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(1. TRIpd KF @E5EFETRFR, TR 4000652 TRIME KRS BABEHRAEATELRRT, TR
400065; 3. Z R bR K5 @K F R TR F O, TR 400065)
W O8N THRTHE R EMRIE S EISUR, A SCE X E BARISE Jr 25/ L RN T 22 KIS, N& R BT
E B2 RO SURRE 2 A 4 S 3 ) — Fh 5 F Transformer ) 22 ] 32 Ji& a5 X 43 %)’ 28 ( muliti-scale Trans-
former network, MSTNet) . i 4 A% &5 MRS 2S 2 AF0 4Lk, gD a5 & LT Transformer B (1) I 5 14 25
4% (visual attention network, VAN) 7=l 3 T 25 J 55 [0] 45 5 5 W 4L (atrous spatial pyramid pooling, ASPP ) 45 ¥4 ik
) 22 RO TR SCRRE 4 BURE B ( multi-scale semantic feature extraction module, MSFEM ) , i as KR EHNLZE
JBN#% (multi-layer perception, MLP) Bt & ZR i #7 1% 11, T4 T2 U & &/ L F UE B2 RERRT
T SUFFE . MSTNet 7 2 /> (i 43 FE 45 08 08 3L 4 B 495 48 ISPRS Potsdam #l LoveDA [ #4740 14IE, T332 1k
(mloU) 43 3k 3] 79.50% Fl 54.12%, -3 Fi-score(mFy ) 43 315 F] 87.46% Tl 69.34%, SLBG 45 R IIE 1 A SCHF R
T B BARTE T 8 R ERIE X B RCR

KRR IR AR 5 S5 B L M4 Transformer; 2R 12 T 3UF B 2 REEREZE; %4 ; Mg
FESES . TP39] XBEREL: A  XEHS: 1673-4785(2024)04-0920-10

S| AR AR, ERB, EXF. ETF Transformer WEREERKIFENSEINE [J]. FERRFFR, 2024, 194):
920-929.
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Transformer-based multiscale remote sensing

semantic segmentation network
-1,2,3

SHAO Kai ™, WANG Mingzhengl, WANG Guangyul’2

(1. School of Communication and Information Engineering, Chongqing University of Posts and Telecommunications, Chongqing
400065, China; 2. Chongqing Key Laboratory of Mobile Communications Technology, Chongqing University of Posts and Telecom-
munications, Chongqing 400065, China; 3. Engineering Research Center of Mobile Communications of the Ministry of Education,
Chongqing University of Posts and Telecommunications, Chongqing 400065, China)

Abstract: For improving the semantic segmentation effect of remote sensing images, this paper proposes a Transformer
based multi-scale Transformer network(MSTNet) based on the characteristics of small inter-class variance and large in-
tra-class variance of segmentation targets, focusing on two key points: global contextual information and multi-scale se-
mantic features. The MSTNet consists of an encoder and a decoder. The encoder includes an improved visual attention
network(VAN) backbone based on Transformer and an improved multi-scale semantic feature extraction module(MS-
FEM) based on atrous spatial pyramid pooling(ASPP) to extract multi-scale semantic features. The decoder is designed
with a lightweight multi-layer perception(MLP) and an encoder, to fully analyze the global contextual information and
multi-scale representations features extracted by utilizing the inductive property of transformer. The proposed MSTNet
was validated on two high-resolution remote sensing semantic segmentation datasets, ISPRS Potsdam and LoveDA,
achieving an average intersection over union(mloU) of 79.50% and 54.12%, and an average F-score(mF) of 87.46%
and 69.34%, respectively. The experimental results verify that the proposed method has effectively improved the se-
mantic segmentation of remote sensing images.

Keywords: remote sensing image; semantic segmentation; convolutional neural network; Transformer; global contextu-

al information; multiscale receptive field; encoder; decoder
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AP, 55 2T Transformer Y 22 R 78 B S 43381 N 4% *92] »

o AR RGBS SO FDR o R
P54 IR 2 R 1 SO L AN TRl A7 0 4 o3 ), PR

AT LG P 25 = T A L, S g

R AR e o B 25 0 B S AT 55 ok B R

1o 1 R SRR ) 43 50 AR S 90 2]
25/ RN T 25 KRR A, 31X 45 3 IR Lo R
KA R PRER o AR5 018 SR 5k — ] 43R
FET A . % XL RRESF AR R, AT
AR G 18 R R OGS B s A E R,
o3 M IR BT i, 25 B 52 3O R A I RS Y 52
M, 2015 4F, 4% FUh 2 W 2 Y (fully convolu-
tional networks, FCN) # & YK i H Tl L%, A
I 2 J5 4 B A 242 ) 2% (convolutional neural net-
works, CNN ) FE A8 HAE 4 2K Jmy &5 40 775 (% 5 07 T Y
RE 1 BN 2R A BB, S5 221 SegNet”™ | U-
Net'” . PSPNet'”, DeepLab %51 4 CNN [# 2% 3
RE R . M TAEG 5 H 0k, R 2B
% e T RIAR R 2 2 i s ] o6 22U, e e Ak
PRI Z YRR AR 5] J B B 5 K A i

CNN (1% BB IH ) T H B 5 1 0H 9 i
ALHE Ry T M RS AN AR P, s A5 A fig DA B /D 1Y
B e o) 20 5 A p g ke T, TR AR T T
BRI ZRRCRFNZ ALRE JT . SRTMT, CNN A Ff
VA 24 i B A S B e = 6 4 Ry B SCfE B R
fE 7 FIazE B 25 AR G 2R W R RE ), AR S LA
AE: 55 i 2R R0 SR AT B AT, LA 4 R AR AT
SR FEVE U B SR, B T4 E E bR
REATR] L 5 Mm 5 22 /N H IR 7 256K, 3858 ) 4%
x4 R b T S B R g RO SCRREN T g
FEPOZ IR T BIRCR A 2 A S . MR e R
R SFE R, A 2 TG ROk K83z B R
VR AL R 2 L B B 15 K 2 1] A RO OG

FOE 2 EERITR . BINSCER [20] 42 H Y DANet,

SCHR [217 #2519 CCNet, SCHk [22] #2 H 19 ABCNet
FISCHR [17] #2419 MANet, KT, X 2 I~ 5 i
SETCEAREXT CNN 1 [ 28 408, DL 2 x4
JRy bR SCAE BRI A o e A s

I 4F K Transformer M H #A 1 5 4b 3 (natural
language processing, NLP ) 4538 #% 51 A 1B ML 50
&8, ViT? Y (vision transformer ) £Ef&% 42 5 - F ¢
TR B HLEE 77 0 I B AR G R R T, K
T T Mg 4 B SOfF B4R GEE 0T . R,
H AT VIT A — SR R 75 20, 158, Trans-
former J& & T [ FEZE AL BOTRY, it E 4
&5 BRI R 7 BUE L, 781 5 H1X A~
BT 55, e )R 7E 5 43 PR SR R AR

N ARG AN T 5 R, X e S AT 457 12 0
X, Transformer fx #] & & NLP X UL 1D 4544 K
i A BTSSR, B2 T BRI 2D 451, Kt
AN H A CNN W IH94f &, X 3T Transfo-
rmer 1) % 2% A4 T CNN W 4% 75 22 88 L2 50405 2|
G BEAS BB AF 9 45 - B, Transformer H
SEPRT 2 () 3 Ny PR I Z20m T3 T A N M, TEIREE
P 25 D 2 v OAS )l TE AR AR AR RN RIS 42, TR I
O JB 0 33 I X A 45 AR T P, Sk [26]
68 T B 4% (visual attention network,
VAN), $ A 3 5 0 % #8 KA G FRE = T (large
kernel attention, LKA ), HOR: A% 4 FR R 4 o 25 [h]
JRE B SRR AEIE S . LKA @i
23 (1] Jr F A BR R 28 (A 72 46 BFOR [R] I AR i 4 Jmy |
TE B AR B, #iE S WA LKA 4k T
I TE 4E R s M . XA R TR R E CNN A
M FE AR T AEE MR TR A4,
HE VAN HI 208 T 2 RE B2 B E 2%, &
FOHNT 2 ROBE TR SCRFIE R FR BUR 2

2 RO SURRIE 2 3 SR o3I 56 2 A%
S, T DLIE S 2 ROBE A PR AR .
W SE I 2 R IRZ B 7 A 2 RE &5 1MW
g 23 BAR L 23 ) 4 7 AL (spatial pyramid
pooling, SPP) | 7% {lil 25 [f] 4x 734 6™ (atrous spatial
pyramid pooling, ASPP)%%, H:H SPP 5 ASPP J&
OIS A i P VAN il = 22 ROBE JE 7 B ] @t i)
%o SPP Ky A B RFE B R 43 AN [R) RUBE 7
¥, SR TE A WA N AT AL 354, & A
[] RUBE 1) Ak 25 SR DRk . B2, SPP 7EAL B
T AR BRI B AT KRB AR b B R BT8R 25
AR R B ERAY A8, ASPP 5] A %8 i 45 FR ok ik
T SPP, {75 M Ak 45 4 AT LUAE A B IR RRAE (5] 43 BE
RGO B KIRAZ B, T ARICE 2 1R U
o [, ASPP & A LLE & 8 2 AN [\ )2 19 25 1R
B, RPN R RUBE B R AIE , 2F — 20 2 v A5 B 1)
A, (HJE 23 1A % A2 S 5 gradding A5, 5
Jirt PRl 22— g2 L TE i AR R A4 2R 22 () B AR G
F o [AIEF ASPP 4544 rf (% K 6 Ln/k A5 FRAL 23 35 K
90 24 ) 280, SRR 4 ELUUIZRY oA s
AP RAB IR T 2 1™ (dilated neighborhood atten-
tion, DiNA ) 25 4 23 i 45 AR, 18 3 42 ) AS [ f)
JH AR S A ) /N 1 S 52 B ke AR B 22 RUBE 1 L
FEAE

SRy IO %oF i S S A ) e 4y ) AR S R Oy 25
ANNESY 2 Wi =3 1 T T N 0 o T ol N W
M2 RO SCRRIE X 2 A GRS, $2 1 —Fb 2
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4 #H 5519 &

T Transformer %) 2 R 12 J8&GE S0 5] 45 MST-
Net( muliti-scale transformer network, MSTNet) . %[
oG SR A R T SCfE R, 5IA T VIT
M ) VAN FE S 26 1 £, e e ) -
T 3CAF B Y[R B AR OR e L B 2 B, e T
CNN Fl Transformer [0 55 5 £ %F B s 42 Bt 2 R
FEE SCRRE, {4 ASPP 2544k 2B VAN £ 15kt
Z 2 R IAZ BT, Ff 4% ASPP 25 i & FH 5
1Y gradding [A] 75 FI K S H50a 1 2 XfE DL 257 1)
A ] DINA 48 ASPP H 25 B, FLF ki
11 2 R SCRAE P2 BUBE R (multi-scale semant-
ic feature extract-ion module, MSFEM ) il ik 22 N &
T SCREAE 42 BURE 7 5[] B 22 )22 B P ( multi-
layer perception, MLP ) A [ £ (1) figt- it 7 , 7E FRAIG
ZJCR W IR BERT DL 3e 2 1) FH G A 4 i £ A 1%
4Ry bR SUE BN 2 RO FRoR B8 SURHIE .

1 MSTNet [ % 45 )
A SCHE H B L T Transformer ) 220 R 3% Ji%

T8 S5 W 4% MSTNet A& 1 FF7R, HoAk oz 42
O3 R GRS 2R AR 2R 2 ARy o HLAAROR UG g S 2%
43> VAN F 1 H1 MSFEM 4k 2 A #R43, VAN &
T 4 1~ VAN 20 B, B4~ VAN Bl A R 20
1) VAN JZ 4 i ; MSFEM Ak i1 4 4R [] g ik R
B DINA 1 1A K R WAk o SCH i A5 s
MLP 2. i ABE K R HxWx3(H. Wirilh
EIG A = F 5, 3 o MG 38 T £5), 38T VAN £
FJ5 43 B34S 4 AR E R ST B RRAE & . 1 e B
VAN EFJ5 3 ANHr B R e R, 517 FoREE L Bt
P SF AR RS e 00 (H/8) x (W/8) x 512, X FE
AR B 4 )R R SCUfE B TR SURRE ; B2 ROk,
fifi F MSFEM A5k Jin ik 22 RUBE 1 SCRAAIE 1 $2 1L
IR fir AR AE T A R E 18 B R (HJ4) X (W/4) x 512;
SRIGHGEE 1 B BE VAN $2BUW R ZFHIE S Z Rl A
DLR AN 082 SRR AR 1 22 1 — 26 R A S i
J& A8 1 AN R S MLP fi i g, 3545 F ] S
T 25 B2 I 18 SCRFAE, B8R 24 & R M5 2 1 R
TiF 5 % 2 19 4 Jm R AF B8 A b il 75, LA 52 0 O o Al
) 22 B L4y

| S5 | s
I 3 1
HXWx3 HW eq T 10g LW aw H W sy sommmmmmnmmmmnnnennes H W 00 H W HxWXN,
44764 g8 676320 375012 gl y oI g -
. ! ~[DNa L i~
| ; D=1 ! ’
| ‘ DINA |, ' l
3 ] 200 2 = |l ; D=2 i >
E g E E x4 8|8 : = \ @ Bl Ela
1 i3 ki aanm Rl SN AW
s s = | g S ! DiNA _" DS x|
x2 . = ’&'
w ‘ l t &l _.i ‘
x1 ik
o |
VAN Blocki
B 1 MSTNet 4254
Fig.1 MATNet network structure
. Y N N ZANGy = s
1.1 VANEF 2) R M AR AL, (HJ2 A AL 2ok

BEXF 4R A Jmy R SOfF B A OCHE S, BA
T35 5 %) Transformer [ 45 & feAF: A o 7 58, K
A3CHI N VAN VE R 4R £+
1.1.1 LKA

PRULA R R SChA 2 BRI iR DR
B R, AR Ry 22 ok K B TR

TS — RIS e ik LA R, SCRR [26]
i LKA 1= AL, %07 ki 5 o i — A R
B RURM PO I B MO SC R, R R4 T A
TIBLH ARG BRI R

2 25 R R R i R B, Bk
VLA K x K1 R A% & B i B 1 AN TK/d XK/ d)
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ARHL, % . 3T Transformer Y 22 N J3F 38 R E X 43 1 X 2% <923«

AR BE 95K 5 B, 1A Ln/k DR IR 2 6 BRURI 1 A4S
Lo/ e 368 3 5 AR 2o 3R gk B ] TS /N B9 R
2R AR UG B B A R Z R A ROC &

’:

A
LS

B2 KEEROAMLE
Fig.2 Large kernel volume integral solution process
1.1.2 VAN
SCHR [26] T LKA &1t 17—~ ffi §L/% Trans-
former 1 VAN, W& 1 s, 5 VIT K H 4
AW B 32 E A Ak 2 T BN B AT R
(feed forward networks, FFN) ., ¥ — &% 19
VAN Bl & R B rf #5351 VAN £+ . VAN R
AT — 7l B JZ ka1, HBAR 4R 4 425 0]
Or PRI A BT BE . AR SCIEHE VAN-B2 75 W 2%

I, LICRATH B B VAN SLB0E, S50
4 26.6x10°,
F®1 VAN-B2 BN & L1
Table 1 Detailed network structure of VAN-B2

B RN VAN-B2

1 %x%xc C=64, L=3

2 %x%xc C=128, L=3

3 I—Iéx%xc C=320, L=12

4 %x%xc C=512, L=3
1.2 MSFEM

22 R SURFE 2 18 U0 H %) OG5, A SR
FH ASPP Z5# ok 52 B VAN 3 T = 1 22 R &
32 B TGN 5 22 ROBE 18 SCREAE A B2 B[R] B 4
X} ASPP Hr 23 i 45 B [ Y gradding [B) B HITK 2
B P 285 0k LA 25 1) ) R, A SO ] —Fh v 52
AR BE Y R 284 & 77 (dilated neighborhood at-
tention, DiINA ) kB #2315 A, Jss s iE 2518 %
Z ] A8 R G 7R A
SCHK [30] 42 1 2B 48 & J1 ML (neighbor-
hood attention, NA ), FA%.0» AR 2 SO VR SR AIE Bl 55
AR R R ARG R, E 3 Urs
MG AR B A E
NA(X,;) = Softmax(w)V i 1
ij \/2 pGi.j)
s oG, PICRTEG, DELEIR, 0. K.V XY

AR (KT L K BOREE ), Bk MR 7 5 05 2%,
VAR GE S HL, d Wi AR, 3R &850 B AT
PRI ABER, Xl T BT S R
B B MR R AU BB R, IR A4 A
FIER SN T BT AEE I R
JE, NA WS 2R R Ak 1, I HIH S 2% 5 5 2R
MIRANRENE R R . NA 5HEEM, BREE
ARBEE P E S, BT A EE XA
TER LS, NA AT LI m ot Jey il v 00 o

] wifgre FORFE | (A
o B
‘ %J-’f:;f;- S

E3 NAWEMEGZRE
Fig.3 The specific process of NA

KA BB, SCHk [29] E T NARB T
AR 7 J7 DINA . DINA #4123 i 5 fL 2k
L, BIA T — A2 M KE N S5 KA
L BR Ry ln/k), Forr n Shy g AT 53 10 A R RN,
K ARRABI RN, I MKAE A 1 B, DINA 4 [A]
T NA, 815 B A 2K (8, DINA AT 4545 —
MREGAI R ZE, HE TR E M,
DiNA A DL B 4 1l A7 i 2545 2R =22 () A9 A4 ¢
A, BHEBEAEGANY RBE R, FHH TH
LS B RE M . 2 A A W) K
DiNA #i8e, n] LU AA SR H 2 ROBERFAE, DA B8 i
4 T b PR A o A RS B AR S
13 fEHOe

WiE 1 frR, MSTNet [ fft a8 & — MR mE N
) MLP i fith 2%, H oG B AR A H Transformer
5 SRR R, RO 0 = 7 R ) T P B R R
fiF, WE TS EEEL R, 1525 T 95
PRI 4r B9 VAN 1 F1 MSFEM ik M4 52 8L T 42
Jay I A7 B i 22 R RS2 B, AHE T 5T CNN 1)
%, MSTNet A7 2 L1 it 48 R d 2238 K ™)
25 1) SR A2 BY RNl G 22 RUBEREAE

TE fif R 283843, MSTNet & 264 VAN 4 —Br
BRI R Z R B 5 45T VAN It 4 B B Al
MSFEM IR 25 BT PR G, SRR AN A2
{7 8 h — 2 5 5 B s . SR)5 R MLP 2
I FH Rl 47 AT H X W X N, T5I 43 3 56 1) 43 1 3 e
o N Ry 00 79 28 551 4

2 ER 5N

2.1 ELIEHIEE
A SC 5 B PR 52 I & 5 38 A S R AL RO
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FLHHE 4L Potsdam AL K4~ RSIDEA K BA#E H
] LoveDA B(aE AT .

Potsdam B4 & — B8 B AR MW I
TR, K E s T2 KA e
() 16 % 9% SE 0 SR VR 2500 o B SE LA 38 5k
EUR, Bk EMRI0 20 HE 3 6000 12 2 <6000 4 %,
25 R A 5 emo BEAD, I EUE SR S HR AL T 4T
VNEAR NS SR R CR TR Y S S Sy T SR
B AL B b AT S5 SRR 2R . B4 p
HOAL A H UL M A 55 2O, A R L A
UL FHL L RER RS S, AR ID: 210,
2 11,2.12,3 10,3 11,3 12,4 10,4 11.4_ 12,
510,5 11,5 12.6 7.6 8.6 9.6 10,6 11,
6 12.7 7.7 8.7.9.7 10,7 11,7 12 #4714k,
i R A B R AT DA, AE e g g RGB —
i IE OE P ER, JOF B R B ET A 1024 R R x
1024 R R AT UNZRAPL

LoveDA %#i 45 & I K2~ RSIDEA [ BA$2
LAY R A R AR AR, HA SR AR M
oULUE N 3 NI B 5987 5K 0.3 m B A PR
1§, WK R 7 HER N 1024 R E X1 024 18 %K
I AR S L GBS K T L ZRAR L A H
s 7 MR SHZ G . BAORUL, 2522 5K A
BT INZR, 1669 1K HIT401E, 1796 5K T,
22 SCIZAFS

A 5286 F 5 o Ubuntu20.04 F:4F R 4,
CPU 4 Intel Xeon(R) Platinum 8358P, GPU H
NVIDIA RTX A5000, /74 24 GB., JFEAEE N
Python3.10.8. PyTorch1.13.1, CUDA11.6, %k}
KA Adamw AL #S, BTG 2% 2T %54 0.0006, FEH 5
A 0.01, 2% 2] W& A poly, batch size Ky 4, 15 bR
Ry 22 S 2% pREY ( cross-entropy loss function,

CELoss) o YIZITHCR FHZE QK%L (iterations ), HJ
BN ZR— > batch size FYEHEIEAC— IR, A SCHH:
BCE Y 80000 Uk o 2 A~ Hidl A I 2k A I A4 g A
TR 1024 15 K x1 024 18 %, R HBEHLK F 5
¥ BEHLEE B BEYLAE L (AT 0.5 F 2.0) 1
A G R R . A SCR FPE 58I L (mean in-
tersection over union, mloU), *F-3J F,-score(mean F-
score, mF,), Z %7 Params 1F WA A ) PEA P8 F5
23 XftEARE

ARSCHICT 8 AMAEAINE Sy XF F, H R ZAT 43
AT CNN R A JE F Transformer [9 15 7
2 %, Hi 5T CNN B  PSPNet'” | Dee-
pLabV3+"" CcCNet”", DANet™”; 3T Transformer
[ % ViT-UperNet™ | Swin-UperNet™™ | Seg-
Former" "', VAN-UperNet”", & SegFormer & 7§
S UperNet™ 11 g 5 2% (9 i % 4%
24 FWHER

Potsdam ZHfE 45 [ A SL B0 25 R an & 2 i,
LoveDA £i#a4E bW SC e 45 ANk 3 frw, Hif 4%
THUFE B v S5 i A AT A L SR ph B o AR R R 2
(R, A SCHE HE Y MSTNet 78 K £ BOTAG 45 1
LT H AR R, AL TE S 4w 46 bR U7 T L Seg-
Former ik, 5 VAN BLZIA{ E, MSTNet £ mloU
1 mF, f8 b5 F 354 & T 0.68% F10.63%; 5 1%
4 i) CNN #5816 1, MSTNet 7E mIoU Hl mF, 1§
bR EAR AR T2 2%, MR 3 I SEIRAR, A
SCH Y MSTNet 7E LoveDA £4fs 5 19 #8 73 4
Pt T HAA Y, If B AE 25 G 3R LR e 3 1
B, 5T CNN BRI L, T Transformer /9
FRIIAE mloU Al mF, #5845 L& T+ N 2%~3%, - H.
A SCHE B MSTNet B2 TEIX 2 DMghr FHUS T
KT 4% 4Tt .

3% 2 Potsdam HIEELNER

Table 2 Experimental results of the Potsdam dataset

HELHY F+ HEEE @ HEHL MR KA mloU/%  mF/%  Params/10°
PSPNet ResNet50  86.53  93.50 7636  78.00  90.99 77.44 85.88 48.97
DeepLabV3+ ResNet50  86.68 9331 7643 7822  91.04 77.63 86.07 43.58
CCNet ResNet50 8649 9343 7645  78.13  90.53 77.08 85.55 49.82
DANet ResNet50 8624 9293 7642 7798  90.93 77.22 85.73 49.82
ViT-UperNet ViT-b 85.66 9268  75.18  73.88  88.18 75.81 84.91 144.06
Swin-UperNet Swin-s 87.18 9335 7745 7932  90.73 78.39 86.68 81.15
SegFormer Mit-b2 87.12 9378  77.92  79.82  90.7 78.56 86.76 24.72
VAN-UperNet VAN-B2 8723 9388 7757  80.04  90.43 78.82 87.03 56.44
MSTNet(ASCHRD)  VAN-B2  88.02 9450  78.58  80.06  91.47 79.50 87.66 32.85
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Table 3 Experimental results of LoveDA dataset

FEEY EF RO P Kk M Ak &M mloU/% mF/% Params/10°
PSPNet ResNet50 53.02 63.77 53.16 57.02 2597 3939 47.10 4849 64.43 48.97
DeepLabV3+ ResNet50 51.90 63.25 54.05 58.69 30.08 41.76 46.27 4943 65.48 43.58
CCNet ResNet50 53.56 64.66 53.19 6147 29.07 39.15 47.66  49.82 65.68 49.82
DANet ResNet50 53.42 64.78 53.42 6123 2943 3939 46.84  50.17 65.91 49.82
ViT-UperNet ViT-b 52.58 63.00 56.13 70.27 29.18 40.04 55.07 52.32 67.72 144.06
Swin-UperNet Swin-s 5452 6224 5448 66.03 38.11 43.16 4845 52.86 68.62 81.15
SegFormer MiT-b2 5334 65.77 5544 69.97 3423 3797 5214  52.67 68.14 24.72
VAN-UperNet VAN-B2 5298 64.65 57.20 70.02 29.24 3899 56.42 52.81 68.08 56.44
MSTNet(ASCHR)  VAN-B2  54.62 64.92 57.84 69.81 3359 41.77 5486  53.92 69.14 32.85
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Table4 VAN and MSFEM ablation experimental data
e Potsdam/% LoveDA/%
B P /10°
FE VAN MSFEM MLP arams mloU mF, mloU mF,
SLE x x v 23.99 75.85 84.52 48.55 64.47
LI v x v 26.55 79.13 87.24 52.67 68.25
I3 v v 30.30 77.84 86.32 49.72 65.81
SLEG4 v v v 32.85 79.50 87.66 53.92 69.14
SLESS v N x 63.26 78.93 87.25 53.24 68.43
& 5 MSFEM fi#MES018 # iR
Table S Experimental data on the superiority of MSFEM
Potsdam/% LoveDA/%
4751 P /10°
Fe arams mloU mF mloU mfF
ResNet50+SPP 48.97 77.44 85.88 48.49 64.43
ResNet50+ASPP 43.58 77.63 86.07 49.43 65.48
ResNet50+MSFEM 30.31 77.84 86.32 49.72 65.81
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