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M, XT3 2555, ASCEAE 5] AR
Y, 7F millionAID %3R4 [45] 3T 300
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e 4 ARS8 ERPERER L

poEir) #P | FLOPs | UCM-82 AID-28 AID-55 NwWPU-19 NWPU-28
MSANet [114] >42.3M >164.3 98.96 93.53 96.01 90.38 93.52
ViT-B [41] 86.0M 118.9G 99.28 93.81 96.08 90.96 93.96
SCCov [115] 13.0M - 99.05 93.12 96.10 89.30 92.10
MA-FE [116] >25.6M >86.3G 99.66 - 95.98 - 93.21
MG-CAP [117] >42.3M >164.3G 99.00 93.34 96.12 90.83 92.95
LSENet [118] 25.9M >86.3G 99.78 94.41 96.36 92.23 93.34
IDCCP [119] 25.6M 86.3G 99.05 94.80 96.95 91.55 93.76
F2BRBM [120] 25.6M 86.3G 99.58 96.05 96.97 92.74 94.87
EAM [121] >42.3M >164.3 98.98 94.26 97.06 91.91 94.29
MBLANet [1] - - 99.64 95.60 97.14 92.32 94.66
GRMANet [122] 54.1M 171.4G 99.19 95.43 97.39 93.19 94.72
KFBNet [4] - - 99.88 95.50 97.40 93.08 95.11
CTNet [42] - - - 96.25 97.70 93.90 95.40
RSP-R50 [5] 25.6M 86.3G 99.48 96.81 97.89 93.93 95.02
RSP-Swin [5] 27.5M 37.7G 99.52 96.83 98.30 94.02 94.51
RSP-VIiTAE [5] 19.3M 119.1G 99.90 96.91 98.22 94.41 95.60
RVSA [6] 114.4M 301.3G - 97.01 98.50 93.92 95.66
ConvNext [85] 28.0M 93.7G 99.81 95.43 97.40 94.07 94.76
FSCNet [123] 28.8M 166.1G 100 95.56 97.51 93.03 94.76
UPetu [124] 87.7TM >322.2G 99.05 96.29 97.06 92.13 93.79
MBENet [3] 23.9M 108.5G 99.81 96.00 98.54 92.50 95.58
FENet [2] 23.9M 92.0G 99.86 96.45 98.60 92.91 95.39
* LSKNet-T 4.3M 19.2G 99.81 96.80 98.14 94.07 95.75
* LSKNet-S 14.4M 54.4G 99.81 97.05 98.22 94.27 95.83
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UCM & — A e /N B 4, (L&
2,100 FKEGAT 21 AZ5], FAEBIAE 100 BKiE
%, FiaEBEIR TR 256 x 256,

AID {345 10,000 5K E5, 434 30 4251, B
A BB RS R 600 x 600,

NWPU & — /N 8K 5cis 48,
31,500 KRR 45 A2, FAZEBIA 700 HKiE
%, FiaEBEIR TR 256 x 256,

LR IR R TARR W7k (L, 5, 120,
122], ARSCHEFLASPRIESE EJEFTSE8:, B UCM-
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4.1.2 4pRGER

F AR T AR LI AR 43 R A5 0 . A SR
Jird th ) LSKNets 5 HAth 22 Fpfm il (18 85
ST T TR (AR A
B35 (4 MBENet [3] Fil FENet (2] #i454F
BER) BT DLT , A8 SCHE A Ji A LSK Net-
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% 5: 1£ DOTA-v1.0 Hfiide b5 iR et Bl g,

Jil EMA #44 [126].

RN Z REE AR, *

S HEIREM,

i) ‘Pre.‘mAPT‘ #Pl ‘FLOPsi‘ PL BD BR GTF SV LV SH TC BC ST SBF RA HA sSp HC
P

R3Det [9] IN | 76.47 | 41.9M | 336G [89.80 83.77 48.11 66.77 78.76 83.27 87.84 90.82 85.38 85.51 65.57 62.68 67.53 78.56 72.62
CFA [127] IN | 76.67 89.08 83.20 54.37 66.87 81.23 80.96 87.17 90.21 84.32 86.09 52.34 69.94 75.52 80.76 67.96
DAFNe [128] IN | 76.95 89.40 86.27 53.70 60.51 82.04 81.17 88.66 90.37 83.81 87.27 53.93 69.38 75.61 81.26 70.86
SASM [129] IN | 79.17 89.54 85.94 57.73 78.41 79.78 84.19 89.25 90.87 58.80 87.27 63.82 67.81 78.67 79.35 69.37
AO2-DETR [130]| IN | 79.22 | 74.3M | 304G [89.95 84.52 56.90 74.83 80.86 83.47 88.47 90.87 86.12 88.55 63.21 65.09 79.09 82.88 73.46
S2 ANet [53] IN | 79.42 88.89 83.60 57.74 81.95 79.94 83.19 89.11 90.78 84.87 87.81 70.30 68.25 78.30 77.01 69.58
R3Det-GWD [10]| IN | 80.23 | 41.9M | 336G [89.66 84.99 59.26 82.19 78.97 84.83 87.70 90.21 86.54 86.85 73.47 67.77 76.92 79.22 74.92
RTMDet-R [126] | IN | 80.54 | 52.3M | 205G [88.36 84.96 57.33 80.46 80.58 84.88 88.08 90.90 86.32 87.57 69.29 70.61 78.63 80.97 79.24
R3Det-KLD [55] | IN | 80.63 | 41.9M | 336G [89.92 85.13 59.19 81.33 78.82 84.38 87.50 89.80 87.33 87.00 72.57 71.35 77.12 79.34 78.68
RTMDet-R [126] | CO | 81.33 | 52.3M | 205G [88.01 86.17 58.54 82.44 81.30 84.82 88.71 90.89 88.77 87.37 71.96 71.18 81.23 81.40 77.13
AL

SCRDet [131] IN | 72.61 89.98 80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21
ViTDet [132] IN | 74.41 [103.2M| 502G [88.38 75.86 52.24 74.42 78.52 83.22 88.47 90.86 77.18 86.98 48.95 62.77 76.66 72.97 57.48
Rol Trans. [52] IN | 74.61 | 55.1M | 200G [88.65 82.60 52.53 70.87 77.93 76.67 86.87 90.71 83.83 82.51 53.95 67.61 74.67 68.75 61.03
G.V. [12] IN | 75.02 | 41.1M | 198G [89.64 85.00 52.26 77.34 73.01 73.14 86.82 90.74 79.02 86.81 59.55 70.91 72.94 70.86 57.32
CenterMap [133] | IN | 76.03 | 41.1M | 198G [89.83 84.41 54.60 70.25 77.66 78.32 87.19 90.66 84.89 85.27 56.46 69.23 74.13 71.56 66.06
CSL [134] IN | 76.17 | 37.4M | 236G [90.25 85.53 54.64 75.31 70.44 73.51 77.62 90.84 86.15 86.69 69.60 68.04 73.83 71.10 68.93
ReDet [8] IN | 80.10 88.81 82.48 60.83 80.82 78.34 86.06 88.31 90.87 88.77 87.03 68.65 66.90 79.26 79.71 74.67
DODet [135] IN | 80.62 89.96 85.52 58.01 81.22 78.71 85.46 88.59 90.89 87.12 87.80 70.50 71.54 82.06 77.43 74.47
AOPG [136] IN | 80.66 - 89.88 85.57 60.90 81.51 78.70 85.29 88.85 90.89 87.60 87.65 71.66 68.69 82.31 77.32 73.10
O-RCNN [11] IN | 80.87 | 41.1M | 199G [89.84 85.43 61.09 79.82 79.71 85.35 88.82 90.88 86.68 87.73 72.21 70.80 82.42 78.18 74.11
KFloU [137] IN | 80.93 | 58.8M | 206G [89.44 84.41 62.22 82.51 80.10 86.07 88.68 90.90 87.32 88.38 72.80 71.95 78.96 74.95 75.27
RVSA [6] MA | 81.24 [114.4M| 414G |88.97 85.76 61.46 81.27 79.98 85.31 88.30 90.84 85.06 87.50 66.77 73.11 84.75 81.88 77.58
* LSKNet-T IN | 81.37 ([21.0M| 124G [89.14 84.90 61.78 83.50 81.54 85.87 88.64 90.89 88.02 87.31 71.55 70.74 78.66 79.81 78.16
x LSKNet-S IN | 81.64 | 31.0M | 161G |[89.57 86.34 63.13 83.67 82.20 86.10 88.66 90.89 88.41 87.42 71.72 69.58 78.88 81.77 76.52
x LSKNet-S* IN | 81.85|31.0M | 161G [89.69 85.70 61.47 83.23 81.37 86.05 88.64 90.88 88.49 87.40 71.67 71.35 79.19 81.77 80.86

# 6: /£ FATIRIM-v1.0 $fiaf F 5ot B L

* ZERE I H FAIRIM i8530 [38].

g |G. V. [12]|RetinaNet* [138] | C-RONN* [139]| F-RONN* [140]|Rol Trans.* [52]| O-RCNN [11]| LSKNet-T| LSKNet-S

mAP (%)

29.92 ‘

30.67

31.
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% 7 £ HRSC2016 ¥#ladk b5 e A AL )
H# . mAP (07/12): VOC 2007 [142]/2012 [143]

IS

A Pre. mAP(07) mAP(12) #P FLOPs
DRN [54] IN - 92.70

CenterMap [133] IN - 92.80 41.1M 198G
Rol Trans. [52] IN 86.20 - 55.1M 200G
G. V. [12] IN  88.20 - 41.1M 198G
R3Det [9] IN  89.26 96.01  41.9M 336G
DAL [141] IN  89.77 - 36.4M 216G
GWD [10] IN  89.85 97.37  47.4M 456G
S?ANet [53] IN  90.17 95.01  38.6M 198G
AOPG [136] IN  90.34 96.22

ReDet [8] IN  90.46 97.63  31.6M
O-RCNN [11] IN  90.50 97.60  41.1M 199G
RTMDet [126] CO  90.60 97.10  52.3M 205G
% LSKNet-T IN  90.54 98.13 21.0M 124G

* LSKNet-S IN 90.65 98.46 31.0M 161G

N IREZ B ZBARRAE 7T AARFEZE], 535
A A220. A320/321, A330. ARJ21. Boeing737.
Boeing787 FIHAt. Ffudh 3,489 skl LK A
879 HKIMIK R, BT 16,463 4> KHLILHI

4.2.2 KngsR

TEE ) H ARk i se s, 5 R v
BEFIRICR,, AN CERAKE LSKNets 4 7E Oriented
RCNN [11] HEZE .

DOTA-v1.0 $idhsi g, 4 0 LSKNet
5 20 Fhuig ek ) A E DOTA-v1.0 Fdfsse bk
TT 8, g5 n3k R . 430 1% LSKNet-
T.LSKNet-S fl LSKNet-S* 4351555 T 81.37%.
81.64% HI 81.85% Wil mAP. {HIFERAE,
PEREAL S LSKNet-S 784 RTX3090 GPU |-
AEFE 1024x1024 EURES, HEREEE T IA 18.1 FPS,

HRSC2016 %4l 458 . A< 3 HRSC2016
B EIEAL T LSKNet 5 12 Fh ot )&M)
PERE. % TS REN], AU LSKNet-S
1 PASCAL VOC 2007 [142] F1 VOC 2012 [143]

BV T k3 T 90.65% F1 98.46% [ mAP,
T B HAb ¥ .

#¢ 8: SAR-Aircraft £ ) mAP g55%,

RetinaNet [138] 2x #P mAP;; mAP;5
ResNet-50 [144] 25.6M 0.469 0.324
PVT-Tiny [78] 13.2M 0.498 0.335
Res2Net-50 [145] 25.7M 0.528 0.339
Swin-T [102] 28.3M  0.586 0.346
ConvNeXt V2-N [146] 15.0M 0.589 0.350
VAN-B1 [89] 13.4M 0.603 0.375
* LSKNet-T 4.3M 0.582 0.354
* LSKNet-S 14.4M 0.624 0.387

Cascade Mask RCNN [147] 2x | #P mAPs;y mAP5

ResNet-50 [144] 25.6M  0.483 0.339
PVT-Tiny [78] 13.2M  0.502 0.344
Res2Net-50 [145] 25.7M  0.544 0.372
ConvNeXt V2-N [146] 15.0M  0.581 0.428
Swin-T [102] 28.3M  0.596 0.416
VAN-B1 [89] 13.4M  0.604 0.457
* LSKNet-T 4.3M  0.586 0.435
* LSKNet-S 14.4M  0.614  0.458

FATRIM-v1.0 %l 858 . A 30K LSKNet
5HAh 6 FEIAE FAIRIM-v1.0 £ 45 F T
T, SR 6. GERE, AR
LSKNet-T Fi1 LSKNet-S @, 451553 T
46.93% T 47.87% Wil mAP 154, WA
T AR T A A AR A R T S DA A
k.

SAR-Aircraft Bl g0 . A SCEAL T
P2 i1 LSKNets 5 5 Flui Jedb i) & T M 4575 Cas-
cade Mask RCNN [147] il RetinaNet [138] #:
RN RPERE . 4R 8FT/R, T LRI AL
P2 LSKNets 71 SAR H bpia AL 55 shg fit 17
2 HLSL B I e Gt .

SERHT. FEHE B, (R G ViT
BT MR ViTDet HA HKWTHHEEZE (M
o LSKNet-T & 4.0 £ FLOPs) FI55 KA
RURAL (AHEL LSKNet-T £ 4.9 f5192%0), (HLE
DOTA-v1.0 B4 1% B bt AT 55 R IA .
J—MET VIT AR RVSA, DA VITAE
JERE, B A T2 RIER YR e E, A



A R RRAE 7 T R s VIT BT M 4% B A
. R RVSA RURBE, (AR
K (M LSKNet-T £ 5.4 19550 AitEE
ZepEE (FHEL LSKNet-T & 3.3 {519 FLOPs) #Y)
W, SXPIRREET VIT ROARZLY Jo b g
f) LSKNet-T,

LSKNet FL# A IAE DOTA-v1.0 Hifla e b2
DIREMNZER L, /NBL AR (42.49%) ARG
(+3.59%) (% 5), PAK FAIRIM FdldE bR 2K
B RN UERERZEGLE, e XD (+2.08%) .
W (+6.53%) AFFRE (+6.11%) (Rhseptkbd
% S4) o X ELEERLPE— B IHIE T A SR 2R
I 1 R 2 WA R, HHIESE T TR A SR
BT A A R .

4.3 i sy
4.3.1 sy iEchite

TG F 95 BIFFFE R0 (13, 60], At
TE AR HE R B REAT PE AL R 0k i B2 Hh AR A
TERE B FUE S5 H AR - Potsdam [29], Vai-
hingen [30]. LoveDA [31]. UAVid [32] 1 GID [33]
AT TE

Potsdam [29] J&—/>& 70 PE i oy #1500
%, E 38 K HEREIR. Bl 6 i LS
A AFKRE. B B R, IR
FER—PEFEN ().

Vaihingen [30] [f]#i— > 2B E Lo
Bige, 33 Kim PEREIR AL, Hh SR
5 Potsdam #H[d].

LoveDA [31] @&—A~% R HIZ %0 B
S EREER , fE 5,987 5K 1024x1024 B R
PG Horr, 2522 50T, 1,669 3K T,
1,796 Gk TAELMEL. B S 7 ANE R
Wil BB B KR B R R AT S

UAVid [32] & —ANmar P B 441 T AL
(UAV) 5 U E1E S . 'BaLE 200 SKIZREE
70 RIS UEEMEFN 150 SRAEL MR G . ZEdEE

10

4 9: Potsdam M4 _F )& m LR 455 . OA:

SRS
] mF11+ OA1 mIOU 1
ERFNet [149] 85.8 84.5 76.2
DABNet [150] 88.3 86.7 79.6
BiSeNet [151] 89.8 88.2 81.7
EaNet [15] 90.6 88.7 83.4
MARESU-Net [61] 90.5 89.0 83.9
DANet [14] 88.9 89.1 80.3
SwiftNet [152] 91.0 89.3 83.8
FANet [16] 91.3 89.8 84.2
ShelfNet [153] 91.3 89.9 84.4
ABCNet [17] 92.7 91.3 86.5
Segmenter [154] 89.2 88.7 80.7
BANet [60] 92.5 91.0 86.3
SwinUperNet [102] 92.2 90.9 85.8
UNetFormer [13] 92.8 91.3 86.8
* LSKNet-T 92.9 91.7 86.7
* LSKNet-S 93.1 92.0 87.2

B8 MAFZBIAN: B5Y. B, WA, 4
B BEhZER . WA, N A.

GID [33] ¥dlde g — M EEa PR L s
o EERAE, HUHCRFEFE S (GSD) 2 4m, {4
150 3K 7,200x 6,800 R K1 KGR . FHR [148] 1)
T, AL GID R4 hkse T 15 5K
FisE LR, HA5 A BB 256x256 12 %,
A58 7,830 TKYIZREIBA 3,915 JKINKLE 4.
GBI TN ME SRR X, K. £
L B K ARFH A

4.3.2 syrghR

A ICAE Bk 5 A FOHE S B X BT R
LSKNet-T #1 LSKNet-S %1 15 % 43 #7142 1!
e KRB EAT T A B X T Potsdam,
Vaihingen ., LoveDA #1 UAVid #54E , BT UNet-
Former [13] HEZLHA 4 AME MR BE BLFFIE AT A,
LSKNet 8 %R . 3T GID $dladk,
AU SegFormer HESE S T 4 g+ N 4545
B, BAIME, AF507E Potsdam £k B5 14
AMBIPEAT T I (3% 9), FE Vaihingen ${#i4E
5 16 AMERLPET T IR (% 10), 7E LoveDA



# 10: Vaihingen {5 b1 e 5 45

] mF11+ OA 71 mIOU ¢t
PSPNet [155] 79.0 87.7 68.6
ERFNet [149] 78.9 85.8 69.1
DANet [14] 79.6 88.2 69.4
DABNet [150] 79.2 84.3 70.2
Segmenter [154] 84.1 88.1 73.6
BOTNet [156] 84.8 88.0 74.3
FANet [16] 85.4 88.9 75.6
BiSeNet [151] 84.3 87.1 75.8
DeepLabV3+ [157] 87.4 89.0

ShelfNet [153] 87.5 89.8 78.3
MARESU-Net [61] 87.7 90.1 78.6
EaNet [15] 87.7 89.7 78.7
SwiftNet [152] 88.3 90.2 79.6
ABCNet [17] 89.5 90.7 81.3
BANet [60] 89.6 90.5 81.4
UNetFormer [13] 90.4 91.0 82.7
* LSKNet-T 91.7 93.6 84.9
* LSKNet-S 91.8 93.6 85.1

B b5 13 MR T IR (£ 11) , 1E
UAVid #fiidk 115 16 AMBZHEAT T Hoe (3% 12),
1E GID $flide 115 6 BT M AT T HAe
(% 13) . [ERERME, A3CHEHH LSKNet-T
I LSKNet-S BIRUL (0, 7EpTA £ R
SR LR LI T A SR et A

4.4 ALk
4.4.1 ALK Btk 4

T AR AR B ST R A (68, 71, 176],
A SCHE DA WA A o B e 1 AT PR AL R Bk
ST 2 Hh A B A 18 R AR AR R AT 5 b A R
LEVIR-CD [34] fl S2Looking [35].

LEVIR-CD [34] f1 ¢ 637 %t H Google
Earth () U AH BB, & 5Kk BAR 09 R~
1024x1024 2, HiEPREEFEE (GSD) 2k 0.5 K.
BEARENRE T 31,333 oA

S2Looking [35] W A&EOGA T 2R 5,000
RS AH 5 2H A - 453 5K 5 R RS A 10241024
%2, GSD JEREI7E 0.5 & 0.8 KZ[H. ZEIHE

BT 65,920 D ICARL LA

11

4.4.2 BERMER

AR R I 5255, BT Changer [68] 4E
BEA A NG R vERE BT 5 A, LSKNet Bk
N BT IZHER 2 B, A LEVIR-CD I
S2Looking %4 4 b} T2 i 1) LSKNet-T F
LSKNet-S #8315 17 i s ad it 174
M. e 1425 RUESS, T Y LSKNet-
T F1 LSKNet-S AL 0, 6 A BaREN
FEENR (F1 A1 ToU) b3yl 7 H A f ety
Ik

4.5 {mta-Pr

AR A AE DOTA-v1.0 MHASE B 3EfT i)
THRLSE IR 45 . 4 DOTA-v1.0 FdnsEdt rin
MRFEETHAEE: &L, Bz
S HEA B PERAE S, 11 DOTA-v1.0 s
AL T ZHE B A1) B ARRIA SR T4 5
W, ARZ ] AR A AE A5 4 T U o vl e
T BE A X 5 SCHRE R O Y A A T IR AT A
TEH RIS, A TS SRR, ASCRAT
100 #e g FMEmilgatk] (% 15, 16, 17,
19. 18).

KMo iRt T8 R AZ B R 2 LSK AEHL)
AR AR SGEAE A 2 (1) R E RS
. 3% 15/ T 7EHIR RS2 B [ 52 o0 29 1% i
T, KR FRECR AT A ST SR .
FHH, R RAZ RN AR T 2 B K A% T DAFE
TR ARG 2 [ U5 AP, 72 FPS (480
W) M mAP (CFIAEEESIE) b T
FEPERE .

BKZ B R/ BT 3R 15 I gs R, &
SCRIRF AL it Py > R IR P TR B2 T 4 B
o R g . Mok, 2% 1658R, ob/haid R
() RZ BT ER 2 s LSKNet f1EGE, Wizl 23 1
JRAZ B R/ OIS 7 A e U e

SKNet FlIA Il 71 5% J) 3 £ R %01 LE &%
LSKNet 5 SKNet AP KEXH]. HE, A3
it PSR T A T3 A 4 i S B — ¥



# 11: LoveDA % 10 & LR .

[l mloU 1 R B et Kk Bt FEN & H
Segmenter [154] 47.1 38.0 50.7 48.7 77.4 13.3 43.5 58.2
SegFormer [158] 47.4 43.1 52.3 55.0 70.7 10.7 43.2 56.8
DeepLabV3+ [157] 47.6 43.0 50.9 52.0 74.4 10.4 44.2 58.5
UNet [159] 47.6 43.1 52.7 52.8 73.0 10.3 43.1 59.9
UNet++ [160] 48.2 42.9 52.6 52.8 74.5 11.4 44.4 58.8
SemanticFPN [161] 48.2 42.9 51.5 53.4 74.7 11.2 44.6 58.7
FarSeg [162] 48.2 43.1 51.5 53.9 76.6 9.8 43.3 58.9
PSPNet [155] 48.3 44.4 52.1 53.5 76.5 9.7 441 57.9
FactSeg [163] 48.9 42.6 53.6 52.8 76.9 16.2 42.9 57.5
TransUNet [164] 48.9 43.0 56.1 53.7 78.0 9.3 44.9 56.9
BANet [60] 49.6 43.7 51.5 51.1 76.9 16.6 44.9 62.5
HRNet [165] 49.8 44.6 55.3 57.4 78.0 11.0 45.3 60.9
SwinUperNet, [102] 50.0 43.3 54.3 54.3 78.7 14.9 45.3 59.6
DC-Swin [166] 50.6 41.3 54.5 56.2 78.1 14.5 47.2 62.4
UNetFormer [13] 52.4 44.7 58.8 54.9 79.6 20.1 46.0 62.5
Hi-ResNet [167] 52.5 46.7 58.3 55.9 80.1 17.0 46.7 62.7
* LSKNet-T 53.2 46.4 59.5 57.1 79.9 21.8 46.6 61.4
* LSKNet-S 54.0 46.7 59.9 58.3  80.2  24.6 46.4 61.8
#é 12: UAVid 4R F e i U S 2R .
ot mloU 1 At B B FEA ik B Al AN
MSD [32] 57.0 57.0 79.8 74.0 74.5 55.9 62.9 32.1 19.7
CANet [168] 63.5 66.0 86.6 62.1 79.3 78.1 47.8 68.3 19.9
DANet [14] 60.6 64.9 85.9 77.9 78.3 61.5 59.6 47.4 9.1
SwiftNet [152] 61.1 64.1 85.3 61.5 78.3 76.4 51.1 62.1 15.7
BiSeNet [151] 61.5 64.7 85.7 61.1 78.3 77.3 48.6 63.4 17.5
MANet [61] 62.6 64.5 85.4 77.8 77.0 60.3 67.2 53.6 14.9
ABCNet [17] 63.8 67.4 86.4 81.2 79.9 63.1 69.8 48.4 13.9
Segmenter [154] 58.7 64.2 84.4 79.8 76.1 57.6 59.2 34.5 14.2
SegFormer [158] 66.0 66.6 86.3 80.1 79.6 62.3 72.5 52.5 28.5
BANet [60] 64.6 66.7 85.4 80.7 78.9 62.1 69.3 52.8 21.0
BOTNet [156] 63.2 64.5 84.9 78.6 77.4 60.5 65.8 51.9 22.4
CoaT [169] 65.8 69.0 88.5 80.0 79.3 62.0 70.0 59.1 18.9
UNetFormer [13] 67.8 68.4 87.4 81.5 80.2 63.5 73.6 56.4 31.0
* LSKNet-T 69.3 69.6 87.9 828  80.6 64.8 77.3 60.2 31.3
* LSKNet-S 70.0 69.6 84.8 82.9 80.9 655 76.8 64.9 31.8

=7
=}
T

KGR RIS, X5 RZHIA T
HITEWMEEART . M2, SKNet R T I
oo R, HRk, LSKNet fE23[M4E)% FH &
R A RRAR S, TJE SKNet 5 LSKNet-CS
Joe (P S TE AR JRE o K P R R 55 1T
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EWRIAE R, PR Rl TR o TR AR R 1]
AN H AR 2SR R AR A . BEAh, ARSCR PRA
o[ I A A [ R G G e R ) LSKNet 284
F 16 HSERATRERM, RIS T, EEE
JIEAE B BRI AE T o SR, T B 5 TR R



#¢ 13: GID 4R EAE & AR AR

ERREES mF11 OA1 mloU ¢
ConvNext-v2-N [146] 75.1 78.9 62.5
ResNet-50 [144] 75.3 80.0 64.1
Swin-T [102] 77.8 80.8 65.6
ResNest-50 [57] 79.7 80.3 67.2
VAN-S [89] 80.2 82.1 68.2
MSCAN-S [90] 80.4 81.4 68.4
* LSKNet-T 79.4 81.5 67.2
* LSKNet-S 83.2 82.3 69.6

THVEFE T B S AL AL X, Bk B
BB A FEA R A e T SKNet, LSKNet,
LSKNet-CS (i) FILSKNet-SCS (28
[F] R RS ) B

SRR PR, A SO T T S5 AR
A3 [ BRI i LR AL 238, AR N3 17FTR .
IR, AE LSK AR 23 [A] e B b o ] i fift
JH E5e A b A AT P35 b A T DATE AN 4 4 L )
0L RS S e

LSKNet i T 4 4 16 A ]k M HE 22 F 1
fie. HIUE T4 Y LSKNet B T % 2% 11 8
PERUA R, AR SCHE 22 e S T A 22 R 3P4 T
HyEgE, GIEPIREBAESE O-RCNN [11] Hl Rol
Transformer [52], PAK BARTESHEZR S?A-Net [53]
1 R3Det [9]. & 19 EIRER, 5 ResNet-18
FHM, ASCHEHY LSKNet-T 5 W 2% g 4t
THRIMPERE, FEHUER T 38% S EEA 50%
(1) FLOPs. X284 3™ 2 1 e th ) LSKNet 4
0 245 A FL I RE SR 308 FH PR AE

5 AR /BT R T T S Le 4k
AR SCARF LSKNet 5 9 FmiA 7Ty KA sl Bk v
BOE T M IEFT TR . s 18R, R
16 VIiT [41] F T M ViTDet [132] ZEFT LB
FERY b U e KR BORUBERI T A 2 i, (HAE
A4 R AR, £ S RMEEE R ER,
EAERA I AR BERE R H AR (anekig fE Tt
Bl) ERIJCHZE. XFEWL R EFCE B
Xof T B S e FEAR DL B T A A A L R
MEREWAT, AP A LSKNet fEiE &K H
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ENRERIER iEk NI K o SN < = R AN TR S p i 3V
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Horp, Lo 2N E HARER e EBEE. A, 2
AR @ FEPTA LSK BR b (A £ 30 14 6
M, D 52 LSKNet AL, N & LSK it
T ERBIECR . B BFTA Ji DARERE [ H
PRIAFHE (BESMH) maBRmM. B 6rhIH—fk
1 Re B R T A [ H AR ZE 50 B &5 i AR X L
TOCGER . SRR, AR ISHIA H AL A
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SIEEARLL, A2 SRR E Hog i
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% 14: LEVIR-CD 7l S2Looking $ifafe b-A2 s i s 5 Fe e s

o LEVIR-CD [34] S2Looking [35]

Bt Precision 1 Recall 1 F1 ¢t IoU 1 Precision 1 Recall 1 F1 1 IoU 1
FC-EF [63] 86.91 80.17 83.40 71.53 81.36 8.95 7.65 8.77
FC-Siam-Conc [63] 91.99 76.77 83.69 71.96 83.29 15.76 13.19 15.28
FC-Siam-Di [63] 89.53 83.31 86.31 75.92 68.27 18.52 13.54 17.05
STANet [34] 83.81 91.00 87.26 77.40 38.75 56.49 45.97 29.84
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% 15: Sp iR RGBS B RHER! FPS Al mAP
DM, BOBIRSZ RN 29, R RAUERL RN
PN TR JEE AT B A ARV AT DAY o JBE DR 82 777 T ik

4% 16: LSKNet CHEBEIHALIRAT RO, KELE
B NP TR 0 sg B R T8 . CS: il
e SS: asmlkE (ARSCTiik). AHEMHRA=

B EVERE (PRI A B2 B ), LSKNet iK 2| fefEPERE
(k, d) 7% RF Num. FPS mAP (%) (k1, d1) (k2, d2) Flow CS SS|RF FPS mAP

(29, 1) 29 1 18.6  80.66 (3,1) (5,2) Series - - |11 22.1 80.80

(5, 1) — (7, 4) 29 2 20.5 80.91 (5,1) (7,3) Series - - |23 21.7 80.94

(3,1) — (5,2) — (7,3) 29 3 19.2  80.77 (5,1) (7,4) Series - -[29 20.5 80.91

(7,1)  (9,4) Series - - |39 21.3 80.84

g TEATRETR N E RSB, X S (3,1) (5,1) Parallel v 5 23.3 80.19 (SKNet [59])
RN ) 4 (5,1) (7,3) Series v - |23 19.6 80.57 (LSKNet-CS)
75, PSR TASO R R 2), BRI H (5,1) (7,3) Series v v |23 18.6 80.82 (LSKNet-SCS)
FRIEHIT R )BTRS BAR B 2= R R K. (5,1) (7,3) Series - v |23 20.7 81.31 (LSKNet)

B PB4 SCHE— 2B A58 T LSKNet
R FEALE] . W H RS ¢, LSKNet-T 4544
Periindt 25 AA. (RIREERE — /IMEZERE)
TE LU :

AA. = |§\Alarger - é\—/Asmaller . (13)
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2 T0%. XSHIFMFT, HEERHH LA



GT

ResNet-50 S
ViTDet-B

LSKNet-S [

aiﬂ

(a) Robustness to obstacles

P 5: Eigen-CAM w[§ifk: ET ResNet-50. ViTDet 1 LSKNet-S 1) Oriented RCNN #& il HEZE

(b) Accurate Object Classification

=B =5

(¢) Accurate Object Localization

ES

SChE Y LSKNet SERSERLABERARR TR SUEE, e TR INAEST DL T R LE.

# 17 KTASR MK LSK At I KPP
WAL 2 PR ATBOPE I T I T . SRR,
(e IS (52 P g o A 7 3 ] BRAS A AR

Pooling
FPS mAP (%)
Max. Avg.
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#¢ 18: LSKNet-S LAl (KBS B skl A% / e PEPETE =) 4 T-MISAEE & H 3K (DOTA-v1.0),
5# (Vaihingen) FIEfLR:MN (LEVIR-CD) {E55 LERE: . TERUBCEMRIR AL T, A0

H#) LSKNet 153 T AL mAP,

K51 ] 4P Flops DOTA-v1.0 Vaihingen LEVIR-CD
BT M % mAP @50 @75 | F1 OA mloU| P. R. F1 IoU
FEERITY | ResNet-18 11.2M  38.1G | 50.54 79.27 55.33 | 90.15 92.62 82.47 | 92.97 90.61 91.77 84.80
ViTDet [132] 86.6M 394.9G | 45.60 74.41 49.39 | 81.01 83.74 54.91 | 80.72 90.59 85.37 74.48
ConvNeXt v2-N [146] 15.0M 51.2G | 52.91 80.81 58.58 | 89.13 92.15 81.17 | 93.12 89.73 91.39 84.15
% | Swin-T [102] 28.3M  91.1G | 51.54 80.81 56.71 | 90.74 93.01 83.40 | 93.04 90.25 91.63 84.55
B | MSCAN-S [90] 13.1M  45.0G | 52.52 81.12 57.92 | 91.16 93.04 84.10 | 93.39 91.14 92.25 85.62
VAN-B1 [89] 13.4M  52.7G | 52.69 81.15 58.11 | 91.30 93.12 84.41 | 93.31 91.20 92.24 85.60
vy ResNeSt-14 [57] 8.6M 57.9G | 49.79 79.51 53.41 | 90.31 92.84 82.72 | 92.47 90.38 91.41 84.18
| SCNet-18 [58] 14.0M  50.7G | 49.91 79.69 53.55 | 90.50 92.97 83.04 | 92.03 91.27 91.65 84.58
ﬂ%& DCN-Res50 [177] 26.2M 121.2G | 49.26 79.74 52.97 | 90.93 93.07 83.72 | 92.84 90.67 91.74 84.74
BRI | kNot-26 [59] 14.5M 585G | 51.53 80.67 56.51 | 90.83 93.01 83.56 | 93.09 91.09 92.08 85.32
A3 |+ LSKNet-S 14.4M 544G |53.32 81.48 58.83|91.81 93.61 85.12 |93.44 91.13 92.27 85.65
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Rol Trans. [52] 78.32 80.89 (+2'57) B11B12 B21 B22 B31B32B33B34B41B42
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RBD(et 9] ) 74.16 78.39 (+4.23) R . B 1 j 35 1 T BIRER j 4~ LSK
#P (backbone only 11.2M 4.3M (-62%) ~ — e
FLOPs (backbone only) | 38.1G 19.1G (-50%) B BRI EZRATE 2 BT SCHY
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