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Local-aware state-space model for remote sensing image super-resolution

Zhao Gongbo, Yu Ke, Wang Feng
School of Information Science and Technology, Fudan University, Shanghai, 200433, China

Abstract: Objective Remote sensing image super-resolution (RSISR) seeks to reconstruct high-resolution (HR) images
from low-resolution (LR) observations, thereby enhancing spatial detail while preserving structural integrity across large-
scale scenes.” Despite remarkable progress achieved by convolutional neural networks (CNNs) and Transformer-based
architectures, existing approaches still face an intrinsic trade-off between reconstruction fidelity and computational effi-
ciency. CNNs are adept at capturing fine-grained local textures but suffer from limited receptive fields, whereas Transform-
ers model long-range dependencies effectively but incur quadratic complexity, making them computationally expensive for
high-resolution remote-sensing imagery. The recently proposed Selective State Space Model (Mamba) introduces linear-

time sequence modeling with strong global dependency representation. However, when extended to vision tasks, Mamba
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exhibits several limitations, including unidirectional information flow, disrupted pixel ordering due to one-dimensional
unfolding, and weak local semantic integrity. These challenges motivate the design of an architecture that can jointly
enhance local detail representation and global spatial consistency under constrained computation. Method To this end, we
propose LAMA-SR (Local-Aware Mamba for Super-Resolution) , a novel state-space-based reconstruction framework tai-
lored for RSISR. Instead of embedding positional cues within the scanning module, LAMA-SR first imposes an explicit two-
dimensional rotary position embedding (RoPE-2D) on input feature maps to encode relative spatial relationships and inter-
pixel geometric dependencies across both axes. This design preserves structural continuity across neighboring regions and
mitigates spatial distortion caused by one-dimensional scanning. The position-enriched representation is subsequently pro-
cessed through a Two-Dimensional Selective Scan (SS2D) mechanism, enabling efficient long-range dependency modeling
with linear computational complexity. To enhance the model’ s capability in capturing fine-grained spatial structures, a
Multi-Scale Mixture-of-Experts (MoE) Local Information Aggregator is introduced prior to the Mamba module. The aggre-
gator partitions the input features into small-, medium-, and large-receptive-field branches, enabling adaptive extraction of
local patterns across different spatial scales. Unlike conventional MoK architectures that rely on explicit routing, a light-
weight channel-attention—based soft routing strategy is employed to dynamically modulate the contribution of each expert
according to the input content. This design allows the network to emphasize appropriate local receptive fields—favoring
small-scale experts for texture details while leveraging larger-scale experts for structural continuity—thereby enriching the
local representation quality and providing stronger inputs for subsequent state-space propagation. Collectively, these com-
ponents form a cooperative mechanism that unifies global modeling efficiency and local fidelity within a compact Mamba
backbone. Result Extensive experiments were conducted on four widely used benchmark datasets—UCMerced, RSSCN7,
AID, and WHU-RS19—under upscaling factors of X2, X3, and x4. Quantitative evaluations using peak signal-to-noise
ratio (PSNR) and structural similarity index (SSIM) demonstrate that LAMA-SR consistently outperforms representative
CNN-based and Transformer-based methods, as well as Mamba-based baselines. For instance, on the UCMerced dataset
with a X4 scale, LAMA-SR achieves 29. 26 dB PSNR with only 8. 10 M parameters and 20. 23 G FLOPs, surpassing Mam-
balR (20.42 M parameters, 79.70 G FLOPs) while maintaining superior image fidelity. Ablation studies further verify
that the joint incorporation of RoPE-2D and LIA yields complementary improvements—RoPE-2D enhances spatial coher-
ence and relative position modeling, whereas LIA strengthens texture recovery and channel selectivity. Visual and class-
wise analyses confirm that LAMA-SR achieves sharper object boundaries and more natural textures, especially in complex
landscapes such as airports, industrial areas, and vegetation regions, validating its robustness and generalization capability
across diverse remote-sensing scenarios. Conclusion In summary, LAMA-SR provides a state-space-based framework for
remote sensing image super-resolution that improves both reconstruction fidelity and computational efficiency. By promot-
ing more consistent spatial information propagation and targeted refinement of local structures, the model better preserves
neighborhood continuity and scene layout during reconstruction compared with conventional Mamba-style baselines.
Experiments on multiple benchmark datasets show that LAMA-SR yields sharper textures, clearer object boundaries, and a
more favorable accuracy—efficiency balance across different upscaling factors. These results indicate that state-space mod-
els can be adapted to high-resolution remote sensing imagery while maintaining fine-grained spatial semantics, offering a
stable and scalable direction for further research on lightweight super-resolution models. .

Key words: deep learning; super-resolution reconstruction; Mamba; position embedding; attention mechanism

858 W5 (Zhao 55, 2020) | K F 45 B (Ghaffarian 4%,
2018) 1 H Fr A6z I (Dong %5 ,2019) . 5 H AR KA
[a] , AR i KGR 5 , 8 R 25 5

12 JER U 5RR 40 ¥ % 1 7 (Remote Sensing Image K H B bs GE 3% 3SR AR L 5K Rl
Super-Resolution, RSISR) & 7£ M A 53 #t 36 2 Ji 15 ) P2 a U BT B B8 O R R g
R R B R s ) A AR A R, TSR T W AN R 25 PR 3% 532 0 0 A A 40 3 e 2R 5 MR 7 5 e

AT 55 an st 1IR3 (Helber 45, 2020)  HARKEIN R (Li%F,2024) ., X ffif5 RSISR AW i B A i3 43 £
© [ E R 24 UL

0 35

i1



B, FH, Tig
0 B E R B R0 B E R AR A = I

B 0 WA AR R RUBE 23 [ 4544 R L] — Sk, R RE
ANREHh & BB AR LE HARZSE# B AR 5%
FE A (Zhang 55 ,2018) o I, Anfar 7647 BRH58 Fl
T [ B S B R A I DR R 4 SR A R R, A Y
I E N AMZ SR A% O B2 ) (Liang 55, 2021) o

18455 77 1 BRI E F AR 2 2% (convolutional
neural network , CNN) (He 55,2016 ) £ 17 51 B4 19
43 PR F A (Dong 45, 20165 Kim 45, 20165 Lei %5,
2022;1i%,2022; Lim 25,2017 ; Wang 2 , 2022 ; Zhang
45,2018) X 48 CNN R M HAE T« 78 R B 4
BRI A Ty ] ELAT AR 5 ARG A R AR T, U HAE Gk
5255 R G i ARAE B A A (Lim 55, 2017) .
AT A Fe e R B« 5 B A2 B A 3 B 2 Jmy
(1), RIS 360 Ao 3 25 R X 4 185 | A28 ) A5 R, e AR e
KB BV I AR R 2 )R — B0 X R R eh
PPN G I 2548 75 5y W BB S 527, 191 T 3 i
W28 A5 I AR FH R SRRl A THIC i 17 DX 4 B A i B
(Zhang 55 ,2018) o Pt R4l 4K 5 45 FHME S AR ME W]
sy A J P 5 v A R A O 2R R DX s — 30
(Liang% ,2021) .

Transformer Z5F45 [ A B H {3 2 I HLH] 4 B 25
A AR ATHAE T —Fh i 209 42 5 A RE 77 (Vaswani
4,2017) . FERBATHERY b BT A EE IR
RURRA2 [A] B L2 21 ) 48l TR 3, bt A AR 5 S 3 218
BT E BB, TR S R W 25 A0
B S M D TG T 46 CNN J7 7% (Cai 55,2023 ; Lei
4% 2022 Liang 25,2021 ; Lu 25, 2022;; Xiao 25 ,2024) .
JUHE B DAL 2 2 Transformer 451438 13 73
DX 3 B ) RIS 7 1 38, SEB 16 R Rl S AR =K
() — SRR, [F B — R R TR IR
FEL, Ak, BRI IR S B TR HRRBE 2
ST 7 S iR VS Gyrp: b N 48 0. 3775 4 LN E SR R A
SRR R T D) PR L, 5 R A MR B AR R B
5t , I X 15 Transformer 2% RSISR J7 ik fE 1 1% 45 Al
o/ AL A ST S | b PR 2 I 45 5 R ME LA
HAEEE (WudE,2025)

Sy R AR KRR R e ) SRR 4 B, AR
ok DL YR 25 25 [H] B (state space model ,SSM) , G
HJE Mamba 4514, #51 A 3 i 2% G 3 B rhOf:
TR B A 5T 4 05 (Gu %5 ,2021) . Mamba i id
TR IR S A2 328 52 IR 5 T 8 1 A A, I B
BIRFEAE P K B L 2 RS A L AR

(Y9 4 Jay A P 28 5 BN R 2K (Gu 4, 2023) o XK
RSISR AR 1 — A7 BT BEFE AL « AN P 20 25 AR
AR JRITIRHE e , AN 58 OB A T 9 RO IR L
T2 A A ) T 114 4 Jag A 2 4 DR RUBE ) 45
(3 P . (H R T Mamba e 4] 02 M 31 HE A 3 5
R , BRI A BEAT = 7 PIRES
TR, AR LS A 55 ol B IR S AR R AR AT
G B —HE PP 51, PP HEDEIRZS . X
BRI IR 23 ] AR HE DG 2R, BUR) BB LAR 4135 (431
TN TH0 25 10 % G IR 1) 238 ST ) 7 i )
R R SRS (Jiang 45, 2025) o

BEXF Mamba 732 B 73 A JRIBR , AN [R5 T
VE NG M 5 1 0 48 5 B AU AR 45 7 1) G I
THUGHHRR BT — R B AR I
MambaFormerSR #2 5% 4 #1453 37  Transformer 1+ &
414335 Mamba 73 SOFATREG , 700 5193 JR AREC B
PRI G 3 DA 2 JRy — SOPE DR (Zhi %5
2024) o IZASHYRERLGF AR AT 518 5L fH 2 350
B FEEAEI AR UK T S AT RS O, A
H T 5 5 4L 5 . Efficient Mamba-Attention Net-
work EUVEEHOR i BEMS S5 2 RERER
fIE 42 HORE R o T 58 3R AR T O B b ) IX B, O AR
Mamba R 5% 1 Hh ik A 18 25 (8] 22 7 DLk K
FRARASE (Wu 55 ,2025) 0 HALHAE TAERFRITZ RS
24k J3E B[R] IR T 8 (R A T ) A f e
RN AFAE N AU s 21437 5 SO B A2 i), 2%
PEAL ] 25 F5 i 92 30 5, 3 R #8731 . MFEM
(multiscale frequency-enhanced mamba) 7E Mamba 3
TERGIAZ R AR5 U s A b, B4R Tt
IR 4 Jey 78 55 v AU BE I (Chen %5 ,2025) o %75
B REA RUGE AR 4 Jr— BT AR

fR TR, £ Mamba BEHAC TR AR S RE RS0
BRI 5 (8 22 ROBE 36 FRLUS AR5045 S 3N T 4540 B A% 1k
5 HEREAHH . Rep-Mamba | D\ 25 5] 25 449 R 45 1
K, Bt s RS T SSRGS BLE] , 7E 9
PR Bt & 253 A TR LA BRARIZ AT BUA (Jiang 55
2025) . ZJT AL T A - SR A R IR X R A
W iZ Je JU AT i BRSO S 5 H R B2 4 AR T
Mamba SN, AR MARAS |- A the — e AR T — 4k 4340
Hh s ] 56 ZR SR Y ) B

25 LT, A BT Mamba 138 8GH 70 HE 55
12 R TEAN[R) J2 T 2 T 7 A fg s 7, 1EL 3K 3k 4K

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

(Ours) FLOPs
LAMA-SR
29. 26 Rep-Mamba
MambalR 20
20,25 SwinIR .
) Mambaformer RCAN Q HAT
40
@ 29.24
°
24 60
G 29.23
a
80
29.13 T @ HauNet
100
% FeNet
28.95
0 10 20 @ 1‘7:%1.%8
S (M) 100

Pl BRI e PR RE X L
Fig. 1 Comparison of model complexity and reconstruction per-

formance

AN R A AR TR B B ST B AR S5
e HMEFRTFH R, Bk = —FhREAZ7E Mamba P #B[H]
I B — Ak 72 [] A 5 Jeg B T LART DR A 48— BIL
I AR SCHE S — b L T A ERE A At (RoPE-
2D) (Su %, 2024) 5 ¢ 4 J& & 45 B R & 4% (Local
Information Aggregator, LIA) ) Mamba 1% J&&# 73 #f
N SRS R NAN L PR L TS WE AN I
X EAF Bl Mamba B4 Ja i SR 5 i ¢ %
ZEA 5 [A), LIA BEAEHE A Mamba B LR S LXK
(Shazeer 2 ,2017) (Mixture of Experts, MoE) 45 ¥y B
32 N 2R A AN ) RUBE 1 Jry AR AR SRR B, o RN L
NFHEAZ I 18 X 73R 22 200 22/ |

Hh  RIEAZ B 14 A A0 SCHREIBURFALE , 74 H il
3 TR B AL (Hu 55, 2018) S BLR B B 7
B NIRRT 5 TR RS T A 2 N e 45 i 5 3 19 Jm) 7
2 o AL A 2 RO SRy A 5 i 2 3
Sk, N 2 1) Mamba ARZSAEREHE AL LR 4F1: T
S A ZRAE . B4R [, RoPE-2D 427+ T Mamba (f)
T s (B AR RE L LIA DU R R ) 3 L An] JE
AN JE (S ASE YRR A8 70 OR-ARp 2 M 52 2% J8E ¢ [) B SHe Jost
AT B S R A — B 1 PR, AR SCHY
J7ETE UCMerced x4 B4 10 224~ MLAYHE 43 B 3
WA BEAT T PSNR S KR 5 FLOPs X H . 5204,
SRR AR 1 R AE A S M AR
ST RSP A 2 3 PR IR S R 5T
B [, U T Y AT A UL R S RN T
HAEVERE SRR SRS I

AR FEETTHR A A E A

(DRI T —FPFLA RoPE-2D 50R 7525 ] g A5
1) 38 JER UG 53 7 v, N A4 J2 T H T+ Mamba 9 —
Y23 (A EATRE T 5

(2)HETIRA & REAIB 5 R i RS B
(LIA) , ZEOR TR 2 4% B 1) [R] B, 348 5 T A5 78 X6t
Yy ih % 5 80P R I R R 5

(3) BT T SN ST A 218 BER 4
IE T BT PR AR AR AE R B - Ry T ) A
M, i AL R R L RSISR 424 T —Fhn] 3 (1 it
YU

1 ARXFE

ATATHGA AR SCHE T Y 20 B (SROREZE , H:
H br 2 IR e A B g m o PR R . 2
26 F W =AY B TR Z R AR SR RS T
. Mamba #:3 (vision mamba blocks, VMBs) 4% fiY
TRZFHEFE I T 2%, DA SRR i, AT
PE— LSRR R R e ) AE R TP A I T = AN G
P R 5 B R A2 (LIA) JHESE 17 & 4% (RoPE)
VL B A o R 25 25 (R Bt (visual state space block,
VSSB) . &L BARN T RAE T b igd— A 4
1.1 ERIEZR

W 2 7 A SCHR ) 46 L Sy i B RS R
PRSI, F B S AU B R IR E IR R
TR 2 AR S IR i 3 FE R PR E . 0 45 11
AN — R HEREMGR 1, e RV, b HFI W
539 27 R Y 1 JE N B8 ), 3 478 RGB 1 1E 4L .
e BB ik — AR BE AT 73 B 4 P (depthwise
separable convolution, DWConv ) JZ 403, F F # BUIG
R R ZEE  IE R F = DWConU(I,‘R), i RIR A
Fge R"™VC DIK € 3R B i i 5t

TS P 2 R AIE B S 9% A — & B VMB (vision
mamba blocks) TR JZFFIESE . &4 VMB 43
% 24~ VML(Vision Mamba Layers) , 1 57 VML

T = AN G 2H /1 2H 1 : RoPE (LIA Fl VSSB. 1
P8 B E B S I G AR b, U RRIE A
()57 A5 5 AR5 AP NE RTE R LIA DU 2 S PR AR
KFR NG 38R _E R SCfF R 64, VSSBBEHL X
e K PR AR AR i s TR AR, S B 1 A% Y 4 Jm) R AR
FoR o HiA VMBS LAY VML Y 56 8 1T F i A

© h[E KR KL AR



B, FH, Tig
0 B E R B R0 B E R AR A = I

P
[
8 e
§ bk g
123 Iy
2 (&
MEMambati

(VMB)

MBSRSZE

R ERHEREY
IRERFEREN
BOEEE
MHEMambaE (VML)
I ERED

JCEAENN

TUEIER

a) MIGRZSZSEHR (VSSB)

-

b) MBBRFSZSAELR (VSSM)

A
C

©) ZHESERHAE (SS2D)

|

|

|

|

|

|

‘

|

! @ [E . |_
| reshapeEl
1o | B A
3 BEE
|

|

‘

|

|

|

|

|

|

‘

J
((a)VSSB;(b) VSSM;(b) SS2D)
K2 LAMA-SR 3 {RHELL
Fig. 2 Framework of the LAMA-SR
TR I = Upsample(Fy,.,) (s)

F™ = VSSB(LIA(F“'~" + PE)) (1)

TESS @ > VMB th &b it 7 VML AL P15 | &5 75

VMB K B W FH—~ DWConv JZ , LI HE— 2544k JRr 58

FRIEE R . B2, T IRERIIZRmia e v, M A S
VMB ()4 i i 5k 25 AT AR N -

F" = DWConp(F'™) + F'~" (2)
HA LFREAN VMB R VML SR, FiR R E
EHAT NIK A5 B A IR Z R R R F o BRE
FRIESR IS B AT B 25

F,=VMB,(...VMB,(F,))) (3)

SRIG R = AL 5 TR = R AL 38 e 3% T S AR N
AN
=)

Ffused =F,+F; (4)
e, M at FORFEEXT A 5 AR E R T
A B R RN

9 265 308 3w /NPT 5 23 B AR AR 5
TR, Z TR L1 A5 R RE A7 I 2, AT 2 7
BRGRE S ER R IR K sRBCE LA

1 & . )
L(9) = ?Zul}m - I3,

Horp o TR BRI S50, K IR R 1 B0 .
1.2 Z#HERD

RoPE fc ) A — 4 7 51 Bt e T 1), Hoaze o J8,
FER3E ok & A8 KR B0k R OR AL 8 S 5 (Su G
2024) o X TALE m AL AR A 0] 5, A7 GG AR
g LAE

(6)

f(%,.m)=R,,x%, (7)
b R, 2 A T 0 et 52 A R RO o A R
PEATS o ZAEREE SCATT

cosmf, —sinmb, 0 0 0 0
sinmf, cosmb, 0 0 0 0
0 0 cosmf, —sinmb, 0 0
R,, = 0 0 sinmf, cosmb, 0 0 (8)
0 0 0 0 cosmB,, —sinmb,,
0 0 0 0 sinmf,, cosmb,,

PABHA RS 0] 1) 425 ] i —> 0
BT TR, e 2 0, 78 SLANT

6, = 100007~V i e[ 1,.yd,u/2 1 (9)
Horbr i FIRIALEE RG] d IR AR SAERE . %

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

I8 AR [F] 1 1 A 4 B DA []) 1 3 e A 7 e s
AR 51 B 4 B Gt 8 40 07 B 9 67 B 25 57, T3 1y
R | 0L L T2 058 HDRLRE 7 B O &R
JRE 5% 5E M R, 7E 52 1) 13 Ta] o A v g
A BJEA 223 AR AR LA B R B St T— 1>
TR . AR S A EAREOE T
R,, =" (10)
B K A4 3 7 Sy 2 T8 v B Sl AE 7 D
B8, 3K B G 0 AU A 32 O R 0[] B RS ) s B
A% PR ARk A 2 ] BRI VR R AL
il e 3 s e e AR AL I B 1 SR bR B AR X o7
EY=|

H./&ho
—Fofr Ao P PEIAR P 5 G i Y AR 5 e
cosmf, —sinmb, 0 0
sinmf, cosm#, 0 0
0 0 cosnf, —sinnf,
R, ., = 0 0 sinnf, cosnb,
0 0 0 0
0 0 0 0

H T RoPE H—4E /750 2] — 4k Asbr 5 , S
(BRI R WK LA R VLR, N
P45 5 5L R —2E RoPE AH T B A7 AR fb i ], 75 22X
3 (9) By H BCR B BCOF- AR, A TiiA5 21 S8 S
R RE S

6, = 1007V j [1,....d,, /41 ~ (13)

4k RoPE fRIIE T A (Rl A 4E B2 735 > i)
FEAT B A5 15 R B A% W] N il 42 R i 5 A R Y &
[ OCF o HH T WG A8 4 73 IAVE FH T o Ry A, B A
TEPIYE B S Be R S PR Ry 25 B OC &R, b f TR
Pl —4EE 51 g | AR 2 [T (Heo 55 ,2024) .
1.3 EHEEREG:S

WK 3 peR  ASCHE T —FINE A L K (Mixture
of Experts, MOE) 3K 8y 1Y) Jmy #0457 B3R & %, T T7EHR
L% A Mamba BEHCZ 1 780 3 & HARG R F R,
AT R AR A 23 (RIS U AE JRy i L n] 485 4a) A5E 77 T 1)
A ERARREX e ROV 14 J ¥z 18 38 18 4
B I 43 = 4L { X5, XM, XY, A SRR /N R R
SRR R . BSR4 R A G R
B RK/ANR 3.5.7 M REER R, DA RAS A 23[R
&N B R A 1 5 SO

Zy = [y (XO)Zs = fos (X)Z5 = [, (XF) (14)

cosnf,

sinnf,

FRAE PRV —4E 7 91, O AR HE Y — G- 7 1 G
o BRI, X Fh 7V 25 5] AFAXS 28 8] 5C & YA — 2
PEo N T DX — ]8T, RoPE #5431 T — 4k %5 [H]
(Heo %5 ,2024) ., #E—4E RoPE ™, {7 & {5 5.3 i T
try ST e L IR U EPOE DA RSN E PN
AFRA T i R X — S B G, 7 A
PR3 () 48 B2 43 )it o s S7 1) T 2 A2 46t [l Bsf £
BA AR L B2

XF T HA P F R 1 B FRE B AR A
o] ft o, X RO (myn)o L, Z4E RoPE 172
TSl

(& man) = Ry, %0 (11)

R, R AR R X

(12)

e O O O O
S O O O

—sinnf,,

cosnb,,

51&55 MoE 25 #4846t 2. X 4% 1t (hard routing ) A~
[F) , 4% 48 J5 2538 % i 1 Top-k 25 B8 0T 48 % 45~ r
N R S (10671 o W b e = D LTINS 3 -2 A o 3
515

AR CZORN

PO TJ—o-5 P
T

ﬁ»%mz@ ﬁj

K xR O BBz
3 E I UK i 2 R R R B R A

Fig. 3 Multi-scale local information aggregator

TR 75 ZAT Y B B Y ROR R e R
SR ARAF W GRARUE R O B ey S ] —
2 ) 7 A [ i By /N RS2 B 23 S A AR
TR I8 B RS2 B 73 SCAERFES R S B, T B HCE
A B — JUE e A o) BRZ NEHAMSE R . M
FEZ B A SCAE LIA AP D8 V5 A 14 AR
Xt 25 R (3/5/7 B ) 73 S 7 S A I BEA T JNAY
Rl IROTCTT BN A b EE AT [ I [ %2 28 BT Ay 7

© h[E KR KL AR



B, FH, Tig
0 B E R B R0 B E R AR A = I

SR AL i 22 NOBE AR B RB RS IR N O
IO SR A SRR T B SR PR RS2 B TR B
AN 5 DT TE DR B et A 14 ] IR 54 51 38 1Y)
LRERE . BRI, 8 e xd i AR AR AT 4 )R 8
TR A3 i 5 il R
r=GAP(X) e R (15)
SR 8 2ok P A e P A 4 A R I T =4
NG SRTIBEE - VI &
[a’,a".a" ] = Sigmoid(W,p(W,r)) (16)
Hor GAP £ 7R 2 it AL AE L o e R 43 31 %t )i
AN R RUBE 2 R B E AL, o (+) K relu i1 PR
o BRI/ o R RS AR S [ 48 it
P37 $ 900350045 2 RUBE L 2 0 i H R4 7328 18 1o
A, B Jo U 3 T AR P IE iU 25 (0 R B P
Y = Concat(a®OZ,,d"OZ,,a"OZ,) (17)
3 o 3 T 9K B Y 22 ROBERRIE TSR AL
il R B R A f B A LT W s
1) F 38 e £ Jr) BB 252 B - AE J L AN k5
THESRIE AL BOAS RR S AR Al i A N 25 A Bhik G
0 RUEE 432 o X T SCHAR 5% X 3, B ALK o
T 5 /N RUBE T2 52 5 TR 540 i B R IXI, v L RR
JE 4 GNP ARG T B A X f R A BB A T 52T b Ak
PN [ AU Jmy AR 4544 o
2) 35 22 RURE Jay B AR A A8 ) <l i i Xl
G 2 R IRAZ B SR BE 8 BT 4 b R 4R7 10 2% 1% 24k
AR ER LT — Pk, $2 TR Je s [a] 1) ik fig
3) RS A AL R SR Bt LR IR R . 2t 2
ROBE R A 515 2N RRAE 7 R AR S GO A5 B & s
[ 540 b 5O 5 510E , MR ZE Mamba ALY K
FREPIRASARR ML T R YA

2 Rw5SH

2.1 HEESXRWIEE
2.1.1 FEsE

S VEA T 2 H 1 8 3 R O TR IR BE L AR SO
BT DA 72 i R 0 e R A A o sk BB 4R
£ 5 Z2 P ) 26 B RN 3 e AR A I = 43 R A &
18, Ry B G oy H SR R B 0 T 4 T ik
T

1) UCMerced (Yang % ,2010) : % B4 48 18114 5k

TR T 5 ]t o 0 £ ey ) R 5 e i A e
21 Ry i SRR, Bl )AL | T |
SRR R A 4 3 5 BRI AL 100 5K A
B BARFEG NGRS , 24675 1050 5K
PG, I ZRAR 1 20% Bt — A0 IR R IEAE

&1 ET UCMercedx4 I REFTEBISH, FLOPs, AfF S
ALK PSNR 3t Lk
Table 1 Comparison of parameters, FLOPs, memory
usage, and PSNR on UCMerced x4

T ZHE  FLOPs  PSNR  SSIM
FeNet 037M 144G 289975 0.7832
HAT 2062M 101.72G 292587 0.7957
HauNet 266 M 3895G 29.1298 0.7895
MambalR 2042M 7970 G 29.2550  0.7956
RCAN 1559 M 6525G  29.2500 0.7942
SwinIR 11.75M  51.33G 29.2556  0.7949
SR-Mambaformer ~ 9.52M  34.82G 29.2542  0.7933
Rep—Mamba 1645M  50.04G  29.2617 0.7964
Ours 8.10M  2023G 29.2695 0.7980

2) RSSCN7(Zou % ,2015) - £, 2 2800 5K 2 Jgk [&]
185 T RISy 5 R o R R T
X R X R A 4. RS R
400 5K EG, BUGCREE T AR 25 R SEET L LA
RaRR BRI 2R BT BRI 2 8] 43 BE 5l 400
X 400158 2 o IZEE ST 3500 43 S U R AE A
£ &AL 1400 KR

3) AID(Xia%§,2017) : 1% 10000 5K E 4, 14
KA A Google Earth, %5 [8] 73 HF 5k 600x600 14 % .
R AR 55 30 b Y R A AR LY s A
bel Lot S A AT AR . i 20% i R
PEMNALE | 6 4 80% FH TN L5, I B~ 2851 1y Il
SRAE TP BEALEER 5 5K EURAE IR IE4E

4) WHU-RS19(Dai %,2011) : Fi 1005 7K 43 ¥ %
“h 600x600 15 F BYATAA G 41 1, A 7 19 2 b ) 2
R A FENLY s 1 VDWE SRR TR AR AL %
B B = o BN 2R MR 5 R PEAS
Y PE R R R R T E A AN R iR T R
SRR . B T TR B B AR VA
2.1.2 LREE

LR B D B A HER (SRR S5 R = Fh
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xK2 AEFHELEUCMerced 1 RSSCN7 #iE & R MREEL 5
Table 2 PSNR and SSIM comparisons of different methods on the UCMerced and RSSCN7 datasets

) UCMerced UCMerced UCMerced RSSCN7 RSSCN7 RSSCN7
Methods Metric
X2 x3 x4 X2 X3 x4

PSNR 30.6585 27.3787 25.5859 29.3264 27.4110 26.2983
Bicubic

SSIM 0.8893 0.7811 0. 6892 0.7975 0.6952 0.6193

PSNR 35.8796 31.3746 28.9975 31.6946 29.5600 28.3596
FeNet

SSIM 0.9419 0.8592 0.7832 0.8282 0.7362 0.6741

PSNR 36.1224 31.7282 29.2500 31.8503 29.6913 28.2911
RCAN

SSIM 0.9440 0.8656 0.7942 0.8339 0.7419 0.6711

PSNR 36.0486 31.5285 29.1298 31.7428 29.6283 28.4546
HauNet

SSIM 0.9431 0. 8649 0.7895 0.8305 0.7401 0.6808

PSNR 36.1641 31.7632 29.2556 31.8216 29.6724 28.4485
SwinlR

SSIM 0.9449 0.8671 0.7949 0.8330 0.7422 0.6803

PSNR 36.1721 31.7704 29.2587 31.8627 29.7008 28.4886
HAT

SSIM 0.9451 0. 8671 0.7957 0.8340 0.7416 0. 6825

PSNR 36.1376 31.6984 29.2550 31.8545 29.6946 28.4930
MambalR

SSIM 0.9437 0. 8670 0.7956 0.8336 0.7431 0.6820

PSNR 36.1432 31.7321 29.2542 31.8487 29.6941 28.4832
SR—Mambaformer

SSIM 0.9443 0.8660 0.7933 0.8325 0.7419 0.6811

PSNR 36.1659 31.7787 29.2617 31.8743 29.7070 28.4993
Rep—Mamba

SSIM 0.9438 0.8669 0.7964 0.8333 0.7420 0.6813

PSNR 36.1750 31.7916 29.2695 31.9076 29.7068 28.5095
LAMA-SR(430)

SSIM 0.9450 0.8684 0.7980 0.8351 0.7436 0.6816

AR TR R AT % %2 x3 Flix4, I3 #1R (LR) E4
30T AR 1R 43 HER (HR) UG IR A T8 = IR A (B
KR YN ZRJE BRI I eI o) PR (R R
Rt o HE R EG, oM BB I (peak signal-to-noise
ratio, PSNR) (Gao 55 , 2009) 5 2% ¥4 AH L ¥4 48 %4
(structural similarity index, SSIM) (Wang 5 2004)
HEATVPAS | AT BEASTE 22 B30 5 AR A% 3 T X
AN TR YRR 3 B A T A T AT LU AR

FH Adam 116 %% (Kingma 5, 2014) I fdi B L1
R R BT AL B S EORE B, = 0.9 L K
B, =0.99. fEYIZrid b, W 1 7KF- EH L AL
e e SRR B SR EOR |, IR TR iz AL RE Iy . B
A SZ 5 FH T PyTorch AHEZRSC P, F-7E VU 5% NVIDIA

RTX 4090 GPU [izf7 . 7R 4 52 50 25 54y o 4t
BEALA I 2R = 0m BOF I E TS
2.2 Ftbikie

VAL BT B L TR TEVERE SRR ARAL T &
i > BRI R R, SR I T 2 M HAA R
PE 0y KR 2k A AU R 47 X [, £2 45 FeNet (feature
enhancement network) (Wang 45 2022) , HauNet
(hybrid attention based U-shaped network) (Wang 5 ,
2023) , MambalR (Mamba based image restoration)
(Guo 4§ , 2024) , RCAN (Zhang 4§ , 2018) , HAT
(hybrid attention Transformer) (Chen % , 2023) ,

SwinIR (image restoration using Swin Transformer )
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£3 AEFAEFEAID F1 WHU-RS19 £ 1B 5% _FRIMHRELLER
Table 3 Quantitative results of different models on AID and WHU-RS19 datasets

\ AID AID AID WHU-RS19 WHU-RS19 WHU-RS19
Methods Metric
X2 X3 x4 X2 X3 x4

PSNR 32.3762 29.0681 27.2769 30.0867 27.5652 26.0896
Bicubic

SSIM 0.9009 0.8033 0.7183 0.8401 0.7364 0.6543

PSNR 36.8855 32.7916 30.5350 31.9460 29.5212 28.0519
FeNet

SSIM 0.9440 0.8711 0.8033 0.8463 0.7611 0.6968

PSNR 37.0335 33.0194 30.5921 31.9359 29.5107 28.0713
RCAN

SSIM 0.9451 0.8761 0.8048 0.8470 0.7612 0.6978

PSNR 37.0055 32.9760 30.7812 31.9414 29.575 28.0749
HauNet

SSIM 0.9452 0.8751 0.8110 0.8475 0.7617 0.6979

PSNR 37.0807 33.0515 30.8544 31.9512 29.5305 28.0577
SwinIR

SSIM 0.9463 0.8774 0.8128 0.8480 0.7610 0.6972

PSNR 37.0904 33.0721 30.8229 31.9534 29.5437 28.0563
HAT

SSIM 0.9464 0.8780 0.8130 0.8481 0.7617 0.6977

PSNR 37.0605 33.0397 30.8059 31.9530 29.5310 28.0752
MambalR

SSIM 0.9456 0.8760 0.8113 0.8473 0.7615 0.6980

PSNR 37.0736 33.0587 30.8148 31.9502 29.5364 28.0693
SR—Mambaformer

SSIM 0.9453 0.8755 0.8107 0.8472 0.7613 0.6975

PSNR 37.0910 33.0679 30.8616 31.9531 29.5432 28.0778
Rep—Mamba

SSIM 0.9459 0.8765 0.8096 0.8478 0.7615 0.6977

PSNR 37.1002 33.0711 30.8652 31.9610 29.5583 28.0869
LAMA-SR(A<30)

SSIM 0.9466 0.8772 0.8143 0.8481 0.7621 0.6983

UCMerced =2

PSNR ISSIM

Bicubic

29.78/0.7672

SwinIR

32.15/0.7890

FeNet
31.56/0.7843

RCAN
31.57/0.7862

ANNRXRKRX

SR-Mambaformer

32.30/0.7878 32. 45/0 7892

STOLSTOLS
A ) ) A )

HauNet

31.56/0.7869

Rep-Mamba

32.42/0.7883

MambalR
32.03/0.7823

LAMA-SR
32.47/0.7893
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RSSCN7 x3 Bicubic FeNet
27.35/0.7110 29.10/0.7413

a

HauNet
29.13/0.7417

MambalR
29.27/0.7422

RCAN
29.13/0.7409

-
S

HR
PSNR / SSIM

SR-Mambaformer.
29.31/0.7424

SwinIR
29.30/0.7426

FeNet
26.32/0.6930

’.
| —

Bicubic
25.00/0.6719

LAMA-SR
29.39/0.7429

HAT
29.39/0.7430

Rep-Mamba
29.37/0.7425

-
-

HauNet
26.51/0.6945

MambalR
26.56/0.6941

RCAN
26.38/0.6933

£

SwinlR
26.62/0.6946

SR-Mambaformer
26.57/0.6942

WHU-RS18 x4

Bicubic
27.56/0.7152

FeNet
28.19/0.7300

SR-Mambaformer
28.35/0.7335

\o

HR
PSNR / SSIM

SwinIR
28.32/0.7340

[ 4

LAMA-SR
26.66/0.6955

HAT
26.65/0.6950

Rep-Mamba
26.62/0.6948

HauNet
28.28/0.7316

Rep-Mamba
28.35/0.7347

RCAN
28.19/0.7308

MambalR
28.29/0.7333

LAMA-SR
28.40/0.7350

HAT
28.32/0.7342

AT IEAE A RdR B L B ASE X L

Fig. 4  Visual comparisons of different methods on four datasets

(Liang 4§ , 2021) , MambaformerSR (A Light-
weight Model for
Resolution) (Zhi 4§ , 2024) , Rep-Mamba (re-

Remote-Sensing Image Super-

parameterization in vision mamba for lightweight
remote sensing image super-resolution) (Jiang 5§ ,
2025) .

14T UCMerced B4 4 x4 UK R 405
IS HCEE S FLOPs LKW I ) PSNR/SSIM. - A
SCHYJTEEAE PSNR LU =i 1 29. 2695 dB, [A]

FLOPs {4 20. 23G . 24Uk 8. 10M, 7E3AF SOTA 2
IR B ) S R AR ST RS . X HORE
SwinIR (51.33G) 5 MambalR (79. 70G) & 7E PSNR
R (4 B 29. 2556 5 29. 2550 dB) , {H I &=
I F T = 1 FeNet 5 HauNet Z5 42 B A KA PSNR
I3 B h 28.9975 5 29.1298 dB, ¥ K ik #] 2915
dB. TE SSIM f845 I, A SCHY 5 i B 0. 7980 (15
i H . SRS A SO I EE R B R AR
MIETER T, R 1 SR RS B2 -8R A A
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0 B E R B R0 B E R AR A = I

YA, AR SCHE DU A 32 TR B R 2 —UCMerced |
RSSCN7 . AID fil WHU-RS19 b ¥EAT T 4 A5 ,
6 ZATORAT R (x2 X3 Fl x4) , LAt BT 45 5 %
P RE S5z 4k BE 71 . 5K E & /N ) UCMerced Fll
RSSCN7 #H Ft , AID A1 WHU-RS19 43,5 55 K LB
st 5 Z R0 20 FeilH, WHU-RS19 H
TR VAL, BT A RLRLAE AID B8E4E Ll 2k
Ji , HEE WHU-RS19 _FiEArilat. AHCE R R
TER I AIER L, & 4 524 7 ZE A E e 4R AT
AN TR] D 246 2 1 XoF L AR 5 AL, Db 70 i S B 45 R .
3 S R Y Iy, AR SO ik e B A g H— 3
FIPEREZR I . 1E UCMerced F1 RSSCN7 i#84E I,
BERYAE T A R AR R T WG kA5 d5 i s H230 fe v
() PSNR 1 SSIM 734k, 7ET KB AID £l 4R
b RS AR SO RUAR H T HAT FT SwinlR 453 F
Transformer (145 ELA B W 50 /D g S 80 | (H AT HL
BT HATESRIMMERE. R, 5380 imi A
SCHEARLY HAT ALAYR B AR SCH) J5 78 PSNR A7
RE A 4, [EAER M, R LAMA-SR 5
MambalR . Rep-Mamba, SR-Mambaformer # % F
Mamba 4244 , fH7E PSNR 55 I, LAMA-SR 43 241
FHADIET Mamba JEA (RIRL, iF— 25 BIE T B
TR RO . AN FE T S O SR AR
WHU-RS19 $t#i 4 I+, LAMA-SR 7E x3 Fl x4 R A%
KBS T e 19 PSNR A1 SSIM, 2 B HAE I 21k
P or A Z A Hh a3z A e
2.3 iERbiAIE
2.3.1 Mamba block %5 &k

1 M 45 8 5 (Mamba Block 88 )Y E I,
ARSCHAE AT 5 RAE e h—iT B R E—E e
A7 =5 R . S S G A3 TR R R T R 43
HERFAR, U 255 1 SR 0 2 s b He )y =X )
25 UR S I 25 R AL AR I S80S FLOPs # K, JF
B E BT BAF 5 S M S 5 R AR SO TR
B LR, DA SEBR R TR 5] R
LR HRk, TS5 38 et &, RSISR AU 2L
F ARG LA LRI T8 % SRR 5 R R 2 A 1 3 2
P, T2 22 RO Ry s LMK &2 SO S5 T 401
ASCHE A FEAR KT E T RoPE-2D A
AR B AR T LIA 58 822 R R 3k 4 1 5%
G, IF 45 G Mamba i 17 42 Ja) MM A, (A5 B 4>
Block A 5 £ H.4¢ Jay k4 5t + 42 Jjy — 340 i P ) 2 3k

AN]SR Y B = ARV N 7
R EAE . T LRI A SO A TR
WENXT  FHATEAE A S PR, NEVIMA
B 6 I, AR R AR BE ) 1Y o | B R
Th s (B2 22 IR 2 A WL 4 328 Dl O 1 A 4005 KU
——EFELE /N s AR H B UCMerced I M RE
B SRR T7E RS SR 37 5 B A 1y ATD B3 4
BT HAF R o SRa R R T B AR
AR GEFARERZ ORI ALK =61EH
BRONTC &, DATE 85 g o o 55 1 H 030 4 2 () A S A
i,

—=— UCMerced x4
—e— AID x4

~
o

UCMerced x4
N
n

N
N
1

N
o

0 2 4 6 8 10 12 14
Mamba Block# &
5  Mamba block %f 1 fHE AR IR
Fig. 5 Effect of Mamba Block Number on Model Performance

2.3.2  AN[EMSEE Gdid vk X L

Sk 5 U AN [ 57 5 2 i S s 4SS 80 14 R 1 52 1)
AR SCAE A ) 9 28 2544 5 U1 SR L &R 7F UCMerced %X
P e B HEAT x2 S8 LI 2R B gt )y SR T &R
Xt LA . AR Rp A 7 B GRS 43 B R sinu-
soidal-1D .sinusoidal-2D #l1 RoPE-2D, SZ 56 %%

Rk 4 pron s 2R R, 5] A sinusoidal-1D
A5, AR T A A B G ) (B | P AR 50—
SEIRTE 5 24K sinusoidal-2D Zi BT, B0 ) PSNR

x4 AREMLEHRBTELER

Table 4 Comparison of different positional encoding

methods
Network PSNR
Baseline with sinusoidal=1D 36.0746
Baseline with sinusoidal-2D 36.1173
Baseline with RoPE-2D 36.1233
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E— 23, DR AE 5 s B — B AT 55 v MR
S L iE e ] IR VAN SN E A RS E NP
INA R (EAS B A2, RoPE-2D 4 i 7E AT A il &
R A R S, OIS T B R B PSNR. MR B
FHH A T RoPE-2D REfE JE BT & 4 Y25 A ER 5
TR AN FEAE A TAR e 1E 5% B G , 7 PR 25
Vi) — S50 AR v B 7 B A O T LA T
.

2.3.3 RoPE Il LIA B4 RE /Mt

T4l RoPE-2D 5 Irfi& Hi (% LIA B3 (194 3%
P, 7E JE 28 B R (% 3Lk B 23 51 4 i RoPE-2D Al
LIA, 47T T 25N AL

TE UCMerced 0455 x2 #0 HE K41 55 0914 @b
RN 5 PR, MAETHLAEA(36. 0539 dB) ,

Ground Truth

Baseline

PSNR \ SSIM
21.34

+ LIA

o

20.3110.9702 29.3710.9701
32.45

{51 A RoPE-2D Jii PSNR 7} & 36. 1233 dB, HZ
B AR A AE (7. 85M) , FLOPs {8 /i1 0. 01G, %
A 2R X (o7 A BB S AR AT T 4 3 50 25 ) 45 44
— M54 . {5 A LIA B} PSNR 27+ %
36. 1674 dB, [R] i S H0R 1 124 0. 25M . FLOPs 34 i1
29 2.83G, Ut £ R Rl (5 BLR & X ar L 5 0 4
R SR SR 3 L (R T A 32 i iy
Ko HE—HH, RoPE-2D 5 LIA 1Al FH B i
= PSNR (36. 1750 dB) , 1fi &1 #F FLOPs X ¥4 fin
0.01G, .7~ RoPE-2D. AT E Ky JL-F- JC S 84 (1) 5% 1t 14
5, N LIA 1) RS A R I s A iy 4 B S I
AT S 2B BN A2 2 B A 2 T i — 2B 4 T E
Jo i 5 A ] — 2k

+ RoPE-2D  + RoPE-2d + LIA

® e

29.42\0.9710 29.50\0.9718
27.69 30.72

K6 JrikIE A AT AL
Fig. 6  Visualization of LAMs

SV SIS A AR T SR AR A AL
SIAGCE it ) B2 . /R RoPE-2D A B gl
Mo A RN RE ) AHS LIA B85 & — 8Tt 1
BREAYTE vy o i R T v ) 3R B, 3X — s 1 35 4
[ PSNR 44551 BT Bk .

PE—2L s, S T AT AR F 56 UE RoPE-2D
55 LIA BORAERAE R K 5 25 [ 805 T /R T, A
SCHE UCMerced x4 B4R AT 12T R )A I 5]
(local attribution map, LAM) (Gu %5, 2021) A9 7] 4k
SrHT, W 6 R

LAM 25 5 EOU b 5 75 1 #5570 7 T Al 4R e IX 3
IR JT O T 8 i A AR 40 A Y ] B s e o AT AR

B, BEER AR B I PRI 1 PR A A, R A B
E I, F WO B SO BRI A R AL
A LIA BEH, U= PR iz BH S 5, A58 R A JER )
BT ) JR AR AR, {F PR T e = BB 0L B OC R AR
VR X IR B — 2 A 5 15| A RoPE-2D B, £
RUAEZS [ 254 13RI TSR B M 07 43 A, eSO

FE A BRAY I B2 47 5 M 7E RoPE-2D 5 LIA BX &
i EES T, W35 F R BUE ) P He R, LRE
PRAPHRG 0 1 2 ) SR A 0 TV 28 7 o 8 AL 5 Ry i
FRERAITHICL T A,

AR, BT LAM 2 19 37 HEs £k (Diffusion
Index, DI) XA [RIABE 50 A4 AR ik 2R 591 R 2R AT T Ak
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0 B E R B R0 B E R AR A = I

&5 7A [ RoPE-2D 5 LIA A&HIERELLE

Table 5 Performance comparison of different combinations of RoPE-2d and LIA

RoPE-2D X N
LIA X X
E21Gn 7.85M 7.85M
FLOPs 17.39 G 17.40 G
PSNR 36.0539 36.1233

Baseline
X V
J J

8.10 M 8.10M

20226 20236

36.1674 36.1750

S5 Won  E R TR ALY DI E IR 39. 72,
B TR 1 21, 34, R UI/EH A R, 4
R LR M E K FE M ABRZGFE . 456
PSNR 5 SSIM (¥ [A] 25 $2£ 7+ (29. 50 dB / 0. 9718) , iX
HE—LBUE T RoPE-2D 5 LIA ZES5 /AR FF 540715
YIRS T A S ]

ZE b LAM A #4k 5 DI 4545 34 M AT fie B 4
FAEDIE TR BETT A& B . RoPE-2D il i 5 AJiE
RS B A7 B A A i T 4 R)JERHT, LIA U)3 5 e
AR AEN RBAY R T R ERZ W P A1
FHAE AR LR 1 25 850 3 1 [R) Bsf, B 70 43 b F1) I
TNSCRFIE, DT SEEE T B R R Y A B

3 &

ARSCHE T —FEr R A T Mamba 2244 14 12
TR PR 45 8 0 1 3 ) 2% —LAMA-SR ., 1% 8 B0 7 Ve 4%
PERAS 23 8] 32 W 45 b 5] 5% 07 1 2 5 (RoPE-
2D) 5 JEag B AR AR (LIA) , RERE TE S AR 42 SRk
15 2 B [RL B 7 2501 B AR B B4 JR 3R 41 15 8, o
SEF DU A B 70 3 AR A 1) S IR 45 SRR B, RoPE-
2D RBAE AERRAEZS (] R g A S AR B
ol R 7 2 ) AR SO DK R T T A R L A AR
B R T LIA B o [ S N R T RRE R A
BILH , 5 190 2 76 4L X 38 0 26 38 T 784, TH 4% 5 4L
PRAE TN A K. Y U AR R, B AR
PSNR \SSIM 455 f 48 r_ ¥ USR8, 30 0F T
V7 B A Jm AR R A AL s TR R S o o — B
75 Tl A8 AN

BT LAM(Local Attribution Map ) 4 7 fift B PE 4>
BTk — 204 7 T AT ) M O A . AR T
BEAY 4L A RoPE-2D (AR A P R I Jre B o 4

WA 5 R N 5 1N LIA S5, iy X3 g 5
JE L RBMSAE S ) W LR SCRRIE . YRR &
fif FH B A RUAE A R oA b R e LR S
FACPE Y RRAE | 2 B 0 7 SRy 355 4 ey A A A =2 ] 52
WT BIF0YEA#T, 454 DI(Diffusion Index) $8 5 )
b2 AT UL, LAMA-SR 7ERHIE Y HGE B S5 15 BF)
FHALR Ty 1 YA F AL EL &, 2230 358 19 2 ] ¢
HXEABIRE ] o

JAE R B PR R S AT R T T A S
FRTL W ANAEAE— € R BR o LIA BEEAE & o) Bt
FALS T AT EAM TR 6 AR
— FE R s RoPE-2D (14037 & 4 i 7 A7 35 T 11 2 bR
B ST | X 52 2% L An] A2 46 5 3 KA 000 M A 37 5% 1 34
PEABR . AN, LAM 38 =2 R A T R iR AE 2 1
BRI 1, ¥ A 785348 s TR )2 0 SURRIE TR R OG &R R
Kl TARR i — 2B A & 4 5 R A AL ] 2
W R R HAE Z SR G 5 S I 18 RN Y
W7, DASE IR S A0 B 2 (AR T Y 4 HE S
R,
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