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Abstract: To address incomplete feature extraction, blurred boundaries, and omission of small targets in
high-resolution remote sensing image segmentation, a detail-preserving segmentation method based on om~-
nidirectional rectangular calibration, termed the Omnidirectional Rectangular Calibration Network (ORC-
Net), is proposed. First, an Omnidirectional Rectangular Calibration State Space Module (ORSM) is in-
troduced to enhance geometric adaptability and target retention via octagonal scanning and geometry-sensi-
tive weight calibration. Next, a Complementary Filtering Hybrid Attention Fusion Module (CFHAF) is
developed, integrating channel-, spatial-, and pixel-level attention mechanisms to enable adaptive multi-
scale feature fusion and improved semantic discrimination. Finally, Dynamic Point Upsampling (DySam-

ple) is incorporated to refine boundary detail recovery. The model is trained with a Focal-Dice hybrid
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loss. On the Massachusetts Buildings dataset, the method achieves an F1 score of 84.64% and an mloU
of 77.07%. On the DeepGlobe Road dataset, an F1 score of 85. 32% is obtained, representing a 3. 51%
improvement over RSMamba. Experimental results indicate that the proposed approach effectively ad-
dresses the three primary challenges in remote sensing segmentation, delivering high precision, robust per-
formance, and strong potential for practical application.

Key words: remote sensing image segmentation; rectangular self-calibration; state space model; multi-

scale feature fusion; edge detail enhancement; dynamic upsampling
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F2 HRELIGERILE
Tab.2 Comparison of ablation results
Method ~ CFHAF  DySample ORSM Flscore/% mloU/% P/% R/% Accuracy/ %
1 82.79 73.35 77. 24 89.19 95.19
2 N/ 83.34 75.23 81.41 85. 36 95. 58
3 NG 84.04 76.09 81.09 87.20 95.71
4 NG 84.08 75.67 80. 25 88. 30 95. 67
5 N, N 84. 30 76.38 80.72 88. 20 95. 74
6 N J 84.38 76.26 82.58 86.27 95.84
7 N J J 84. 64 77.07 81.15 88.43 95. 86

+CFHAF

&1 6

Ground truth Baseline

Original

+DySample
T il 2 30 25 SR X L

Fig. 6 Comparison of ablation results

+CFHAF

&l 7

Original Ground truth Baseline
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T i S5 36 T T AU T Ak

+ORSM  +CFHAF+DySample +CFHAF+ORSM ORCNet

Fig.7 Visualization of attenfion weight for ablation results
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TEJ7¥E 2 W BEAL I, 5 SBEA ) CFHAF
M DySample, A & o i 4], 42 74 1 1.51% 19
Flscore (84.30%) LI X 3.03% # mloU
(76.38%) , fig % 1€ 2% fi% H b5 2 3% (1 [a] i) 52 B0 %)
A H bR 0 SRS HEE AL I 6Bk CFHAF 5
ORSM, LLUA4F 38 43 8 11135 AR A, fiff F1score $2
F+1.59% , mIoU $& T+ 2. 91% , /R T 42 Ja) - Jay i
FRRAE SC I X 25 1] 3% 7k OK5 B2 A 32 FHE 5 e & o 3
BB (7 1) B G T A BEEL, AR5 84.64% 1
Flscore,77.07% # mloU . 81.15% & ¥ #f &
88.43% [ A [0 3R F1 95. 86 % 1 M K , = Wi #%
O 48 bR ¥ 3K 2 A, b 3 o B AL Ay ) 4R T T
1.85%,3.72% F0.67% . ME 7 E IR EM
AT RLAE 43 B AT LA H, ORCNet 76 75 3 f1 /3 i b
B P RE O o A MR ) b H bR %
B TR H bR AR i = 15 ok 19 R 4l 15 & R
[F) R, I 76 2 4 2% R 50 R T 2 3 o T 5
454 PR AR T, B A B A RRAE SR AE 5 40 Y
A g
4.2 IWEKEE

BE XA SCHR A ORCNet 5 79 f i FH A 46
R bR AT BB R AT A BT SE B 5 R DL AR 3.
AR A GEffi Focal Loss 5 Dice Loss i [a] — % &
2%, NI EEHE0.5,1,1.5, 4 2,=1H =1
B, 452 0 P BB ik 3 F G, F1score Fl mIoU 43 51 hy
84.64% M T77.07% . S, HE N Dice Loss
A T T H RS TH A M B T3S 0 Focal Loss X
0P Rl AR I SE I . BB, 7E ORCNet £
B RHAL=1 HL=10S8H&E , LUK SERE
4 A5 AR P i

®3 WNEERFHNEE

Tab.3 Weight factor analysis experiment

Methods A Ay F1/% mloU/%
1 0.5 0.5 82.51 71.90
2 0.5 1 80. 13 65.15
3 0.5 1.5 79.49 66. 39
4 1 0.5 83.04 73.78
5 1 1 84. 64 77.07
6 1 1.5 82.51 72.51
7 1.5 0.5 83.93 74.99
8 1.5 1 81.48 69. 69
9 1.5 1.5 79.90 67.89

4.3 AEEBXFLE LG

A WF 5% $E 1 A ORCNet # &I #£ Massachu-
setts buildings $(4& % 47 &R G R, i i 514
G RUH T FCN™'  DANet™ , DeeplabV 3+,
Fastsenn'™’, Emanet™*”/ 2845 5 F1 Transformer 2244
T Swin-UPerNet™ , TransUNet "', Segformer ™
PA & Mamba HE 42 RSMamba 3t 9 F 3= it 5214 4
D) 2 AR HE AT X L, X L2 R UL 4 AR SRR
55 HAth X P AR 1Y 43 235 R 18] 8 i o

% 4 Massachusetts buildings #{ & &£ 4> 2|35 #rXF Lk

Tab.4 Comparison of segmentation metrics on Massa-

chusetts buildings dataset (%)
RS F1 mloU P R Accuracy
FCN 76.55 66.02 82.81 72.73 92.27

DANet 77.37 66.90 83.70 73.48 92.52
Deeplab v3+ 81.76 71.79 85.29 79.05 93.54
Emanet 81.93 71.96 84.37 79.92 93.44
Swin-UPerNet 82.24 72.36 85.61 79.60 93.68
RSMamba  82.41 73.15 79.63 86.33 95.37
Pspnet 82.86 73.17 88.34 79.06 94.14
TransUNet  83.11 73.45 87.03 80.14 94.05
Fastscnn 84.12 74.65 85.50 82.89 94.07
Segformer  84.14 74.73 87.92 81.22 94.38
ORCNet 84.64 77.07 §81.15 88.43 95.84

i 2 4 W] 41, ORCNet 7£ F1score,, mIoU 1 #i
B A8 = T4 bR b o3 9 Gk ) 84. 6404, 77.07 % Al
95.84% , ¥ WL R . A LLAZ BB FCN,
F1 score £ 87 & 43 5 #& F+ 8. 09% A1 3.57%,
mloU £ Ft 11. 05% ; #H % DANet A1 DeeplabV 3+
A2 Ay EBL AL Flscore il mloU ¥4 8 & 1%
Ft; 5 RSMamba, TransUNet Fl Segformer %5 i
JE Ay E LR AR EE , ORCNet 19 Flscore 43 51 #2 T
2.23%, 1.53% # 0.5%, mloU #& F+ 3.92%,
3.62% F12.34% . BRI F , ORCNet 75 £ i #5
JE 5221 bR B ¥ T HA 7 2% e 4 Sk T
T 7 1 A TR AL

&1 8 AT L AL 45 3L 43 Br & B, AN [] HE B2 A8 A0 52
IO PERE 22 5 . ARG BB AL FON L 48 45
FRUBERLAE /I H FR R 50 vh Bt 90 K AR A, i
Transformer £ %1 5 % (Swin-UPerNet, TransU-
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Net Fl Segformer) ¥ 7E 37 5t — K RF H AR H bRl
x oy E b W 0 AR AE S IR R R B R . Hor
TransUNet 4% fif 2 R H# fiE 4 JR jj}%%i)mLH/r‘H

Xt A SR ROR B 5 T =R
G B 1)

X 35k A% A7 5 1 RSMamba HE 22 i 4%

Original Ground truth  FCN

ARAFHE 55 A [l 3R {E T I00RS B B 2R 22 79. 63 %6
FH I Z T, ORCNet 38 i £ g 45 5 FRAE @il & Bl
il 4 TP T FOORG B2, A R U T G R R Y
N E AR IR VS [ A, 55 0F T Jr 38 J7 I A R o PR R
JESAR A v S AN A .

DANet Deeplab V3+ Emanet Swin-UPerNet RSMamba  Pspnet TransUNet Fast-scnn  Segformer ORCNet

8 Massachusetts buildings £ 45 £ 73 ¥ 45 2 X} e

Fig. 8 Comparison of segmentation results on massachusetts buildings dataset

4.4 ZHBEHWIK
R 56 IE AR SC R ) ORCNet 455 8 (1) 72 1L fig
71, % 5 85 5 64 AH [R] BE & 7E deepglobe-
road-dataset ¥ 45 48 [ E A7 32 AL 525, IF X5 A [) A
R 3 HDRG BE EAT T X LA, SE R 25 R n sk 5
f s o
w9 s, 7 Dccpglobc-road-dalascl &
£ I, ORCNet £ & & 3 5t (R 55 £ € U0, 18

i Bl O 5 RE IR & 5 o8 B R B I B R T

ShHe AR H AR /N B 37 55 b U T A% Gt A RS A
(4N FCN, Deeplab v3-) , ik f b i Wi 24 M T
Transformer B %Y | Hbt 56 1 patch 2 53 % 3% 22 14
E"J@'Z%;*ﬁﬂ:l\/[amba/f[i LA A H AR S R 3 b
T E R I A5 A o 2 RORE RAE R 5 A
AR AHLE , ORCNet i 42 T T 3H M i 2k 5
I 7% S e 3 W RE AR T HE B S R O

|

Original Ground tmth DANet Pspnet

«TP T

Emanet Swin-UPerNet TransUNet

9 deepglobe-road-dataset 54 i 5 43 #4

FCN  Deeplab V3+ Fast-scnn  Segformer RSMamba ORCNet

BERXT L

Fig. 9 Comparison of segmentation results on deepglobe-road-dataset

5 /R, ORCNet 76 18 F& 5098 4 1 R AL

T4 TR 4 BB AE | Flscore i5 85. 32% , & T RS-

Mamba £ #1 3. 51% , mIoU & 69. 73% , L T Seg-
former fl FastSCNN, HAEHE 7 98.02% , 5T
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SV BIEER 95.84% , EERE MG E I
iK%, =0 2K E K, DySample {16 T 41 K
LAERFE , ORSM $2 TF LA % . R mloU
W& E T B BB AL G BT Deeplab v3+15H B 3%
Pe# . ORCNet 78 ff £ i 4 i %8 (85. 4426 ) 1y [A]
mt, A R R T 2 85.19%, i T RSMamba
6.69% MR K419 1 i BEAS ST g T .

%5 Deepglobe-road-dataset {35 &= 35 R 3T Lt
Tab.5 Comparison of metrics for deepglobe-road-dataset

(%)
R Accuracy

Tk F1 mloU P
DANet 60.22 54.33 90.32 56.43 96.01
Pspnet 60.56 54.55 90.95 56.64 96.03
Emanet 64.10 56.79 74.90 60.22 95.65

Swin-UPerNet 64.69 57.38 90.4 59.53 96.23
TransUNet  65.34 57.84 88.47 60.11 96.23
FCN 66.24 58.52 90.82 60.68 96.33
Deeplab v3+  66.34 58.59 90.25 60.78 96.32
Fastscnn 73.27 64.23 89.19 66.96 96.71
Segformer  77.41 68.06 85.47 72.55 96.84
RSMamba  81.81 65.61 85.43 78.5 97.64
ORCNet 85.32 69.73 85.44 85.19 98.02

by it — 25 56 UE AR SCHR 9 ORCNet B 7 (1)
ZALBE S, B WHU-CD %8s 47 E 19 2016 4E [
BAE R WHU B8 48 B AT iz AR S8 50, IR X0 A
[Fi) A5 780 1) 43 0RG B HEAT T MERE X LU 20 B, 25 R
6 s o WHU 8 5 19 2 #0145 1 i 10
FIF7R o

F 6N T £ WHU 854 L, Z 8 B{E 5y
|45 A AE F 1score A1 mIoU 45 #5 b 84 X Lo 45
A F IR T R ) S H R (Params) (THREE
%= 1% (GFLOPs) L4 J 4 P B (FPS) |, DL 4 1 7
FhAS 6] D5 EEAE RS B R AT 7 Je v 5 T 1Y 255
PERE, 453 W78, ORCNet 7 F1 43 3UF1 mIoU 48
b b S 25 T A A A [R] B PRRE T v A A B
R RAR A TE ST R L R B A & o B R
TR L 53 FIAT 55 v 1 v R0 AR e

K10 B /R T ORCNet 78 WHU % 95 4 E /1
Sy BG5S WM BT H bR A B DL R
o B AR . AR A5 SR R, OR-
CNet A H 2 4b 3 #5095 K R H A5 19 B

*6 WHUHIEE RS

Tab.6 Performance analysis on WHU dataset

mloU Param GFLO

VRS F1/%
% s(M) Ps
FCN 89.60 81.17 47.13 49.47 10.7

DANet 89.88 81.62 47.48 50.97 8.83
Swin-UPerNet 90.60 82.81 64.05 59.31 9.5
Pspnet 91.13 83.71 46.61 44.71 11.4
TransUNet  91.22 83.86 28.99 50.96 0.8
Fastscnn 91.69 84.66 1.40 0.23 143.6
Segformer 91.74 84.74 3.72 1.78 76
RSMamba  93.01 86.93 30.69 25.16 32.71
Emanet 93.29 87.42 39.99 42.39 4.9
Deeplab v3+ 93.44 87.68 41.23 44.16 11.33
ORCNet 94.68 89.90 36.20 25.33 30.57

“
'S

Original Ground truth ORCNet

10 WHU i £ B i oy #4528
Fig. 10 Segmentation results on WHU dataset

03 AETH X B B X R A E S H R [ RER
B DE 75 B4 R O A R 3 55 N RE D B T A
BB BT Iz F P fEL

BEXT R 4 38 BSR4 F R IR AR UK 4> i
Gy R I 2 RO H AR o BIRCR A AE )
A SCH T — P 4 1) B R U I 2% (ORCNet) .
Wi ORSM AR = F W %, it 1 T 1% 48 OSSM
BB patch P R A AR OB G F A AL 0] 8, 45 5 JE
T B 1 HE R 3 ST LAY OB R, 30 AH AL Hh 4
BRAIE O BT T /N ROEE H R R AE I £ B e 5 3R
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£ RS E % B, ORCNet £ Flscore, mIoU FI
Accuracy 43 %l F 84.64%, 77.07% A
95.84%, ¥ fi F TransUNet, Segformer, RS-
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