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Abstract: To address the issues of detail degradation, edge blurring, and structural target distortion aris-
ing from repeated downsampling operations in Transformer-based models for high-resolution remote sens-
ing image semantic segmentation, this paper proposed a cascaded refinement network for high-resolution
remote sensing imagery. The network employed Swin-Transformer as the backbone encoder and sequen-
tially constructed three core modules on the decoder side, namely the dual feature aggregation module, the
dynamic wavelet fusion upsampling module, and the geometric structure perception module. The dual fea-
ture aggregation module enhanced the semantic complementarity across multiple encoder layers through
joint channel-spatial collaborative modeling. The dynamic wavelet fusion upsampling module performed

frequency-domain reconstruction and fine-grained detail recovery via adaptive multi-wavelet basis fusion.
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The geometric structure perception module refined the terminal features through geometric calibration by
integrating graph-structural priors with multi-scale spatial modeling, thereby improving boundary sharp-
ness and target integrity. Extensive experiments on three public remote sensing benchmarks, including the
ISPRS Potsdam dataset, the ISPRS Vaihingen dataset, and the LoveDA dataset, demonstrate that the
proposed network achieves mean Intersection over Union scores of 87.13%, 83.86% , and 54.26%, re-
spectively. The method exhibits superior performance in delineating complex building contours, preserv-
ing small-scale targets, and handling cross-scene segmentation tasks, which validates the effectiveness of
the cascaded decoding refinement strategy in mitigating progressive feature degradation and enhancing the
segmentation quality of remote sensing imagery.
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A BB ST B A X 5

32 ISPRS Potsdam ¥{#E 5% EMIE BN AR
Tab.2 Ablation Experiment Results on the ISPRS Potsdam Dataset

J7 ik DFAM  DWFU  GSPM Params/M GFLOPs  mF1/% OA/%  mloU/%
Baseline 28. 86 26.97 91.55 90. 62 84. 59
+DFAM NG 31.19 30. 64 92.73 91.28 86.67
+DWFU N 31.28 29. 50 92.79 91. 50 86.76
+GSPM N 30. 05 28. 59 92.73 91.28 86. 66

+DFAM+DWFU N N 33.61 33.18 92. 82 91. 40 86.79
+DFAM+GSPM N N 32.38 32.26 92.79 91. 39 86.76
+DWFU+GSPM N/ N 32.48 31.12 92. 85 91.46 86. 86

EN'e N, NG NG 34. 80 34.79 93.01 91.56 87.13

XURE He 20 4 1Y P fig 1 00 T H X5 iy P85 B i
B, Hth DWFU+GSPM B 15 f% &5 86.86% HY
mloU, H Params fil GFLOPs 43 5l & 32. 48 M #1
31. 12, & WA B 40 15 R 52 5 JLART 45 40 4% o B A
RO T RE T AME . SRR A N S AR A
mloU, mF1 1 OA 435l ik 8 87. 13%,93. 01 % 1
91.56% , ¥ Baseline #& F 2.54%, 1.46% #1
0.94% ; Params il GELOPs 43 5 48 /i1 5. 94 M Fll
7.82, LRGSR UE T BORT B A AT skobE
BOAE AT 00 52 22 B 1 e, S 0I5 2 R AE Al 5
4 H A S LR HE A B RO AL O B B L 2
G EIvERE
3.4.2 A akaae RN B

W 3 PR, 2 /i A S 1Y mIoU S
F Baseline, % R 4% 48 25 8] 38k I 2R 4 85 # 4 J5i
By A BE 08 A R R RS AR AR IR A . BN AR
fic ¥ b, Db 1 HUS A 5 119 85. 91% mIoU, %% Base-
line & F 1. 326 , Ut W] JHC 4 S 4% 15 Jg #4 e oz ¢ 1
WIS A T 2 A0 R AR AE 55 ; Symd F1 Db4 (1)
mloU 43 %) 4 85. 67 % H185.39% , [F] k¢ 4k 15 Fa &
B 25, AR [R50 25 e g % =X 1 AT h ff A AR AT
AR A RO TE

#3 Potsdam#IEE EDWFU/NEEERER
Tab. 3 Ablation of wavelet bases in DWFU on the Pots-

dam dataset

N2 Params/M ~ GFLOPs mloU
Baseline 28. 86 26.97  84.59

Dbl 31.14 29.20  85.91

Sym4 31.21 29.34  85.67

Db4 31. 20 29.34  85.39
Dbl+Sym4 31.21 29.35  86.48
Db1+Db4 31.21 29.35  86.31
Sym4+Db4 31.28 29.49  86.08
Dbl+ Sym4-+Db4 31.28 29.50  86.76

Z /NG PR T T R RE . X
/NP REEC & B, Db1+ Sym4 BUS BUAS 86. 48 % 1Y
% 1 mloU, # Baseline $2 7 1. 89% ; Db1-+Db4
Fl Sym4+Db4 43 51l ik #] 86. 31 % 1 86. 08, 3
P X 7 BN Jp BE T 100 I R B 0 % i
B — /N Y LB R e 1 BE ) R B . i — 2D Rl
Dbl, Sym4 Fl Db4 J5 , 1558 B85 11 19 86. 76 %6 mloU,
¢ Baseline 2 7+ 2. 17 % ; Params fl GFLOPs 43 51|
JJ 31,28 M A1 29. 50, %% Baseline {34 i1 2. 42 M
f2.53 GFLOPs, [Rg5RFM, 203 HE
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N il B A% LA PR A2 2% B 1 A 1 o A i T A R
1E A DWFU 7 fift 185 b R A By Be R A3 R e 1y
PRI e T o
3.4.3 JUMTEM B A  REKEAH AT

MR AFIR,3X3+5X5+7TXT7 588 & R
B A WU fe 9 86. 66 %omloU , 3 B K [R] J&% 37 B
15 B A 2 BA B T 42 7+ GSPM (1 FR 1R K 5
fie )7 PRUBEE 3 34r S R B A A, U I 4N
JRRSZ Y A Y R 3 PR R OR i RR AR Ak P b B T
U o E M s WU R, 3 X 35X S A T
T2 &, F W] Jmy i me pi 5 o ROBE R SCRY 25 4 g
g — DR IE R Gk o A TX T 3 A
ARG T RGBT SCfE B B3RS e i 43
EITERE

W) s, A ) RS 4 45 A >k 88 /N 1) Params
A GFLOPs il . X F %15 25 T GSPM 43 41
I IE B B i AT, DL R 22 RUBE 43 SO AUPE
FEE G — M iE e, e
FEKE(C/2) X} KP4k 33 5 B C° <
K*o min] W, 2 RO & U0 S AE L7 AN 1B 5 4
IR A R FE R IR LR L 32 TF T GSPM X oK dig
TEHY 22 %32 BF A R ), B A S A RC AR L T
T 7853 1 25 TR FRALE .

*4 Potsdam#HIEE FGSPMERESRERMER
Tab.4 Ablation of multi-scale convolutions in GSPM on

the Potsdam dataset

LR E Params/M ~ GFLOPs mloU
3X3 30. 04 28.450 85.91

5X5 30. 043 28.462 85.78

TX7 30. 044 28.481 85.55
3X3+5X5 30. 045 28.510 86.43
3X3+T7XT7 30. 047 28.529 86. 27
5X5+7X7 30. 047 28.542 86.16
3X3+5X5+7X7 30. 050 28.590 86. 66

3.4.4 B AN kRS ERETAAL S
5 Mt DWEFU 8872 A [\ By Be i 4F 1, A
SCHEAT T IR L R AE B B 14 /N D B AR, I X %
N EAE SE AT T AT AR 85 9 A 5% 5 R B S TR .
5 WoR IS EORFEBY B b Db 4 ELAT B = il
GACE, HHAE RS - By 0.375 LA 25
BB 0. 400, 2 B Bl iR 5 Ao AR 4 S A i

ERYXT Db 1 HE 7 S B OB BT I i . 455 R 3
H Db1 7 5/l FE B T B fix i mIoU B 45
A AT LR I i S A /0N B AT M) T A i D Y
JRy B AR T KA Bl i A o A 0 A i L Dbl
FCH 1T, Uk B AR A I 9] 20 B 3 K 52 I BEX
WL B A B B4 R AT P g i

5 /R T IR S 25 /N B SR A R JA A R AR
AL, 2 DWEU Ab 3RS , 45 AE Wi B A 25 6] DX 73
JEEA BT R 5, O HL R bR AE R R AR AL T E
PESCRE . IZBR SR TS Rk ERAEB Be Dbl
RE T e 1) B — 20, R W 2 /N I B A AL
1l B8 f% 5 A 91 dul U= THT 9 0 5 A Y L R AR T
SRAFRFAE 15 B R IR BETT

x5 WRIENELEREMBEHNNEENEER
Tab.5 Wavelet basis weight results of two dynamic

wavelet upsampling stages

Dbl Sym4 Dbd

2 — WG R 0.375 0. 337 0.288
B RNDE SRR 0. 400 0.341 0.259

WT-Upl

/N LSRR

L ERRER

KI5 PIksh &/ LR AR AR i A4S
Fig.5 Before-and-after visualizations of two dynamic

wavelet upsampling stages

3.5 Xftb=xIg

b &1 VEAG CR-Net B PERE , A S0 HE5 £
FRAR My vk AT X LG S 2 R B, ]
ESHEME IR, XML EAE L TER



o514

XUFRUE 25 < THT [6] 5 23 30 2o R PR AR 1) ) RO 44 190 4%

2241

25 0 2% (1) 431 J5 1%, i CMTFNet, AFENet *
FIGDGNet ™, I LAAE Sy J5y 58 40 45 2 452 6E 7 1Y
X 1 s 3 F Transformer J 33 & J1 AL A 1R & 28
¥, UANet' ™', T 9F Al B2 R 78 4 JRy i S 4l
B 22 RO R AR Bl 5 TR 3R B TR, 51
PyramidMamba **' fl RS3Mamba'*"' %5 i ] J7 72 ,
JH T b A8 T 4 58 00 A AN ) 28 B84 5 v vp 1 55 56
EAE

F6 MBSHILL

Tab.6 Comparison of network parameters

) 2% HFM%  Params/M GFLOPs

PyramidMamba ResNet-18 24.40 18.71
GDGNet ResNet-18 26.89 55.22
UANet pvtv2-b2 25. 64 55.37
CMTFNet ResNet-50 30.07 68.02
AFENet ResNet-18 20. 24 53.53
RS3Mamba  R18,Mamba-T  43.32 31.65
CR-Net Swin-T 34.80 34.79

3.5.1 42 ISPRS Potsdam %t # & £ #4 34 bt 5
W3 7 frn , CR-Net ££ ISPRS Potsdam 31
£ FHUE T 87.13% M mIoU, 91. 56 % By OA Fl
93.01% M mF1, RMA Tk KF-. 5 CMTF-
Net # kb, CR-Net i mIoU, OA F1 mF 1 43 1l 2 T+
T 0.10%,0.03% #1 0.08% ; 5 PyramidMamba
A EG, 43 4R T+ T 0.91%,0.32% F10.59% , %

T 42 D7 YA AEF8 b L R e e R ARORS B

E— 2 NG 45 Rk F , CR-Net 78 “ (IR & 4
B R ORTC ) R FL 4y B0y i ik #
88.33%,89.56% M196.72% . XLLLERULH %
TR A 40 2 531 X 43 B 4 BB SRAE A /N H AR AR
Feor i B —EER .

6 1 T Ak 4 SR 5 3 7 i e s A R AR
— 3, A2 A X T R O & LY )
R ), FH EE 43 X i AR A S 2k Ak B Y B
W A B %, CR-Net 15 2 1 4 %) # ik b 5L
Lk, IR X A R 4 A B 2 .

e 1) 53 AR % B 1 3 S (3 447) , CR-
Net f i DX 35k — S0 AH XT3 4 o X 4240 55 /1
H bR, 43 5045 5 v i %8 80 Ok BB 58 B 5 X T A ok
X, KRR E A TR, XL U N,
DFAM,DWFU #l GSPM W4 & A B T ik 3% &2
Z DX 35l e 1 oy B 25

TE Potsdam B 45 45 I, A 3¢ J5 3% mloU ik 3
87.13% , B # RS3Mambafk 0. 14 % ,(H S H &
43.32 M &A% & 34.80 M, W /> 8.52 M; H
GFLOPs 4 34. 79, 5 RS3Mamba &b T #H i 11 &
WY, AZ R 3090 BE IR BRI S50 48—k A I
KN 8 A5 25 B 55 — B E I A% G 45 %t
P i B O S0 Bl b B R . R A A AR B
R A S, {13 2 S 0RG B il R W 7E PR
— Swin-T # 8 T T k3 T # i N E T Mamba
BERI R M RE R T WU Z R = N SE
HriE .

%7 ISPRS Potsdam #{#E&E F AR5 I M E LI L& R T L

Tab.7 Comparison of experimental results of different segmentation networks on the ISPRS Potsdam Dataset

F1/%
] 2% mF1/% OA/% mloU/ %
Rk IR )

PyramidMamba 93. 06 96. 45 87.37 88. 42 96.01 92. 42 91.25 86. 22
GDGNet 93. 58 96. 84 88. 29 89.47 96. 53 92.94 91.56 87.06
UANet 93. 31 96.76 88. 40 89. 68 96. 28 92. 89 91. 50 86.91
CMTFNet 93.60 97.11 88.06 89. 04 96. 86 92.93 91.54 87.03
AFENet 93.72 97.16 88.01 89.13 96. 67 92.94 91.56 87.03
RS3Mamba 93. 52 97.03 88. 32 89. 67 96. 87 93.08 91.58 87.27
CR-Net 93.61 96. 85 88. 33 89. 56 96.72 93.01 91.57 87.13
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3.5.2 f& ISPRS Vaihingen # # %
5% B

T %k CR-Net By iZ AL HE T, A SCAE 1S-
PRS Vaihingen #4541 5 2 F Jg k1 373 H
RPEAT T X . Wn 3 8 FF s, CR-Net 7£ % % g
£ FHUE T 83.86% M mIoU, 91.59% i) OA M
91.11% Wy mF1, = I8 K458 br 5 2 BT A X AR
Y rp i) d A, 26 W T B O s B B AE i 1 A A
£ L1k ik — 25 548 b5 K B , CR-Net
e 1&@*&%&”;@;1&5’31:16}@1 7 85.84%,
S XE LG T v R g R A R R I B A

£ Loy Ak
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ISPRS Potsdam Dataset comparison experiment visualization

90.63% ) F1 53 %, {UAK T CMTFNet, £ W] 5
UK 52 2 A 4 40 B K AH &0 A 1 28 0 1 X 40 AT A
TEHE Th 25 (8] 5 A6 427 2800 1 HUAE 89.57% 1Y F
OB AR RE TR AT ) IR B T R A A
Fedae N XN B bS5 450 B AR R R E 1Y
sy EIRe T .

7 0 m] AL 25 R 5 3R 8 b iy B 45 R A
XFRE o BE R RIS HLES O 4R H bR (5 247 4L
HE TR, % B DU Al i) , CR-Net 48 Lt Py-
rimidMamba 5 CMTFNet, H I # 5 ki & 9 £
AT U D G R R AR Gk O o7 R 5 e Ak B RE D)

%8 ISPRS Vaihingen H#B&E F REH HI MK LW R ITLE

Tab.8 Comparison of experimental results of different segmentation networks on the ISPRS vaihingen dataset

F1/%
) 244 mF1/% OA/% mloU/%
AEARME AN AR R

PyramidMamba 92. 54 95.53 84. 35 89. 83 85.54 89. 56 90.73 81. 36
DFCGRNet 92.87 95.79 84.58 89.97 89. 34 90. 51 91.06 82.83
UANet 92.68 95. 54 84.39 89. 80 88.90 90. 26 90. 76 82.46
CMTFNet 91.78 95.97 84.71 90. 96 89.40 90. 39 90. 12 82.66
AFENet 93.03 96. 01 84.90 90. 31 89.19 90. 69 91. 20 83.18
RS3Mamba 92.46 95. 34 84. 39 89.92 87.60 89. 94 90. 61 81. 94
CR-Net 93.32 96. 17 85. 84 90. 63 89.57 91.11 91.59 83. 86
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Fig. 7 ISPRS Vaihingen Dataset comparison experiment visualization

3.5.3 fELoveDA# ¥ E Loz L5 P e LI T R ZE & 6, mF1, OA Fl mIoU

N T SRR & e b s i R Ay W3k B 69. 64% ,70.79% 1 54.26% , ¥k T
AR CTE LoveDA $idli £ AT TIZALSC K. b P RR T L . oA, CR-Net 76 8 51 il % K
Aib 16 B X5F L AR L R 7E Potsdam il Vaihingen %% T AR AR 285 E A FL4y 3158 5] 79.60% ,
Wi 4 I 5 A OB A PE RE 422 38 (19 RS3Mamba Fl1 74.08% ,81.92% ,61.72% H167.89% , /A Hi &
AFENet, S50 25 UK 9 in , CR-Net 75 1% £ SR A H AR R 5 i A 20 fE T

9 LoveDAHFBEZNULWERITLL

Tab.9 Generalization of experimental results of different segmentation networks on the LoveDA dataset

F1/%

] 2% mF1/%  OA/%  mloU/%
GRS HH 18 B JK T It AR M
AFENet 70.94  76.19  72.60 81.80 52.14 60.05 67.71  68.77 70. 39 53.15
RS3Mamba  68.09  74.81  65.59  76.88 44.56  58.47  70.06  65.49 68. 27 49. 50
CR-Net 70.77 79.60 74.08 81.92 51.52 61.72 67.89  69.64 70.79 54. 26

s 8 vz, e 5% X Il i — 20 B iE 7 CR-Net A 1 22 4l X s, CR-Net X #b 47 315 Bl %) %) i 58
TEE 25 T R I L3 58 — A7 RS D0 AT R W SERE BEAE T AT AL R R 2R R VE . B E L CR-
ST 2 A1 3 S0 1) 285 K LR R T S0 B A% T U Net 76 £ 5 B F KI5 O ) - pR 4 i s 78
DX o3 AH AR E A A, DR T S R 5 AT R FRARZE ) UG e F L, A W28 B A7 —E
T IE [ DX I 1 i 2 R R L AR T P T2 0] 5 i R 7R e 2 B, JLAE 38 43 AR Ak —2k HI
55 18 0 S SR TR 5 55 AT D0 U B 7 AR AR 22 DX I RE 6% T B S0 4 1 DX T
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Fig. 8 LoveDA Dataset generalization experiment visualization
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