMETTRAE 2% B St gl 4 1 F SUE B S AU IRl 4545 LFCM 5 CFAM, I & 4
TET MRS B 2 b scoh B A0 RAERE S 518 k. LR 45 R R B, RMUNet £ B 7E Vaihingen.,
Potsdam Fil LoveDA 3 ™ HLAVE P48 40 100 T E AL A9 20 BIPERE, Bk T T i e pg B 53R
Z A AP e FESC B . SR, RMUNet SR AEAE— 2 1 Jm FRPE o 175, BRI R S 80 S5 1R K
AATh i TR R A 4, BRI T AR BRI AZ BT 5 LR RS ) o R, AR IR S5 32 B T IR T M
B AR ST IR, B AE 28 A 2 ROEAE 55 th Bz Ak R I Fe iff— 25 0PAk oAb, 7E R0 53R & 1 5t
FE5E | RIS I K v SRR AR Hb ), AR PRI 43 B B T 5 DX — SO AT A ks 1], ROk
(R Y T AR T A5 Bl SR B () e i A T S 25 A R AL SR T, B S 8L | S B B R 4S BY A S5 R
PE— BRI A 22 B, MR 2RO . SAR Fls 6k A5 22 U5 S A B0ds 1) il & SR, DA TSR 7 2o 48
BT WG NS S

S Hf:

[1]Liu Y C, Fan B, Wang L F, et al. Semantic labeling in very high resolution images via a self-cascaded convolutional neural
network[J]. ISPRS Journal of Photogrammetry and Remote Sensing, 2018, 145: 78-95.

[2] Schumann G J P, Brakenridge G R, Kettner A J, et al. Assisting flood disaster response with earth observation data and
products: a critical assessment[J]. Remote Sensing, 2018, 10(8): 1230.

[3] Chen S W. SAR image speckle filtering with context covariance matrix formulation and similarity test[J]. IEEE Transactions on
Image Processing, 2020, 29: 6641-6654.

[4] Zhao T J, Wang S, Ouyang C J, et al. Artificial intelligence for geoscience: progress, challenges, and perspectives[J]. The
Innovation, 2024, 5(5): 100691.

[5] Voulodimos A, Doulamis N, Doulamis A, et al. Deep learning for computer vision: a brief review[J]. Computational
Intelligence and Neuroscience, 2018, 2018(1): 7068349.

[6] Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need[C]//Proceedings of the 31st International Conference on

Zhang Jianchang et al. Semantic Segmentation for Remote Sensing Images Based on Joint Global Feature Modeling and Local ...
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://doi.org/10.1016/j.isprsjprs.2017.12.007
https://doi.org/10.3390/rs10081230
https://doi.org/10.1109/TIP.2020.2992883
https://doi.org/10.1109/TIP.2020.2992883
https://doi.org/10.1016/j.xinn.2024.100691
https://doi.org/10.1016/j.xinn.2024.100691
https://hndk.hainanu.edu.cn

428 G PNEE S A N i 'Y 5 44 B 4 )

Neural Information Processing Systems. Long Beach: Curran Associates Inc. , 2017: 6000—-6010.

[7] Ronneberger O, Fischer P, Brox T. U-Net: convolutional networks for biomedical image segmentation[C]//Proceedings of the
18th International Conference on Medical Image Computing and Computer-Assisted Intervention. Munich: Springer, 2015:
234-241.

[8]Chen L C, Zhu Y K, Papandreou G, et al. Encoder-decoder with atrous separable convolution for semantic image
segmentation[C]//Proceedings of the 15th European Conference on Computer Vision ( ECCV) . Munich: Springer, 2018:
833-851.

[9] Zhao H S, Shi J P, Qi X J, et al. Pyramid scene parsing network[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Honolulu: IEEE, 2017: 6230—6239.

[10] Strudel R, Garcia R, Laptev I, et al. Segmenter: transformer for semantic segmentation[C]//Proceedings of the IEEE/CVF

International Conference on Computer Vision. Montreal: IEEE, 2021: 7242—7252.

[11] Xie E Z, Wang W H, Yu Z D, et al. SegFormer: simple and efficient design for semantic segmentation with
transformers[C]//Advances in Neural Information Processing Systems 34 (NeurIPS 2021).New York: Curran Associates, 2021:
12077-12090.

[12] Cao H, Wang Y Y, Chen J, et al. Swin-Unet: Unet-like pure transformer for medical image segmentation[C]//Proceedings of
the European Conference on Computer Vision. Tel Aviv: Springer, 2022: 205-218.

[13] LiuZ, Lin Y T, Cao Y, et al. Swin transformer: hierarchical vision transformer using shifted windows[C]//Proceedings of the
IEEE/CVF International Conference on Computer Vision. Montreal: IEEE, 2021: 9992—10002.

[14] Chen J N, Lu Y Y, Yu Q H, et al. TransUNet: transformers make strong encoders for medical image segmentation[C]//
Medical Image Computing and Computer Assisted Intervention-MICCAI 2021: 24th International Conference, Strasbourg,
France, September 27-October 1, 2021, Proceedings, Part II. Cham: Springer International Publishing, 2021: 234-243.

[15] Wang L B, Li R, Duan C X, et al. A novel transformer based semantic segmentation scheme for fine-resolution remote sensing
images[J]. IEEE Geoscience and Remote Sensing Letters, 2022, 19: 6506105.

[16] Wang L B, Li R, Wang D Z, et al. Transformer meets convolution: a bilateral awareness network for semantic segmentation of
very fine resolution urban scene images[J]. Remote Sensing, 2021, 13(16): 3065.

[17] Wang L B, Li R, Zhang C, et al. UNetFormer: a UNet-like transformer for efficient semantic segmentation of remote sensing
urban scene imagery[J]. ISPRS Journal of Photogrammetry and Remote Sensing, 2022, 190: 196—214.

[18] Zhang H W, Zhu Y, Wang D, et al. A survey on visual Mamba[J]. Applied Sciences, 2024, 14(13): 5683.

[19] Gu A, Dao T. Mamba: linear-time sequence modeling with selective state spaces[C]//Proceedings of the 41st International
Conference on Machine Learning (ICML 2024). Vienna, Austria: PMLR, 2024, 235: 16237-16280.

[20] Gu A, Goel K, Ré C. Efficiently modeling long sequences with structured state spaces[C]//Proceedings of the 10th
International Conference on Learning Representations (ICLR 2022). Virtual Conference: OpenReview.net, 2022:
uYLFoz1vlAC.

[21] Liu Y, Tian Y J, Zhao Y Z, et al. VMamba: visual state space model[C]//Proceedings of the 38th International Conference on
Neural Information Processing Systems. Vancouver: Curran Associates Inc. , 2024: 3273.

[22] Zhao S J, Chen H, Zhang X L, et al. RS-Mamba for large remote sensing image dense prediction[J]. IEEE Transactions on
Geoscience and Remote Sensing, 2024, 62: 5633314.

[23]Zhu Q F, Cai Y Z, Fang Y, et al. Samba: semantic segmentation of remotely sensed images with state space model[J].
Heliyon, 2024, 10(19): e38495.

[24] Zhu E Z, Chen Z, Wang D K, et al. UNetMamba: an efficient UNet-like Mamba for semantic segmentation of high-resolution
remote sensing images[J]. IEEE Geoscience and Remote Sensing Letters, 2025, 22: 6001205.

[25] Ma X P, Zhang X K, Pun M O. RS’Mamba: visual state space model for remote sensing image semantic segmentation[J]. IEEE
Geoscience and Remote Sensing Letters, 2024, 21: 6011405.

[26] Wang L B, Li D X, Dong S J, et al. PyramidMamba: rethinking pyramid feature fusion with selective space state model for
semantic segmentation of remote sensing imagery[J]. International Journal of Applied Earth Observation and Geoinformation,
2024, 144: 104884.

[27]Liu M S, Dan J, Lu Z Q, et al. CM-UNet: hybrid CNN-Mamba UNet for remote sensing image semantic

KA B . I AR 5 SR TR AMEE ) i 0 R R AR T L
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://doi.org/10.3390/rs13163065
https://doi.org/10.1016/j.isprsjprs.2022.06.008
https://doi.org/10.3390/app14135683
https://doi.org/10.1016/j.heliyon.2024.e38495
https://hndk.hainanu.edu.cn

Vol. 44 No. 4 NATURAL SCIENCE OF HAINAN UNIVERSITY 429

segmentation[PP/OL]. arXiv (2024-05-16)[2025-07-01]. https://arxiv.org/abs/2405.10530.

[28] Milletari F, Navab N, Ahmadi S A. V-Net: fully convolutional neural networks for volumetric medical image
segmentation[C]//Proceedings of the 4th International Conference on 3D Vision (3DV). Stanford: IEEE, 2016: 565-571.

[29] Zhu Z, Xu M D, Bai S, et al. Asymmetric non-local neural networks for semantic segmentation[C]//Proceedings of the

IEEE/CVF International Conference on Computer Vision. Seoul: IEEE, 2019: 593—602.

1EE T A

SR B SR ST SRS A S S 520 0 R, SRS SO . IRB R R IIIIE 0% . AU A B i 3
o REERGUITSRBIRIO T SR . BRI ST RO (R b
) 31 19 52 A5 B

P, A7 CURIAY T ARSI A SCOPTAL A T AR RO E e e R 2 s AE R

Al {EAAERR
ARSI BSR4 | AR S ) R R RO & BRI, AT T Ak

fEIE A
AT B NSy 1 705

B FE i A
N FERA R AT AE A SR AE LR AR HH R B https:/doi.org/10.65658/1.hndk.2025101501 ,

iR A
SRR SCEE B I BT A B4 A TP RO

E(81/Acknowledgements
AR BN E R A SRBLA I E T H (41801324) (937 5F .
This work was supported by the National Natural Science Foundation of China (41801324).

fEE '

G B (2001— ), B, TLTG SN A O om0 b [ BT 5 e B A el 2023 G A B SR o E-mail:
1641876521(@qq.com,

RS (1986—), 31, fd A N, BIBFSE 51, WF58 7 1) i A8 ARG A H AR U3 88 S8 rli i IS o E-mail:
xwming2@]126.com,

RRIC(1995—), T, Rt~ A, B BRI B3, 095 07 1)« o 20 B 4 e S (U RE A IR Y B 5 07 1% o E-maaill:
yudawen@fzu.edu.cn,

ZEEER (2000— ), 55, M R =0 N, A MR SE B0 b Y B I 2 TR R Mk 2023 ZRR L WFSY A o E-mail:
239254391 (@qq.coms,

MR SR (2003—), 55, VL7535 26 N, N O o Moy o [ BT 5 e B ol 2024 G2 A b B 5 4R o E-mail:
2370549719@qq.com,

(DEAEZhi . 5K F5 iy, D SOROGF: EEABL)

This is an open access article under the terms of the Creative Commons Attribution 4.0 International License
BY (CC BY 4.0, https://creativecommons.org/licenses/by/4.0/).
© The Author(s) 2026. Published by Journal Editorial Department of Hainan University.

Zhang Jianchang et al. Semantic Segmentation for Remote Sensing Images Based on Joint Global Feature Modeling and Local ...
Natural Science of Hainan University (ISSN 1004-1729) https://hndk.hainanu.edu.cn


https://doi.org/10.65658/j.hndk.2025101501
mailto:1641876521@qq.com
mailto:xwming2@126.com
mailto:yudawen@fzu.edu.cn
mailto:239254391@qq.com
mailto:2370549719@qq.com
https://creativecommons.org/licenses/by/4.0/
https://hndk.hainanu.edu.cn

	0 引　言
	1 研究方法
	1.1 RMUNet模型网络结构
	1.2 视觉状态空间模块
	1.3 局部特征补偿模块
	1.4 跨层级融合注意力模块
	1.5 损失函数

	2 实验与分析
	2.1 数据集
	2.2 实验环境与参数
	2.3 评价指标
	2.4 对比实验
	2.4.1 Vaihingen数据集上的对比分析
	2.4.2 Potsdam数据集上的对比分析
	2.4.3 LoveDA数据集上的对比分析
	2.4.4 计算复杂性分析

	2.5 消融实验

	3 结　论
	作者贡献声明
	利益冲突声明
	AI使用声明
	伦理声明
	电子补充材料
	数据可用性
	致谢/Acknowledgements
	参考文献

