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Fig. 1 Scanning strategy in (a) the original Mamba model versus (b) the proposed parallel scanning strategy
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Fig. 2 Overall architecture and network structures of MS’M
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Fig. 3 Mamba module. (a) Architecture of the multi-scale perception parallel Mamba module; (b) Four scanning strategies of the Mamba module;

(c) Structure of the unidirectional selective scanning module
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PRVEM S RACEIEAE B AT PH , TR A I Z RE R
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:HcOnv(X{,kernel=(2j+1)),]‘:1’2’...]\]’ @)
Xmultiiscale = HConcat ([X(I)ut ’Xgut PR Xg,t ]) s (5)
K. XL, FRBEBUWANN kernel = (2j+1) I
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iy th AR R AR 4ERE C. 58%4 1% VSDSSB i B2 7] i ik

T,

Y = H x (Hspssm (HgiLy (Hpweony (Heony (X)), (6)
z2 = Hgy (Heony (X)) , (7
Xou = Heony (Y ®2) , ®)

K xow € RV EIR VSDSSB BRI ; @Fnis
TCERIBAERT; Heone () 1 Hpweon (1) 73R 1 1 58U
3x3 RER BB Haw () U3 Sigmoid Mk HIT
WO PR Hopssu() 2 5007 1) BE R B LR E SR 1

3.3 EMIES | SRBEFRMIEHIRR

P ggrh, FRIE RIS T K B AR E R
SAAIIREAS . FEGE TR RIS T A RO,
HR A BEALAZE S B BT . X T A,
— B (ME) SRR, T (O 22) IREE B HR:
FE, =B (WEE) FoR AN RIS . WGeit R,
BR—B A, B A = B AR S AT R AE R ELOCHEE
FH, PUHA] AR GE T AR 20 I 4% rh ARk PR AS F
SR, A FH— B TGk X 4 AT AR R 3 B 7] Jy 25
(FH Z BRI 0953 A o AIRBIRELME LA 56 3 RAE 52 2 AR
O, MARZE 2 TR RIS (A 1Y 40 A A R R Ak 2
o R TER RS X I, WG Z S R
WL RE Z W, W] A T R R O (R A A R
PR, AR R KRR 2T Bk, &It T
e AR 5 | 1) 38 T S A 9 BB (high-order moment
guided channel affinity modulation module, HMCAM) 4844,
HMCAM J5 Al & = AML0id: 1) R ESEHER G
2) M SRR G 3) WIAEBRME, K 4RRT
HMCAM HEARHMESE . R4 iRt i, HEgiita+
BB M, HAb S YR O SR, BRI

— B M= EX); WX T HARR R (k> 2),
g LR Mu(X) = E((X-EX))(k22), AL
HHRFORE UV A R SR G 5
GROY A MDA I O G B . BLARORL, B X R B
oM p BIA FREHLREAS, W i B SRS FEGE i HAM
B UM R FOR 2R i R, 0T 0T A
R

HAM(p) :Q'IHS(X)”2+Zak”MIz(X)“2 ; )

K. EX) RRHEA X WETE: M(X)=E(X-
E(X))) W XM ko ; 80K AT RGT
BEGHREGE; ace 0, 1) XN ALEZSH, H
TFHBEHEA EF SR K BRE, BB mEgit
SETIUAELE R B YRS s vk S, BB AR gE T
PR S BEE YOS I, Pk, R
WA —FR M, . B My 5 =B MAE s R
ik, o AR Ry RUSC | DT SE B4 30 AU B 501
HRCRZ A ERAT A . BB g iRl G 7k B TEff
Iz R R G HAMFEEMAERE R, JFRe A 2l
FAEIE P S5 HAB Y AR Ge R 5 B . BRI, SR
MGG, FIHEELEE N — 452
Ala Z A, B E RN RDYC ARE Fuamo
Wit PR G THERMGEOR, ST T ST R
fiE (M« My« M;) HiG W R G . e H—4> Sigmoid
PRICKE 13 =5 I R e 1T B R AR A B ok i B A R AR
PR G B H AR

4 LIGHER

41 LHFE
4.1.1 BARE VA

o VEAS T B 7 VA R RE L S0k ) B K
PG 4 3% 3R B 2 A T 1 28 T e B (W& 1)
UCMerced LandUse"" 5 AID™, FFrA &8 (HR)
147E MATLAB 3 it X = AR (1 745 1 LA R SRAE
AR LA BER (LR) FEAR

UCMerced LandUse 30405 21 2R LR #4037 5%
(e . KHL. HEERYE . E#EHAF), B 100 KEA,
32100 7K. EHRIF S 256 pixel x 256 pixel , %3 [ 73 B
N 0.3 m/pixel, BAFIZIIE W73 77K, HEHEE
Gy RN SMALE , I 53 MUINZRAE Tl 20% FEAYE
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Fig. 4 High-order moment guided channel affinity modulation module

1 FRATARBEENE

Table 1 Description of the experimental dataset

Dataset BB FHEL SR AL 23 ] 73383 /m &1 53983 [pixel
UCMerced LandUse 100 21 2100 0.3 256 x 256
AID ~300 30 10000 0.5 600 x 600
HHAIELE B, B8 TEBNENZA T, s . 52 FxT

AID N RS SRR , Wk A DA ST
MWEZREEEIR, T2 RATH2E. 055 5IE
%o EWREIAE 30 Mg . 10000 RS, B
@Y. . . FEXESMY . KRR
600 pixel X 600 pixel, =% [A] 73 HEK K 0.5 m/pixel . S
TransENet”™ (%153 7750, BEHLLEEL 80% HHi1E Ml 2k
R, HACHIASE . A, WEZRGsoh LM 5 5K
EGFEERHIELE (6 150 5K), DMREREE 344 .
4.1.2 PHEFEIR

AR G 53 B3 el T2 At FH A LA e L
(peak signal-to-noise ratio, PSNR) 1 45 #4 #H {6l 14 $5 %X
(structural similarity index measure, SSIM)"™" f & 4% &
AR IR, A R PR A R TE RGB 25 [H]
LTI

PSNR 1E R 1TAl EMR IR BB 1 AR bR, 2%
EUR N R Z IR R B2 5 o (R4 08 4 e )
PR E B BB Xor AR R 1Y 155 73 FER L EUR Xk
PSNR 7 SCANF

max(Xur)”
* o~ Xl
K maxXyr) £ 7n EIRAR R 1 i K Al BE BUME 5
1Xsk — Xurlls %% 75 ¥ )7 1% 2% (mean square error, MSE),
PSNR {idiiey, W] E g RR 5 B0 S IR 2 ) Y10 22
N, AR
SSIM H T 14 P4 il LR A 25 40 47 8. - 1y AH Bl 2

PSNR (Xsg, Xi) = 10-10 (10)

PR, $Rft T —ANH e g s AR R A,
AW

2- . +C)-(2- e+ C
SSIM(XSR,XHR):( zﬂSR élHR 1) (2 O-SR;-[R 5)
SR+I’1HR+C1)'(O-SR +O—HR+C2)

» (1)

AP pse g AR Xox F X BYIME; ogr Hl
OHR é}‘%ﬂ‘j/ﬁyﬁwﬁﬁ, O sR-HR ZEAN E/‘ijj}jf%, C,
C, W THEFFRER IEH 8. SSIM {HMy, FnmEd
FURAESS R 7 T R B . SSIM {H By, RoR
PR AELSF ORASr TR BB

WAt ik A PG A R R LR, 5
AT 5 ) BN R G B A LU (learned perceptual image
patch similarity, LPIPS)™ $§¥5 . tHIL TAAG AR RS L
5 (PSNR 4), LPIPS RERS BT 473 S R AR 58 RGT 1Y
BRI HAatR AN

LPIPS (Xsu, Xix) = ) wi-lfi(Xsw) — fi Ku)l; » (1)
L fOOFRRENR X TEM LIS [ R FEEUFRHE; L
SRR R A w SRR ERE2E S IR
B, A s I MR, ASCRABIIZE] VGG BAIE
RS IESR IR . LPIPS fRBRAG, Q3R A4 RAE A
BT EI R, B, ARSGERER TR
BERVZ IR HAT T o0 HT, RIS E . P s T
(FLOPs) Fliz 47 [|] . Hirfr, FLOPs % TH AR
48 pixel x 48 pixel [ EGITHEASH],
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4.1.3 LRIFFERSHEE

FPRTHERIPNZARE ST, ASCRAT T Bl s bR,
F34E 90° BEALTER: . BEHLACY BHAL Flaf B BEE . Soi
F PyTorch HEHRLSZ I 2R A4 H () MS™M A8, 1)1 2k
54 1E — A B £ NVIDIA GeForce GTX 4090 )
%55 %% EEf T, BERLGE S Kaiming #1364 77 3 43511
4, DUEEMRHE TR X2 x3 Fl x4 3 REG .,
fbes e AdamW" |, Z80E R B, = 0.9 F1 B, =0.999,
UG 2 2 BN 2x 1074, A1 4R 400 A T 101 s
Ao U, R BER (LR) BIHR B BEHLE 5T
48 pixel x 48 pixel [ E R HAE N A, LK/ (batch
size) BE N 16, FHNAYE 73 HES (HR) BIR R ARBE L
KIFFHE . 1EH DR A2 MS’G & 3 4
MS’B i, 78 MS'B 25/, B 1x1 HBRUZSN, HA
GRZ M EEHIRE R 48,
4.1.4 BEEH

FENZR B, SR FH P RRAS [R5 2% eR B InASCR FAE
Sk AR 2 H bR AR TS R 25 (R e AT ik . B
Sefdi i L1 ok sRECKIK S SR G EARANT, Hrg
FEASAS TR AR R 5 % 1 B S UG Z TR R R R 5+

Ll (XSR,XHR) = ”XSR _XHR”l P (13)

e Xo Il Xew 50 591 28 7% 5 A2 119068 20 R R B FL X
IO Y LS R A R B

SRIG, ST RSISR M % HAREMK A Z K0 s &
P, S/IMESIIR P A B R, X —H
PR, SIABET FET MR8 sREL, 1401k RS i D)
A E A S AR S UGS T R LSRR
Z [ A KA L A B

Lirr (Xsg, Xur) = |FFT (Xsp) = FFT(Xup)ll; » (14)
Krfr: FFT () Fon PR B kA8, B 623 0] B1HE
B R IE AR B AT

4.2 KWERSHH

4.2.1 EEST
VA MS'M B EERERBL, SEIRT 9 A4 TR

AARFRVER S PR E AT LR, AR EE
Bicubic, SRCNN'""'| FSRCNN"" | VDSR"™, LGCNet"",
DCM™ | HSENet" . TransENet™” Ll &2 ADAN", 7EixX
s, SRCNN, FSRCNN 5 VDSR & #)J2 4t %F H
SRIEMR T I 7 HE e B Y 5 17 LGCNet. DCM .
HSENet, TransENet A1 ADAN W& r 45304 |1 ] 32 J&
EIGEE H E r Pr e s Ry, LA T A A el FH 1k -
SEYOFE UCMerced LandUse £045 55 #1 ATD $04i 4 433
AT, WS ETPN S SR LR G L.
LR XT LIS B, i 25 RN B3R E I &
A, JFEG — BN RN T AT, S8
ARG IS BOHE B N = R OR [A]0OR AR (<2
X3, x4), £ 2% IR T A [F 5 % A UCMerced
LandUse $t#li4E L EAEVERE , efE2s R LR @A R
IR, AR R LLF R AR . MR R s T
MS’M TEFTA R REC T 38805 T fefivkfE, H PSNR
(HAE =P REE Bl Bk 7% ADAN #2555 1 0.06 dB.
0.12 dB A1 0.05 dB; 7& SSIM f&45 L4354 T ADAN
0.004. 0.003 F1 0.001 . AH%E T 3 H 46 1 0 A 7 7%
MS’M LUIHE /D [ S8 3k A5 17 B e 4 100 2 048 b Al
LA T HRCR , TEMERE SRR Z R SEEL T A Y
A

JpiE— AR T2 AL RE, ARSI N R |
Yt SR FET ) AID B4R DT T 9k, 4k 3
R, MSM TEIZEHRE L IRFERIUE S . B RO
3, MS™ 5 4R IR A ADAN B3k 2 ] (12
RE2EMEZ W R, HAARRUL, 78 <2 K &MF R, MSM
# PSNR / SSIM M\ ADAN 1) 36.93/0.9617 $2F+ 2 37.04 /
0.9617; £ x3 WA, 1 32.96/0.8890 271 % 33.12/
0.9004; £ HLBREIERY x4 1555, M 29.99/0.8177
FETH 2 30.08 /0.8203, X UELEHEFEA ], MSM 1A
[N BE ST 55 E DR R e e MU PERE L3, JRID R4
iz fLRE

SR A ST AT B AR [F] 3 S 2R AR 1 B UR
AR T A IRTE AID B4 30 K5 b &
XF x4 GEHAT 551 PSNR P, Al AEH, MS'M 7E44

% 2 42 UCMerced LandUse # 4% (x2. x3#42x4) L&) PSNR/SSIM £
Table 2 PSNR/SSIM results on the UCMerced LandUse dataset (X2, X3, and x4)

Scale Bicubic SRCNN FSRCNN VDSR

LGCNet

DCM HSENet TransENet ADAN Ours

2 30.76/0.8789 32.84/0.9152 33.18/0.9196 33.38/0.9220 33.48/0.9235 33.65/0.9274 34.22/0.9327 35.43/0.9355 35.62/0.9717 35.68/0.9758

3 27.46/0.7631 28.66/0.8038 29.09/0.8167 29.28/0.8232 29.28/0.8238 29.52/0.8349 30.00/0.8420 31.03/0.8526 31.10/0.8811 31.22/0.8845

4 25.65/0.6725 26.78/0.7219 26.93/0.7267 26.85/0.7317 27.02/0.7333 27.22/0.7528 27.73/0.7623 28.74/0.7694 28.84/0.8003 28.89/0.8128
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% 3 £ AID #4E% (x2. x3 F= x4) L9 PSNR/SSIM 2
Table 3 PSNR/SSIM results on the AID dataset (x2, x3, and x4)

Scale Bicubic SRCNN FSRCNN VDSR LGCNet DCM HSENet TransENet ADAN Ours

2 32.39/0.8906 34.49/0.9286 34.73/0.9331 35.05/0.9346 34.80/0.9320 35.21/0.9366 35.24/0.9368 35.28/0.9374 36.93/0.9617 37.02/0.9623
3 29.08/0.7863 30.55/0.8372 30.98/0.8401 31.15/0.8522 30.73/0.8417 31.31/0.8561 31.39/0.8572 31.45/0.8595 32.96/0.8889 33.12/0.9004

4 27.30/0.7036 28.40/0.7561 28.77/0.7729 28.99/0.7753 28.61/0.7626 29.17/0.7824 29.21/0.7850 29.38/0.7909 29.99/0.8177 30.08/0.8203

%4 AIDHZFEEFHKEATH x4 BFHEA LA 49-F 3 PSNR/AB
Table 4 Average PSNR for each category with an upscaling factor of x4 on the AID dataset/dB

Class Bicubic SRCNN LGCNet VDSR DCM HSENet TransENet ADAN Ours
Airport 27.03 28.17 28.39 28.82 28.99 29.03 29.23 29.31 29.34
Bareland 34.88 35.63 35.78 35.98 36.17 36.21 36.20 36.42 36.43
Baseball field 29.06 30.51 30.75 31.18 31.36 31.23 31.59 31.28 32.29
Beach 31.07 31.92 32.08 32.29 32.45 32.76 32.55 33.51 33.53
Bridge 28.98 30.41 30.67 31.19 31.39 31.30 31.63 30.83 30.84
Center 25.26 26.59 26.92 27.48 27.72 27.84 28.03 27.44 27.46
Church 22.15 23.41 23.68 24.12 24.29 24.39 24,51 24.62 24.67
Commercial 25.83 27.05 27.24 27.62 27.78 27.99 27.97 28.39 28.41
Dense residential 23.05 24.13 24.33 24.70 24.87 24.44 25.13 24.62 24.66
Desert 38.49 38.84 39.06 39.13 39.27 39.37 39.31 38.99 38.97
Farmland 32.30 33.48 33.77 34.20 34.42 33.90 34.58 34.19 34.23
Forest 27.39 28.15 28.20 28.36 28.47 38.31 28.56 28.37 28.35
Industrial 24.75 26.00 26.24 26.72 26.92 26.99 27.21 27.30 27.37
Meadow 32.06 32.57 32.65 32.77 32.88 32.74 32.94 33.30 33.32
Medium residential 26.09 27.37 27.63 28.06 28.25 28.11 28.45 26.94 26.97
Mountain 28.04 28.90 28.97 29.11 29.18 29.26 29.28 28.89 28.91
Park 26.23 27.25 27.37 27.69 27.82 28.23 28.01 28.11 28.12
Parking 22.33 24.01 24.40 25.21 25.74 26.17 26.40 26.01 26.09
Playground 27.27 28.72 29.04 29.62 29.92 31.18 30.30 32.00 31.98
Pond 28.94 29.85 30.00 30.26 30.39 30.40 30.53 30.33 30.35

Port 24.69 25.82 26.02 26.43 26.62 26.92 26.91 27.47 27.52
Railway station 26.31 27.55 27.76 28.19 28.38 28.47 28.61 28.42 28.47
Resort 25.98 27.12 27.32 27.71 27.88 27.99 28.08 27.66 27.69
River 29.61 30.48 30.60 30.82 3091 30.88 31.00 30.28 30.29
School 2491 26.13 26.34 26.78 26.94 27.51 27.22 27.52 27.59
Sparse residential 25.41 26.16 26.27 26.46 26.53 26.44 26.43 26.58 26.63
Square 26.75 28.13 28.39 2891 29.13 29.05 29.39 28.79 28.84
Stadium 24.81 26.10 26.37 26.88 27.10 27.28 27.41 28.01 28.08
Storage tanks 24.18 25.27 25.48 25.86 26.00 26.07 26.20 26.80 26.85
Viaduct 25.86 27.03 27.26 27.74 27.93 28.12 28.21 28.01 28.11
AVG 27.30 28.40 28.61 28.99 29.17 29.21 29.38 29.99 30.08
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KEBGm b B BAS T ek, R m
ADAN T 250 rh R B, {H MS™M 7E34 & PSNR
EABLL0.09 dB LGS, B HAEAR R 5T
HAR A EEMRE . X~ THET MS™M 7855
SFIERHE . AT T WK LA S A% R G T G T Y
BRI, BT T RSH AR HE bR LPIPS #£47
DAY HT, HEUE IR SRR L SR B R . AR S
ATLAE H, MSM 7B — 8ok i R RE 8 00 T oA
M. BARMS, £ x2 FiE&H T, MSM /Y
LPIPS {H# HSENet F#fIX T 0.0016;5 7£x3 Flx4 a7,
i ADAN 435l — B4R T 0.0008 A1 0.0005, X it—
AR T BT HE T R B A B O e R A A IR B
AR e s frs, sk g h £k 5%
{GME L (PSNR) FEFRATAS UL S ADAN Bk 7% L
IHTe [l 5(a) R T PHFRBRALAE I hasd A b (1451 2 pRI 4
AEAE B T LIRSS, A SCRIE I RAE AR ISR
AP BT ADAN Sk, HURSH BBk, feigilk
SUEE L0 BACATR R, S RRE R, X
T MS'M LA TR IASCR Shoett, gt
FL 255 (] 5(b)) i — 20 B UE T A SCH L AR . ¢
PSNR F545 b, MS™ ik [ I 25 10 B B B Jre 0 4
v, H PSNR {HRZ G TX LA, I HBEE U2k ik
fr, MEREZEHE M B E ., &&, MSM BLAE THES
) PSNR UE{H, 33X 7053 UFE B T AR H8 i Je R4 o e o
WA ZRaTE, JoiR NI gl B riisl
PRI R R A B AR A, A SOt R — 2
LT ADAN &9,
4.2.2 SEHEST

AT RS MS™™ RS AR o R 5 R I ikt
TIXFEG, A SCEs Gl s g R I . 1415 2 8
JER TR T i R R AR . ST
MS’M FEARSE 1 Sl B S IR %, 41 8 i g
T WFER TR, BRmE, 72K 6 Frsteplh,
HSENet 5 TransENet 55 J5 72 i) iy 1 H 3R 8 Oh 52 0 2k
F, ADAN f5RUE E 14 [ 2850 AR, 1 MS*M E )

H 2225 R TR T AR, IRdedl B RMG, 3X — 22 ST RE TR
FXF LTy v A A PR AT 2R Ao AR B A BE A A g
W, FPESRE RS MSM i R S 1
M TE R R AR, B T RS IR0 AR TUAY
B RS TR T, 4RT TRMER A, K7
JE/R T <34 HUAEECT AL M AR . X ik
M DA AR A2 0 3 0 PR A AR s AL, T MSM AT fiE

HHAHEMATEE, FRLREL Y (N HEEARZ)
(S Dy TR . XA FIF4T Mamba #58
eIk 4x i 2 [ AR R IR R AR T . FEcH
PRERE 1 xA4R AT 55 b (5] 8L 5] 9), MS'M IR FF
TR TR . L A s SR A LM I 2 b
SRR R, T b i 3 R S [ R A A
JUTIE S, HE— B IAE T MS™M 76 &5 #4445 5 T 5948
B XA TAAIAEAL E 42 R RE T A FERI L, BIA
ZRZITRHER AN, ST 2R . SR Ry
TR AT, W FR T TSR AS ] RUBE R i A A

2ap
He /) o

4.3 HRRSEIE

eI MS'M BRI MERE, ASOTR T 2480
THRASCES, XA TTRRIEA TR AT o BRI AT T
ASCEGAITE AID BdE4E EIETT, YIZREEIE R 500 1€,
BRI %2,

4.3.1 BHPAEMMERR

HYGHIE MS™M AR & BEHL AT sk, AR ST A
AT (P-Mamba, MRFAM 5 HMCAM) f4 75 =
FERIEACE . TrulBl S, JEZRAITY t S50 A 2 1Y
BREMHHG Y, W 6 fizR, IR (A 0) MH L,
FIARET I THHIRME AT Mamba #E (P-Mamba, #R#AY
1) ffi PSNR #£7} 0.1 dB, SSIM 427} 0.0004., iZIEfREHT)
AP P-Mamba 11 42 Jy R fiF A5 B8 ) 5 48 =y 880
ML, ARKE T ES IR LS54 . 78 P-Mamba JEAt I
FIAZBEZ B RGHY (MRFAM), 45 MP-Mamba £
He (#5151 2) J5, PSNR 5 SSIM 43 7l ik — 2 7F 0.06 dB

%5 LPIPS 2R EH x2. x3#= x4 #) UCMerced LandUse # & & L o94
Table 5 LPIPS results on the UCMerced LandUse dataset with scaling factors of x2, x3, and x4

Scale Bicubic SRCNN FSRCNN VDSR LGCNet DCM HSENet TransENet ADAN Ours
2 0.0721 0.0444 0.0471 0.0287 0.0293 0.0284 0.0266 0.0279 0.0256 0.0250
3 0.1281 0.0945 0.1062 0.0801 0.0752 0.0698 0.0654 0.0649 0.0641 0.0633
4 0.1650 0.1260 0.1395 0.1102 0.1093 0.1046 0.1081 0.1030 0.1022 0.1017
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Fig. 5 Comparative analysis on the UCMerced Landuse dataset. (a) Loss function under a scaling factor of x3; (b) PSNR metric under a scaling factor of x2

Bicubic SRCNN FSRCNN VDSR LGCNet DCM HSENet TransENet ADAN Ours HR

B 6 %3 BE-FH x3 /& UCMerced Landuse # 3 % L #9050 i 48 £

Fig. 6 Visual comparison on the UCMerced Landuse dataset with a scaling factor of X3

Bicubic SRCNN FSRCNN VDSR LGCNet DCM HSENet TransENet ADAN Ours HR

B 7 %4 BT x3 14 UCMerced Landuse # 3% #9430 b 48 %

Fig. 7 Visual comparison on the UCMerced Landuse dataset with a scaling factor of X3

Bicubic SRCNN FSRCNN VDSR LGCNet DCM HSENet TransENet ADAN Ours HR

B 8 %% BE-FH x4 i+ UCMerced Landuse # 4 % L 69415 tb i 46 £

Fig. 8 Visual comparison on the UCMerced Landuse dataset with a scaling factor of x4
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Blcub|c SRCNN FSRCNN VDSR LGCNet
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B 9 %% E-FH x4 /& UCMerced Landuse # 3 % F 950 b 48 %

Fig. 9 Visual comparison on the UCMerced Landuse dataset with a scaling factor of x4

550.0004, MRFAM 3 ixf & A [] )RUBE 4 i) 25 ] A8 4k
FRIE, h i B UG o P i e it O 2 RUEE |
TIEE, R, 5P MS™ BB (R 3) AHE T3
LRAR, PSNR i 2 #2 7+ 0.21 dB, SSIM #2755 0.0014.
AR R, BEIRLERLG 22 RUE 23 (B ARRAE (9 Atk 1, 3
— A 2 AR B AR TARIERIERE S . I
SERFW, WU Z LG AR RS T,
¥IEB] T P-Mamba, MRFAM 5 HMCAM #5415 314
AR S A A R T T 55 T A B R M
4.3.2 EFIHTHABERE Mamba BB (P-Mamba) K

THRLAFSE

SRy 8 UE A SC BT 4 4 19 35 F AT 459 4 SR i 9 Mamba
i (P-Mamba) WA RNME, 4T T REMIHBSLE, 25
R 7 R, SCRVEWT LRI, AR SCEI IR T
RS AER IR RE SRR Z MBS T s i Py, B
RIS, SEEMERERRIEAA L, P-Mamba BIH7E
BIAIZHEE (4.03 M vs. 4.08 M) 51T E 44 (5.28 G vs.

5.12 G Flops) SEARFFHIEIL T, 76 AID $dla e IS
T BEREREETE (PSNR M 36.91 dB #£F+ % 37.02 dB,
SSIM M 0.9602 $2T+Z 0.9623), IXUEH T IFATHIH 5w
REAZE T O = 5 R AR 2 (A B, DA A B
FE RS, HEEANE, SUEERREHL,
MR g . DU A AR B R — 2 M

Redd s, HIHEIFEARM IS &, Flops fmiik 18.73 G,
JEARCTE (5.28 G) 1Y 3.5 A5 LA E o AT P-Mamba
B LMD 53 2 — TR A, 78 AID $idla e [ 50
T 5 Z 8 Y 5 ALY PERE (PSNR: 37.02 vs. 37.01,
SSIM: 0.9623 vs. 0.9621), [A]A}7E UCMerced LandUse %
P e LR T LSS 4 109 SSIM 8 4% (0.9758), X T
SRURE, ARSCER R B IFATAILE T G T AT e A
D7 e R TR Ay, A—Fp s i) O AR THRE &
FHECEA BT SUE B G B, MWIM7E R R 428
(1% [ri) B 398 588 P 4 42 JRy R Ry B A5 IR A R8RS . (R, A
SCI T P-Mamba REHA I A& T+ T IR iR IR A2 [

R 6 ASUATREAL S 09I Gk AT 50 4%

Table 6 Ablation study results of the proposed architectural modules

Model 0 Model 1 Model 2 Model 3 (Ours)
P-Mamba x v v v
MRFAM X X \ v
HMCAM x x x v
PSNR/dB 36.81 36.91 36.97 37.02
SSIM 0.9609 0.9613 0.9617 0.9623
% 7 P-Mamba A& 36974 akof 50 48 %
Table 7 Ablation study results of the P-Mamba
UCMerced LandUse AID
Methods # Parameters/M Flops/G
PSNR SSIM PSNR SSIM
PR ARG 4.08 5.12 36.31 0.9713 36.91 0.9602
VU ) 1 475 R (SSM) 4.11 18.73 36.66 0.9759 37.01 0.9621
Parallel-SSM 4.03 5.28 35.68 0.9758 37.02 0.9623
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(HMCAM) 5% UL %) 20 32 9 45 w5 FH ) 1 3 3 J7 BL )
HEAT LB . 72 8 (i =A78#8) /R T HMCAM 5 42t
i) SENet. ECANet 1 GCT #% %I 7 UCMerced LandUse
1 AID s 4E I 1 = R B8 (PSNR A1 SSIM) FI %)
AT (parameters A1 Flops). 485 % i 7k HMCAM #5571
LT HAF B PR e Iy, S TS H
BhFRy A RE . AR YL, HMCAM (U5 % GCT
R 59% [¥) Flops TR TR, HUS T H GCT B4y E 4k
PERE (75 AID Bi4E LHUSH T 0.03 dB (9405%), #—4
WEH] T A SO i HMCAM B A B vE AA vk . ot
Gh, R T AFERE G2 WA R, LR 4
HMCAM Al AN [ A AR Ge T T &, a4 — By
(M) ZBAE (ML), =BE (M), —BrdE R ZBrE
A (M) + My) o ARSCRBE, sbfl R R0 4 52
THEAR S FEURIR MR RR R NI, XYM S
SUBEHEARAE ) TR LE R N BE S SR BV A R
PE, DAL BE AR 4 i A R G HLAOR UL, AR
T g F 4R 403 &, HMCAM 7E UCMerced LandUse

e 4 ST 0.05 dB. 0.06 dB, 0.11 dB ¥
PSNR PEREFETE, Xt 7840 UF B T AR SO 4 o B A e 1
WA, AN, BE G ARRIE S T R Z,
M REAEAR R RN G AN R @ PRI AS BURAAE , (A PERE
WA HISE W H, (EAERAE, SIAZRCRR A
St A SRR Y SHCR AR R AE, T L
TCHELE BUAEAS ST AR

4.4 1SRG RE D

% 9 /R THE UCMerced LandUse $08E4E 41X} x2
JHRAT 2 1) 2R 53 BER 5 T i M B S5 1352 2= o #r
L5, FLOPs fE N AR50 2 24 B (0 G B AR, I
e TR AR T TR VR A R, HAE
KR FIBRI G PR FRE . NERTTLEE, MS'M
£ FLOPs $545 A T 2506 UARRL, R B BARAGH53
e, FEFREARE I, MS'M K% H, H PSNR 4
 LGCNet 271 7 2.2 dB, W& T HAL S H 8 Kak
SERTE AT R, X —Z5 IR MS'M ZETRRR
TR PR A R 2 (RSB T R, R S
T ADAN R HI B 347 22 32 BF I Mamba #LHI, %
B 3 AT A 22 RO RRE SR BUSS A%, A kil T A5
Xof 12 S PR A% P AS [) R 45 A IR B 7, ) e
TG P AT IR R BT ORI R Ay . LR SRR,

& 8 mMr4Es] 098 KA AFAR SR BRI LR

Table 8 Ablation study results of the high-order moment guided channel affinity modulation module

UCMerced LandUse AID
Methods Parameters/M Flops/G
PSNR SSIM PSNR SSIM
SENet 5.26 9.38 35.2 0.9750 36.96 0.9616
ECANet 431 9.02 35.63 0.9751 36.96 0.9617
GCT 4.11 8.87 35.67 0.9757 36.99 0.9622
M, 4.03 5.28 35.63 0.9751 36.97 0.9617
M, 4.03 5.28 35.62 0.9749 36.94 0.9615
M 4.03 5.28 35.57 0.9744 36.85 0.9610
M+ M, 4.03 5.28 35.66 0.9756 37.00 0.9620
M/ + M> + M3 (HMCAM) 4.03 5.28 35.68 0.9758 37.02 0.9623
k9 BEE Mo
Table 9 Model complexity analysis results
Methods LGCNet DCM HSENet TransENet ADAN MS’M (Ours)
Parameters/M 0.193 2.18 5.4 37.8 4.12 4,03
Flops/G 7.11 7.32 10.80 9.32 7.16 5.28
PSNR/dB 33.48 33.65 34.22 35.43 35.62 35.68

250304 (Page 14 of 18)


https://doi.org/10.12086/oee.2026.250304

M, 2. Ot T2, 2026, 53(4): 250304

https://doi.org/10.12086/0ee.2026.250304

AL By TR T AR, B REAE L E J2 1™ A
T, AR AR . L5 LR, MS'™ AR
I47 2182 HF Mamba ML, LA AITHRIFE S T
HARH D PR R SR, B T NSRS
FIREIRPEREZ MG R, BTS2 FRIASE T 18 K
BALPRAL T AR PR TT 5

5 BHESRE

AR SO — 22 RO TR G g IR A 28 ] AR
MS’M), HTFmERCelR R AR B PR Ed, &
FELE AR T W R AT 55 h B B e . TR SR
AJFAT Mamba B3, R 4341 2 07 10 IFAT A R m
FEARFFRAETT B % B 1 [R) i 38 5 B FHRRAE A 0K
PR 42 R S AR SRR AE s ok, X BEA Mamba
R 2 JA AR AT R R, 2 R Rz B R
AR, AREA AR RER E R SUE R, 3 X i
EUg b 2 RE Y BAsRIERE S e, T
WA S0 T SR A IR, W R4 T AR IE S
I R P R AR (9 B S UM, AT A SE BRI
PEALTWER AT SE Y RSIs, 7EZ21 RSSISR BRI 4R I
MSEE 2B, MS'™ FEANTT IR E Jy RIS, REAT AL
Ikl O S R TE SR BRI R, SR, M4l
REA B AT R o, M AT 9 U 37 B 1) 2t 16 & v 5K
BHRE, Aok TR RE TR, DfEghEse
Frsg s bt N o

& STk

Wiasil. Scsioit. B, ISR 5T, R3E: BT
WO, BSCIBY . BSCHAE; B, HaRf . RS
U aapie JEiiE LI i

FlEEhze
JI A A O M) £

S22 3Rk

1.  Vivone G, Deng L J, Deng S Q, et al. Deep learning in remote
sensing image fusion: methods, protocols, data, and future
perspectives[J]. |[EEE Geosci Remote Sens Mag, 2025, 13(1):
269-310.

2. Wu F, Chen J C, Yang J, et al. Remote-sensing images
reconstruction based on adaptive dual-domain attention network[J].
Opto-Electron Eng, 2025, 52(4): 240297.

SR, BRsEI, BfR, 5. SE T3S R RUSE B T 000 46 1Y e Rk PG
[J]. YGHL T, 2025, 52(4): 240297.

20.

Liu L F, Tong Z C, Cai Z C, et al. HierU-Net: a hierarchical semantic
segmentation method for land cover mapping[J]. /EEE Trans
Geosci Remote Sens, 2024, 62: 4404614.

Chen K'Y, Chen B W, Liu C Y, et al. RSMamba: remote sensing
image classification with state space model[J]. /EEE Geosci
Remote Sens Lett, 2024, 21: 8002605.

Xiao Z J, Zhang J H, Lin B H. Feature coordination and fine-grained
perception of small targets in remote sensing images[J]. Opfo-
Electron Eng, 2024, 51(6): 240066.

B IR, TR, M. RRAE DR 5 A0RLEE SR Y 1R IR R B Ak
M[J]. S T4, 2024, 51(6): 240066.

Sharifuzzaman Sagar A S M, Chen Y, Xie Y K, et al. MSA R-CNN:
a comprehensive approach to remote sensing object detection and
scene understanding[J]. Expert Syst Appl, 2024, 241: 122788.
Noman M, Fiaz M, Cholakkal H, et al. ELGC-Net: efficient
local-global context aggregation for remote sensing change
detection[J]. IEEE Trans Geosci Remote Sens, 2024, 62: 4701611.
Xiao Y, Yuan Q Q, Jiang K, et al. TTST: a top-K token selective
transformer for remote sensing image super-resolution[J]. /EEE
Trans Image Process, 2024, 33: 738-752.

Chen Y T, Xia R L, Yang K, et al. MICU: image super-resolution via
multi-level information compensation and U-Net[J]. Expert Syst Appl,
2024, 245: 123111.

Wu RY, Yang T, Sun L C, et al. SeeSR: towards semantics-aware
image super-resolution[C]//Proceedings of 2024
IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2024: 2545625467 .
https://doi.org/10.1109/CVPR52733.2024.02405.

Zhang J F, Tu Y J. SwinFR: combining SwinIR and fast Fourier for
super-resolution reconstruction of remote sensing images|[J]. Digital
Signal Process, 2025, 159: 105026.

Elad M, Datsenko D. Example-based regularization deployed to

real-world

super-resolution reconstruction of a single image[J]. Comput J, 2009,
52(1): 15-30.

Kim K I, Kwon Y. Single-image super-resolution using sparse
regression and natural image prior[J]. /EEE Trans Pattern Anal
Mach Intell, 2010, 32(6): 1127-1133.

Sun J, Sun J, Xu Z B, et al. Gradient profile prior and its
applications in image super-resolution and enhancement[J]. |IEEE
Trans Image Process, 2011, 20(6): 1529-1542.

Dong C, Loy C C, He K M, et al. Image super-resolution using deep
convolutional networks[J]. /EEE Trans Pattern Anal Mach Intell,
2016, 38(2): 295-307.

Wang Z Y, Li L L, Xue Y, et al. FeNet: feature enhancement
network for lightweight remote-sensing image super-resolution[J].
IEEE Trans Geosci Remote Sens, 2022, 60: 5622112.

Chen L, Liu H, Yang M H, et al. Remote sensing image super-
resolution via residual aggregation and split attentional fusion
network[J]. IEEE J Sel Top Appl Earth Obs Remote Sens, 2021, 14:
9546-9556.

Wang Z, Zhao Y W, Chen J C. Multi-scale fast Fourier transform
based attention network for remote-sensing image super-
resolution[J]. [EEE J Sel Top Appl Earth Obs Remote Sens, 2023, 16:
2728-2740.

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you
need[C])//Proceedings of the 31st International Conference on
Neural Information Processing Systems, 2017: 6000-6010.

Lei S, Shi Z W, Mo W J. Transformer-based multistage

250304 (Page 15 of 18)


https://doi.org/10.1109/MGRS.2024.3495516
https://doi.org/10.12086/oee.2025.240297
https://doi.org/10.12086/oee.2025.240297
https://doi.org/10.12086/oee.2025.240297
https://doi.org/10.12086/oee.2025.240297
https://doi.org/10.1109/TGRS.2024.3376432
https://doi.org/10.1109/TGRS.2024.3376432
https://doi.org/10.1109/LGRS.2024.3407111
https://doi.org/10.1109/LGRS.2024.3407111
https://doi.org/10.12086/oee.2024.240066
https://doi.org/10.12086/oee.2024.240066
https://doi.org/10.12086/oee.2024.240066
https://doi.org/10.12086/oee.2024.240066
https://doi.org/10.1016/j.eswa.2023.122788
https://doi.org/10.1109/TGRS.2024.3362914
https://doi.org/10.1109/TIP.2023.3349004
https://doi.org/10.1109/TIP.2023.3349004
https://doi.org/10.1016/j.eswa.2023.123111
https://doi.org/https://doi.org/10.1109/CVPR52733.2024.02405
https://doi.org/10.1016/j.dsp.2025.105026
https://doi.org/10.1016/j.dsp.2025.105026
https://doi.org/10.1093/comjnl/bxm008
https://doi.org/10.1109/TPAMI.2010.25
https://doi.org/10.1109/TPAMI.2010.25
https://doi.org/10.1109/TIP.2010.2095871
https://doi.org/10.1109/TIP.2010.2095871
https://doi.org/10.1109/TPAMI.2015.2439281
https://doi.org/10.1109/TGRS.2022.3168787
https://doi.org/10.1109/JSTARS.2021.3113658
https://doi.org/10.1109/JSTARS.2023.3246564
https://doi.org/10.12086/oee.2026.250304

M, 2. Ot T2, 2026, 53(4): 250304

https://doi.org/10.12086/0ee.2026.250304

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

enhancement for remote sensing image super-resolution[J]. /EEE
Trans Geosci Remote Sens, 2022, 60: 5615611.

Kang X D, Duan P H, Li J E, et al. Efficient swin transformer for
remote sensing image super-resolution[J].
Process, 2024, 33: 6367-6379.

Hatamizadeh A, Kautz J. MambaVision: a hybrid mamba-
transformer vision backbone[C]//Proceedings of 2025 IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2025:
25261-25270. https://doi.org/10.1109/CVPR52734.2025.02352.
Kim J, Lee J K, Lee K M. Accurate image super-resolution using
very deep convolutional networks[C)//Proceedings of 2016 IEEE

IEEE Trans Image

Conference on Computer Vision and Pattern Recognition, 2016:
1646-1654. https://doi.org/10.1109/CVPR.2016.182.

Lim B, Son S, Kim H, et al. Enhanced deep residual networks for
single image super-resolution[C]//Proceedings of 2017 IEEE
Conference on Computer Vision and Pattern Recognition
Workshops, 2017: 1132-1140.
https://doi.org/10.1109/CVPRW.2017.151.

loffe S, Szegedy C. Batch normalization: accelerating deep network
training by reducing internal covariate shift[Cl//Proceedings of the
32nd International Conference on Machine Learning, 2015: 448—456.
Wang Q L, Wu B G, Zhu P F, et al. ECA-Net: efficient channel
attention for deep convolutional neural networks[C]//Proceedings of
2020 |IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2020: 11531-11539.
https://doi.org/10.1109/CVPR42600.2020.01155.

Niu B, Wen W L, Ren W Q, et al. Single image super-resolution via
a holistic attention network[Cl//Proceedings of the 16th European
Conference on Computer Vision, 2020: 191-207.
https://doi.org/10.1007/978-3-030-58610-2_12.

Zhang Y L, Li K P, Li K, et al. Image super-resolution using very
deep residual channel attention networks[C]//Proceedings of the
15th European Conference on Computer Vision, 2018: 294-310.
https://doi.org/10.1007/978-3-030-01234-2_18.

Mei Y Q, Fan Y C, Zhou Y Q. Image super-resolution with non-local
sparse attention[C]//Proceedings of 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2021: 3516-3525.
https://doi.org/10.1109/CVPR46437.2021.00352.

Chen G H, Xu D, He K J, et al. TSSA-Net: transposed Sparse Self-
Attention-based network for image super-resolution[J]. Eng Appl!
Artif Intell, 2025, 153: 110823.

Xiao Y, Yuan Q Q, Jiang K, et al. EDiffSR: an efficient diffusion
probabilistic model for remote sensing image super-resolution[J].
IEEE Trans Geosci Remote Sens, 2024, 62: 5601514.

Xiao Y, Yuan Q Q, Jiang K, et al. From degrade to upgrade:
Learning a self-supervised degradation guided adaptive network for
blind remote sensing image super-resolution[J]. Inf Fusion, 2023, 96:
297-311.

Lei S, Shi Z W, Zou Z X. Super-resolution for remote sensing
images via local-global combined network[J]. [EEE Geosci Remote
Sens Lett, 2017, 14(8): 1243-1247.

Dong X Y, Sun X, Jia X P, et al. Remote sensing image super-
resolution using novel dense-sampling networks[J]. /EEE Trans
Geosci Remote Sens, 2021, 59(2): 1618-1633.

Huang G, Liu Z, Van Der Maaten L, et al. Densely connected
convolutional networks[C]//Proceedings of 2017 IEEE Conference
on Computer Vision and Pattern Recognition, 2017: 2261-2269.
https://doi.org/10.1109/CVPR.2017.243.

36.

37.

38.

39.

40.

1.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Lei S, Shi Z W. Hybrid-scale self-similarity exploitation for remote
sensing image super-resolution[J]. [EEE Trans Geosci Remote Sens,
2022, 60: 5401410.

Wang H Y, Cheng S L, Li Y M, et al. Lightweight remote-sensing
image super-resolution via attention-based multilevel feature fusion
network[J]. [EEE Trans Geosci Remote Sens, 2023, 61: 2005715.
Zhang X R, LiZY, Zhang T Y, et al. Remote sensing image super-
resolution via dual-resolution network based on connected attention
mechanism[J]. |[EEE Trans Geosci Remote Sens, 2022, 60: 5611013.
Li H T, Deng W H, Zhu Q Q, et al. Local-global context-aware
generative dual-region adversarial networks for remote sensing
scene image super-resolution[J]. IEEE Trans Geosci Remote Sens,
2024, 62: 5402114.

Gu A, Johnson |, Goel K, et al. Combining recurrent, convolutional,
with state-space
layers[C]//Proceedings of the 35th International Conference on
Neural Information Processing Systems, 2021: 44.

Kalman R E. A new approach to linear filtering and prediction
problems[J]. J Basic Eng, 1960, 82(1): 35-45.

Gu A, Goel K, Ré C. Efficiently modeling long sequences with
structured state spaces[C]//Proceedings of the 10th International

and continuous-time models linear

Conference on Learning Representations, 2022: 1-27.

Smith J T H, Warrington A, Linderman S W. Simplified state space
layers for 11th
International Conference on Learning Representations, 2023: 1-35.
Fu D Y, Dao T, Saab K K, et al. Hungry hungry hippos: towards
language modeling with state space models[Cl//Proceedings of the
11th International Conference on Learning Representations, 2023:
1-25.

Mehta H, Gupta A, Cutkosky A, et al. Long range language
modeling via gated state spaces[C]/Proceedings of the 11th
International Conference on Learning Representations, 2023: 1-20.

sequence modeling[C]//Proceedings of the

Gu A, Dao T. Mamba: linear-time sequence modeling with selective
state spaces[C]//Proceedings of the ICLR 2024, 2024: 1-32.

Zhu L H, Liao B C, Zhang Q, et al. Vision mamba: efficient visual
representation  learning  with space
model[C)//Proceedings of the 41st International Conference on
Machine Learning, 2024: 1-14.

Liu Y, Tian Y J, Zhao Y Z, et al. VMamba: visual state space
model[Cl//Proceedings of the 38th International Conference on
Neural Information Processing Systems, 2024: 2373.

Guo H, Li J M, Dai T, et al. MambalR: a simple baseline for image
restoration with state-space model[C]//Proceedings of the 18th

bidirectional  state

European Conference on Computer Vision, 2024: 222-241.
https://doi.org/10.1007/978-3-031-72649-1_13.

Shi Y, Xia B, Jin XY, et al. VmambalR: visual state space model for
image restoration[J]. IEEE Trans Circuits Syst Video Technol, 2025,
35(6): 5560-5574.

Yang Y, Newsam S. Bag-of-visual-words and spatial extensions for
land-use classification[C)//Proceedings of the 18th SIGSPATIAL
International Conference on Advances in Geographic Information
Systems, 2010: 270-279.

https://doi.org/10.1145/1869790.1869829.

Xia G S, Hu J W, Hu F, et al. AID: a benchmark data set for
performance evaluation of aerial scene classification[J]. /[EEE Trans
Geosci Remote Sens, 2017, 55(7): 3965-3981.

Wang Z, Bovik A C, Sheikh H R, et al. Image quality assessment:
from error visibility to structural similarity[J]. /EEE Trans Image

250304 (Page 16 of 18)


https://doi.org/10.1109/TGRS.2021.3136190
https://doi.org/10.1109/TGRS.2021.3136190
https://doi.org/10.1109/TIP.2024.3489228
https://doi.org/10.1109/TIP.2024.3489228
https://doi.org/https://doi.org/10.1109/CVPR52734.2025.02352
https://doi.org/https://doi.org/10.1109/CVPR.2016.182
https://doi.org/https://doi.org/10.1109/CVPRW.2017.151
https://doi.org/https://doi.org/10.1109/CVPR42600.2020.01155
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-58610-2_12
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1007/978-3-030-01234-2_18
https://doi.org/https://doi.org/10.1109/CVPR46437.2021.00352
https://doi.org/10.1016/j.engappai.2025.110823
https://doi.org/10.1016/j.engappai.2025.110823
https://doi.org/10.1109/TGRS.2023.3341437
https://doi.org/10.1016/j.inffus.2023.03.021
https://doi.org/10.1109/LGRS.2017.2704122
https://doi.org/10.1109/LGRS.2017.2704122
https://doi.org/10.1109/TGRS.2020.2994253
https://doi.org/10.1109/TGRS.2020.2994253
https://doi.org/https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1109/TGRS.2021.3069889
https://doi.org/10.1109/TGRS.2023.3336524
https://doi.org/10.1109/TGRS.2021.3106681
https://doi.org/10.1109/TGRS.2024.3355419
https://doi.org/10.1115/1.3662552
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/https://doi.org/10.1007/978-3-031-72649-1_13
https://doi.org/10.1109/TCSVT.2025.3530090
https://doi.org/https://doi.org/10.1145/1869790.1869829
https://doi.org/10.1109/TGRS.2017.2685945
https://doi.org/10.1109/TGRS.2017.2685945
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.12086/oee.2026.250304

Mraai, 5. JErE T, 2026, 53(4): 250304 https://doi.org/10.12086/0ee.2026.250304

Process, 2004, 13(4): 600-612. convergence and generalization of AdamWI[J]. /EEE Trans Pattern
54. Zhang R, Isola P, Efros A A, et al. The unreasonable effectiveness Anal Mach Intell, 2024, 46(9): 6486-6493.
of deep features as a perceptual metric[C)//Proceedings of 2018 57. Dong C, Loy C C, Tang X O. Accelerating the super-resolution

IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2018: 586-595. https://doi.org/10.1109/CVPR.2018.00068.

55. He KM, Zhang X Y, Ren S Q, et al. Delving deep into rectifiers:
surpassing human-level performance on ImageNet classification[C]//
Proceedings of 2015 IEEE International Conference on Computer

convolutional neural network[C]//Proceedings of the 14th European
Conference on Computer Vision, 2016: 391-407.
https://doi.org/10.1007/978-3-319-46475-6_25.

58. Haut J M, Paoletti M E, Fernandez-Beltran R, et al. Remote sensing

Vision, 2015: 1026—1034. https://doi.org/10.1109/ICCV.2015.123. single-image superresolution based on a deep compendium
56. Zhou P, Xie X Y, Lin Z C, et al. Towards understanding model[J]. [EEE Geosci Remote Sens Lett, 2019, 16(9): 1432-1436.
(E=TE M

MRt (1997-), 55, Wiz, a2k, EZME
ANTHERE . BRI TR o

E-mail: jxdxcjc@zjxu.edu.cn

[GEEESE ] RAF (1995-), Zo, Wit skt
i, ETNEZ B, EERE BERE AT T

E-mail: WFMOOK@]163.com

Remote sensing image super-resolution
reconstruction via multi-scale
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Abstract

Convolutional neural networks (CNNs) and vision transformers (ViTs) represent the two dominant paradigms in remote sensing single
image super-resolution (RSSISR), each with distinct strengths. While CNNs have long been the workhorse due to their inductive biases,
vision transformers have recently demonstrated superior performance in many cases, primarily attributed to their exceptional capability in
modeling long-range dependencies through the self-attention mechanism. However, this advantage comes at a significant cost: the self-
attention mechanism suffers from quadratic computational complexity with respect to image size. This inherent limitation becomes a
critical bottleneck in RSSISR, where generating high-resolution outputs from low-resolution inputs demands extensive computation,
severely restricting the practical deployment of ViTs for large-area remote sensing imagery.

To effectively overcome this fundamental challenge, we propose a novel architecture named the multi-scale augmented state space model
(MS’M). Our approach is grounded in the recent advancements of state space models (SSMs), which are renowned for their linear
computational complexity and strong potential in capturing long-range interactions. Unlike existing SSM-based feature extraction methods
that often rely on fixed, unidirectional scanning paths, our MS*M introduces a grouped parallel scanning strategy. This design efficiently
captures comprehensive global and non-local features without being constrained by a single scanning direction, all while rigorously
maintaining linear computational complexity, thereby ensuring high efficiency.

Furthermore, acknowledging the inherent and critically important multi-scale spatial structures present in remote sensing images—from
fine-grained textures of buildings to extensive patterns of farmlands—we embed a multi-receptive-field aggregation mechanism directly
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into the state space model. This allows our network to seamlessly integrate contextual information across different scales, a capability
essential for accurately reconstructing complex geographical objects. To further enhance the representation power of local features, we
design a novel high-order moment channel affinity modulation module. This module moves beyond simple first-order statistics to optimize
feature expressions, enabling more nuanced and powerful feature transformations within the network. The entire MS'M framework is
constructed upon a U-shaped architecture to facilitate effective multi-level feature fusion across the encoder and decoder.

We conduct extensive experiments on several public remote sensing datasets. The results demonstrate that our proposed MS’M achieves
state-of-the-art performance, outperforming existing leading methods in terms of objective metrics including PSNR, SSIM and LPIPS, as
well as in subjective visual quality. The superior results validate the effectiveness of our architectural choices and underscore MS’M's
advancement as a robust and efficient solution for the challenging task of remote sensing image super-resolution.

Keywords: remote sensing image super-resolution; state space model; grouped parallel scanning; multi-receptive field aggregation; high-

order moment statistics
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