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Abstract: Most of the existing methods of remote sensing image super-resolution are unable to fully ex-
plore the self-similarity information at hybrid scales and the correlation between cross-scale regions. More-
over, these methods ignore the ability of the frequency domain to perceive the high-frequency information

of the images. To address this problem, a Spatial Adaptation and Frequency Fusion Network (SAF’Net)
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was proposed. Firstly, SAF’Net introduced a hybrid-scale spatially-adaptive feature modulation, which
adopted a feature pyramid-like approach to obtain discriminative features at different scales and enriched
the expression ability of multi-scale features. Subsequently, a global multi-scale field selection block was
designed to extract the correlation features of cross-scale regions. On this basis, a spatial adaptively selec-
tion block and a frequency separation selection block were introduced to fuse space-frequency complemen-
tary information to enhance local features, improving the model’s ability to model the high-frequency con-
tent of images. Multiple sets of experiments are conducted on two remote sensing image datasets, which
indicates that the quantitative evaluation metrics obtained by SAF*Net outperform those of other compara-
tive methods. Taking the UCMerced dataset with 3 times super-resolution as an example, the proposed
method improves PSNR and SSIM by 0. 11 dB and 0. 003 3, respectively, in compared with the next best
method HAUNet. In terms of the subjective visual quality, SAF*Net is able to recover more clear texture
details. The experimental results demonstrate that the SAF*Net proposed is capable of mining the hybrid-
scale global information from two different perspectives as well as fusing the space-frequency complementa-
ry features effectively, which exhibits competitive performance in the remote sensing image super-resolu-
tion task.
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1) 25 K A FRZ o 2 RURFAE AN [R) A 2, £ 03 S ok
I A~ 3 X 3 1y 4 AR $2 O 2 25 1] Jay &
AIE, I 38 38 Fon 7%, 45 & GELU AR 4 1% B oRi
B SRR R RE ) MR — 1 1 X 1
1Y) 5 B 3 T RO D B 4G A 4 B T
235 ] 1 355 43 3 i A3 (8] 4R Ja) 1 5 ) (Spatial
Non-local Attention, SNLA) F F X} & 14 =5 [1]

(11)

ture Extraction Module,

}%iﬁﬁ%‘

PEAT R AIE 1R
i 5 AL A

(©)

CxHxW

|,|

LDW Conv
C&R

) AR ARG (o) A AR R AR

(a) Spatial adaptively selection block; (b) Frequency separation selection block; (¢) Spatial non-local attention
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S [a] [ 38 R B AR gl R 2% 1245

S5 R B AT 2% 20, DT I 4% B o oG v B R
Hh X DL A X s, b A . 5
AR R W B S CNLA K[ #0902 , 25 ) JE /il
T O RCE S W e R 5 8 H M
VGRHXW“*HiFﬁ%IJ [i] 25 44 15 2., i i
15 3] 25 0] [ 3 W BFEALE . SASB TR 3%
mﬁﬂT:
wW,= Sofz‘max(ReLU(Q\,@ K,\.,-)>, (12)

Xouwn=fi o GELU ( fi.4(X..)))
Xeea = Szgmozd(PWConv( (Wi\,ﬂ® V_”.)>>’

(13)
X\ ut Xm n@X select 9 (14)
Forb o X, R n i AR AR L X Al X oo 20 900 2 2

53 3B RRAE DL B s [B) R N R AL 3l
P AN G| S AR A X R R R 1 X T
L= R SNE o A € SIS I =l SIS O el |
FEE Xgouo
2.3.2 MESBRFER
TER Z 8 MG 4 Hr R T AR 55 18 25 1]
IR R AE 2 2 RN 3R IR OR BB RLHS Bl e A
Y IR o T TE RS G AR R I R 8 % S Hh
O3B E AR AR B . SR T AR SO R
XF A B AT R IOR B £, T T — AN )
BIEFE R FSSB, Ha5 an s 4(b) s o B4
T B ST R R e L AR 4 A5 )RR AR [0 s
14 528 X, AR 8 X, Bl S 3 A 1 X 1B
AR o ) Xk S0 R R 1) AR AT 2E AT T 4 R
PISCHE A bR SOfE BR A O R o B b 4l
GELU bR BRI A7 AR 2 ME 19 1R 3URRAE | 2 8 A 7R
XoF v AR AIE 1) 2 2 BB 7, % s 18] JR AR AE Hp i A
5 BHEATANTE , AT LR RN
[X.,X.]=F(X,), (15)
FEA(GELU (f21(X..))).
Xeow=F ! , (16)
FAGELU(f74(X.0)))
Horp o F ()R EF (o) 20 590 2 Pl o {8 5L 725 46 K%
H AR, £ () AL () 43 300 28 i o 3 Sy
CH20H1 X 185 #
E LL‘Wq‘{kéﬁﬂfﬁiﬁﬁ% 25 P
26 U0 25 0 R M B LR IR 24 S e L T

fﬁd@n
[eid|

BB R A TTENL K CMG #t— 2 @l & 25 18] & &8
FEAE X 5 950385 38 FE AR Xeo I X BR IR AR
B, Jay 0 3 o R AIE P2 HURE B LEFEM #& 2 1 fai
X h:
Xoor = Xoow T Xeow + X,
{ Xow=CMG (X)) + Xgei
2.4 WEKREH
TE IR ARG TAE S, RZHCR B L 41 2K bR
B W 25 IR HEAT 0 AL o AH B T A 35 2% pREL
L P pRBUCLE RGO o3 B 324 55 0, e A% S L T
HRAR ZE G0 29 o UL R e g i BR B AE
1 A ot TR (R P TR SR bR T 8 A R A AT B
S X o BRI L A SAF Net (1) 8 &
éﬁﬁ'ﬁISR,Lla*jﬁf’iﬁ%‘ﬁlﬂu%%%j@:
Li=|I&—Ix|,. (18)
SRTIT AR T 25 1A 5 14 19 22 S0 0 2 1 £ 2
ML AT RE 2 T 3OS [R5 R 2 [a) 1) 40 T 22 57
RE, = B S RN A FE RN . It
Hh BT AR SCAE Jmy 5B 4 5 R AE B OB H 43 1% 1
T ANy B R, A5 B L R R BT
AT R Bz B AT s AR R A A . R
X S o 3 {# B 28 f (Fast Fourier Trans-
form, FFT )4 T 1 Tse e 45 B 450 A< 388, DA T 53 450
IR 2 R S 5 W 28 BRI Ziad B L % 0 2k R
BOE LN
Liw =] F(Is)— F (L) |, (19)
b« 2R L8, F(e) 3Rom Pk B s
o LA UK RBR IR R
Lay=1L,+ AL (20)
Horp A R R IR R L W BT R B, 15 A SC
i E N 0.01,

(17)

3 EBRALERSN

TERA SR B R R BE 2 5 T PANYAN
7048GR Ik %5 4% , CPU Hy iF & it E5-2096 2. 3G-
3.6 G 45M Cache22NM, M 17 N 256 G, Pi 5K
NVIDIA GeForce TITAN RTX iR . %3R85
7 3 F Ubuntu & 4 19 Pytorchl. 10 ¥ & *% 3 HE
B 9w AR F M Python3. 8,

3.1 ERHIESE
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(1) UCMerced 3% J& 5 i 4

UCMerced 4l £ 5 0L MEE X F %4
G2l KB, A 100 5k R 2R
256 X 256 %, 352 1005k . 4 T 5 b 5 H:
b 32 JER R 43 9 23R 0 Oy YR HEAT X b, AR S0 S A
T —FE N BE 451 28400 43 R I 2 4R R R 4R
2% 1050 5k BIAZ, b il 2 4 iy 2006 1E S 50
R .

(2) AID 38 BH e 42

ATD %4l 86 5 30 2838 iz ¢, 41 10 000 3K
RSE 2R 600 X 600 19 R, ¥ ) 30 23 B b 5
23 a] 43 %k 0. 5~8 m/pixel, XF T % 54
8 R SC[v) B A 22 AT A HG Al AR 56 TR iR R
i BIL 308 B A B4 4 14 80 % A N4 L IE K I
Y p AR R 5 KR A I E N R IE
B TR 20 %6 1 R iR 4 o
3.2 XKIGIFEE

FEAS S50 25 5080 A v Y D s AR e
>N Ground TruthfE N HR &% , i@ i W = K i {E
(Bicubic Interpolation) 7% 2| 4 i /) LR K&, i
¥4 £ HR/LR BHGO HEAT YR A PPAL o AR SC %
BEXT 245 3£ A A 5 38 BRSO 4y B R AT 55, N
LR E& b BEAILER 59 RSF R/ Ry 48 X 48 /Y K4

He LA Bz 5 H X B JOR AR A8 9 HR B e, 16 4h
YIl 2 A% 38 1 Bl ML e 4% 90°, 180°, 270° Al /K - #
B O 1 5 Bl ) 22 R

AR SC ) 45 A5 TR (1 TR )2 R AIE B OB B SAFSG
() G 3 A B om BB 10, ey A I 1 3
64 ALY ZR B HE R R NG — I E O 4
(batch size=4) , % /] Adam £ B8 8 B 846 2%
Hrp,=0.9,8=0.999,e=10° X F UC-
Merced %45 4 , i#ﬁll % 5001~ epoch, ¥ If 2 > &K
BE R4 X101, A% AR KR R R 2 2 R
BRI E 1 X 10 ;X#? ATD i 4 3l 25
800 /> epoch, ¥] iy % > i B Ky 4 X 10 *, # i
RLIR KRG PR 2] B G R 1 X 107°
SEUG SR FH 2. A AR Y A ) 35 R B A 4 R
3.3 SAFNetHEEXHRILIE

KT B E FEAE SAF Net 4 Ja) 1R & R
A 2 OB B GHFEM A1) 350 438 55 437 fiF 1 HOAE
Y LEFEM Hr £ A 21 4 09 A 801, A SCHE UC-
Merced B4 4 4 4% 70 BF R AT 55 it 1T 24
THRALSCE , RS RS 3.2 — 3, R
RN E L,

%1 SAF'Net#f UCMerced £ #E 5 4 F#8 7 P E M H R L I0
Tab.1 Ablation experimental results of SAF’Net on UCMerced dataset with X 4 scale factor

Ablation Variant PSNR SSIM
SAF*Net — 28.13 0.7748
(1) HSFM: w/o scale8 27.98 0.7716

(2) HSFM: w/o scale8-+scale4 27.97 0.7709

GHFEM (3) HSFM: w/o scale8 + scale4+scale2 27.98 0.7707
(4) HSFM: w/o CMG 27.89 0.7678

(5) GMFS: w/o ASM 28.01 0.7702

(6) w/o SASB 27.91 0. 7690

LEFEM (7) w/o FSSB 27.99 0.7710
(8) w/o SASB + FSSB 27. 86 0. 7669

(9) w/o CMG 28. 04 0.7730

Loss (10) W/0 Ly, 27.96 0.7709

TE A SCHE Y SAF Net # GHFEM T % 4
TR A RUBE 25 (8] [ 3 1 R AF I8 ] B 5 HSEM Al
4 Jry 2 ROPE 2 B B BR B B GMFS . B X HS-
FM, AR SCIE T 44555, Hh st (1)~ 5

(3) 73 A A [ RBE A 86 T T J2 AR Al 19
AR s 25 (4) B UEIR &l 3E T HLE CMG 2
AR R IE R A R . R T es (1)~
SR (3) AR AT LUE Y i A I — RO s 2 A4
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RO B FRAE AR B 1) 2 3 B PSNR/SSIM $6 45 T
%, 1 SAF Net 5 2Z Mt , 4 4 T scale2, scaled
il scale8 = Fft N Y 45 A J5 , 455 20 RE 0 3l 2 31 38
SRR A% Hp AN [ RUBE 22 1) A4 AR RLPE A 550R) e
IT2Z 18] (4 B 4R OC %, 35453 348 ) PSNR/SSIM..
S (4) e B 25 Bt B TR A RUBE (YRR AE Sl
{7 BRI HEAT R A S 1 BURRE S BT R R B
AP fE R [, PSNR/SSIM M It T SAF*Net F
K T 0.24 dB/0.0070, # W] CMG B 75 R & 4
JRITR A RUBE e AE B A R0 /0 R A 22 8] (9 T AR A
S, 48 T TR T 4 AT 55 (0K 40 RR AE R 1) 9 B0
BEA AR SCRREC T AR R DL R R A IRA RES
SJE XL R AR L A S R . T RLE LR
RUBE B, B R AE A 2005 1 8, T B /N RUBE ) B R A
(45 K A7 B S L, RIS 3 B R AR A A ) R
JEE Z 1 A ST R B AN Y BRI R ) RO A
ST B 43 500 DA S 5 AN A8 i B S Y R AE

= H

F.o o

(a) LR input (b) Scale 1 (c) Scale 2
(d) Scale 4 (e) Scale 8 (f) Aggregated feature

K5 HSFM ZEAR A REE T 22 ) 31 59 415 14

Fig. 5 Visualization of learned feature maps from the HS-

FM at different scales

BEXF GMFS, A 303l i 52 56 (5) R 353k H &
JO7 358 AL CASM) BE 75 R LKA ] J 52 B 2R/
DX 3 1 A I 3 AT 328 6 DA T 494 9 AT 50 ) O R
HOR . ISR (5) S5 R T LA i, PSNR/SSIM
AH . F SAF’Net FFRET 0.12 dB/0. 0046, 3 J& [
N FLAZ RS AN (] 52 B /N DX S A R AR T ) A
S TUA R, A TG 10 A7 ROR T 4 Jm) 25 4 1%
BT BN SR B A B AN G R
M4 & ASM 52 % (19 GMF'S RE % 4K 15 5 41t 1) 5

PERE , NI IE B ASM BE 5 4 55008 bR TUAY FRAE | 52
B AN [) JE Az B X35 4 Je 4R A TR 1 sh A TR

*FF SAF*Net H LEFEM %5 [a] [ 1& I 45 1iF
TEFE P SASB R 8 J3 15 K PR B FSSB, A 3%
BT A S O B0k I A B B AT 55 TP A R
PE o S (6) FISEHE (7) 4 B #E SAF Net A 3 il
U2 T SASB Al FSSB, M 1 5 3iE 3% 94~ 4 4
25 AR Y 56 JR R AE A B EERL AR ) 1
M, S (6) 25 SR U, SASB RE 1% ff A5 78 AR 4%
273 8] 38 I 3% AN R O G b A R R
2% 80 PEER 43 WK T BT 22 1 OC T, AT PSNR/
SSIM 42 J} 0. 22 dB/0. 005 8. 7525 (7) H , X
JO7 B4 4 A PR AT AR G P 6 BT s, AT LA Y A
FSSB 25 f 5 BURRE B 78 o0 B Ak 25 7= AR
T M A 2%, T AE FSSB AR FH R, J3 28 25 = 40
o o R RE S IR E 2 S i B 2 5
A, DA 412 fen 455 78 ) 8 01 i -

(a) w/o FSSB

K6 LEFEM t 21th #1E & ] ¥4k
Fig. 6 Visualization of 21th feature map in LEFEM

(b) w FSSB

S (8)7E SAF Net 1y S filh [ 2 T SASB
M FSSB W A4 14, U SASB iy F 43 AT
J7 3 R AE 2 A, PSNR/SSIM 43 51 B ik 7 0. 27
dB/0.007 9, 15 W] D\ 75 [] 3 R 45T 23 368 P A~ £ B X
Jr ¥ R AIE E AT HE AR R A% £ N7 4% (] A S 2 R Y
AN G R  HE— 0 Ak s AR A ) R A Y [
i, S2EG (9) W25 T CMG 3K B IE 1% 45 e Rl 75 A 3%
Bl 243 ) ol 0000 5 5 A 4 BE (W SRR AR . A& R
LA M HE T SAF Net, B 82 # o 41 n o 47
il 53 PSNR/SSIM FEAX T 0. 09 dB/0. 001 8,
Ui B CMG ] DL 25 [ $ol R0 3 35 1 A4 o 1)
TR B [/ — AR KRR R A T2
I A A B R AR A AR

BEAb Ry T 58 UE AR S5 vk Al R G 42K bR
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B R 2 A RPE 7 SE 5 (10) Hr AT ]
23 ) Sl AR 2R AR pR B AT I R o RSS2 TT
VL A F IR 400 2% ok B8 L A AT AR 3R it 2
PRALY PSNR/SSIM 454575 0. 17 dB/0. 003 9, i
WTZ K 5 40 2% oR BCRE 8 A 25 [R] 358 R 51 48 Sl 1 A4~
9 32 4 v A R T 3 J R s AN AR R R
HURE 7, [F] B 45T 23 Sult 43 2K oA RO fiE % 5 82 Y vp OC
T A SRR AR B HORE DG 0% 21140 AR B MR DA T
— 25 IR R ) A R
3.4 EUXLBWERDN

AT B SAF Net W 2% 75 38 8% K4 68 45 B
FAT 5 A PR RE A SO H S HAB L 55 19 7 AR
2% 3R A ARE 3SR RO AT % T AR A5 0 (8 AR
I 1 (Peak Signal to Noise Ratio, PSNR) F1 4% #4
AL (Structural Similarity, SSIM) B A48 b5 1
Ar%F o Horh PSNR T 15 M L iy BE &, AR 48
SR Bl & 5 HR Bl & Z [8] ) ¥ J7 & 22 (Mean
Squared Error, MSE)ffij 8% % 9 2% 57, H{H #
W] SR EMER 5 HR R Z 8] (1441 22 80N FEEAR
HEAX M 2D PR

1 M N 2
MSE:VN; ; (ISIN,]'iIHRl\J)
MAX*

MSE )
Hoip . MSE & SR E % 1 HR & 14 2 18] (4 ¥4 7 1%
#= M HI N 393l Shy G ) v B8 8 sr ;,j]:ﬂ IHRl‘j
3 R SR MR A HR &G % AR 2R 19 K FE (R,

, (21)

PSNR = 10 lg(

MAX NERZAER J KA, A Ch MAX = 255,

SSIM #E ¥ 3t b % & T AR = 07, 45
e ROl oy A a5 g - M
SR EIME 5 HR B Z 18] 9 A AL, (B B2 1
FoR M A5 R 5 HR EHR T  AH L, B & g K5
oo G, BRI U 20 (22) i

(2/15R/1HR + C1>(265R.HR + (‘2)
</l§r< + pie o )(USZR + ok + cz)
s o, i s o5k o 23 51778 SR EHZ AT HR E
B IIE T2 o R B Z N T 25, ¢,
e, WA H & o BAh, R T — B AN
SAF*Net i) 5 g PE AR , 78 A4 3 & ) 32 8 515
ZE R R 2k A5 A SCCF SAM 4>
& b, LA 42 T M % 5 T G HEAT E &4 AT,
H SCC {E B 7, SAM (B B AIK 6 /R 5 R i it
AT o T 2 SRR A AR 0 = DA 45 A A N R
INTER 2R 3,

X b J7 ¥k 49 45 Bicubic i ', SRCNN!™ |
VDSR™ |, LGCNet" , DCM"™ , TransENet'*',
HSENet'® , HAUNet'*, TTST"™ Hl TSFNet™',
Horh Bicubic 1 B2 1% 58 7 ¥ , VR A HEREVE A 1Y
4k, SRCNN Al VDSR J2: [ 4R B4 4 53 3 % 1)
2 Ty 1 LA b O v O e 3 L AT U RO
STHERA T ik, WGERTTLIA H,XF UC-
Merced 3 4 % , SAF*Net 7 3 1 # 7 1% %
PSNR/SSIM 43 5l $2 F+ 0. 11~2. 99 dB/0. 003~
—0.087 8;XF T AID %45 £ , SAF*Net 7 4 i

SSIM = , (22)

#x2 AEEEXTEUCMerced ik & HIEMIBIRE R
Tab.2 Evaluation metrics of different methods over the UCMerced test dataset
Scale Metric Bicubic SRCNN VDSR LGCNet DCM TransENet HSENet HAUNet TTST TSFNet A3

PSNR 30.76 32.84 33.87 33.48 33.65 34.03 34.22  34.46 34.39 34.48 34.53

UCMerced SSIM 0.8789 0.9152 0.9274 0.9235 0.9274 0.9301 0.9327 0.9333 0.9324 0.9335 0.9342
X2 SCC 0.5079 0.5956 0.6196 0.6056 0.6318 0.6366 0.6341 0.6437 0.6455 0.6461 0.647 8
SAM 0.0712 0.0556 0.0519 0.0540 0.0504 0.0498 0.0500 0.0488 0.0485 0.0484 0.047 6

PSNR 27.46 28.66 29.75 29.28 29.52 29.92 30.00  30.34 30.25 30.32 30.45
UCMerced SSIM 0.7631 0.8038 0.8346 0.8238 0.8394 0.8408 0.8420 0.8476 0.8458 0.8472 0.8509
X3 SCC 0.2766 0.3581 0.3941 0.3654 0.4055 0.4076 0.4131 0.4236 0.4201 0.4248 0.437 2
SAM 0.1039 0.0883 0.0829 0.0868 0.0820 0.0807 0.0806 0.0779 0.0787 0.0781 0.076 6

PSNR 25.65 26.78 27.54 27.02 27.22 27.77 27.73  28.06 27.98 27.92 28.13

UCMerced SSIM 0.6725 0.7219 0.7522 0.7333 0.7528 0.7630 0.7623 0.7726 0.7698 0.7695 0.7748
X4 SCC 0.1500 0.2225 0.2589 0.2246 0.2612 0.2707 0.2692 0.2932 0.2892 0.2920 0.3015
SAM 0.1269 0.1118 0.1055 0.1106 0.1053 0.1027 0.1043 0.0997 0.1006 0.1007 0.098 1
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Tab.3 Evaluation metrics of different methods over the AID test dataset

Scale Metric Bicubic SRCNN VDSR LGCNet DCM TransENet HSENet HAUNet TTST TSFNet A3
PSNR 32.39 34.49 35.11 34.80 35.21 35.28 35.50 35.58 35.60 35.54 35.67
AID SSIM 0.8906 0.9286 0.9340 0.9320 0.9366 0.9374 0.9383 0.9389 0.9392 0.9385 0.9403
X2 SCC 0.5202 0.6006 0.6181 0.6116 0.6390 0.6529 0.6626 0.6616 0.6638 0.6598 0.6663
SAM 0.0742 0.0580 0.0544 0.0558 0.0532 0.0529 0.0524 0.0518 0.0513 0.0520 0.0501
PSNR 29.08 30.55 31.17 30.73 31.31 31.45 31.49 31.64 31.62 31.54 31.76
AID SSIM 0.7863 0.8372 0.8511 0.8417 0.8561 0.8595 0.8588 0.8619 0.8626 0.8595 0.8635
X3 SCC 0.2743 0.3534 0.3800 0.3564 0.4005 0.4092 0.4053 0.4144 0.4160 0.4096 0.4189
SAM 0.1055 0.0894 0.0836 0.0876 0.0820 0.0805 0.0806 0.0792 0.0790 0.0803 0.0780

PSNR 27.30 28.40 28.99 28.61 29.17 29.38 29.32 29.49  29.40 29.50 29.59
AID SSIM 0.7036 0.7561 0.7753 0.7626 0.7824 0.7909 0.7867 0.7924 0.7890 0.7926 0.7945
X4 SCC 0.1416 0.2111 0.2427 0.2182 0.2675 0.2843 0.2765 0.2935 0.2922 0.2960 0.2983
SAM 0.1275 0.1124 0.1055 0.1099 0.1032 0.1005 0.1017 0.0997 0.1003 0.0996 0.0987

TE IR S R AR, T I 23R8 WAL 8 A

I3 AT %5 b PSNR/SSIM 43 % 42 F+ 0. 09~2. 29
dB/0.001 9~0.090 9., H T&EEE KR 5 AR E
I B o A AF R K 28 57 AR S B vk A 4
FAE G2 75 vk R0 R RIS 43 9 2 5 0k A it
FEAR IR T ORME AR T X b At 2 SR R RO o)
BRI, 1 HAUN et ffi F & 2 ] F 9 5 AU
PEICRRAE | S B0 DL A 38 R Al AN )RR Xk
1) I {5 BB 3 TSFNet A 4K 38 i $2 By R 20 40 1)
XG5 3 25 (A 2R A5 B AR I R 14T 8 AIE 0 38 A &%
Al A3 2 [ 00 26 E A RR AR, 17T A SCM A K [8] 1) £
BEAZ 8 4 iR A RO AR B RL SO 6] /N X

CHRRFAE , I 25 G 25 [A] Sul 000 48 Bl 1 4 v A iy 488
FEAE 0 A, 76 BT A R AT % L #R AR AS T AL
P e AR 4 2R A E 1 A BEUER] T SAF Net 78
i B GO oy BE AT S5 rh ] LRI A e 4 )
1 BE -

R T E— 2 XF e SAF Net 5 244> L E A
IFi) 32 JEk 37 5 I AR A T BE L AR SCAr B T UC
Merced ¥4 48 3 %88 43 HF AT 55 Al ATD £ 4 48 4
% 88 53 B AT 55 v B 28 R R 20 O 45 2R
PPN 8 bR, BRI 5k 4 Rk 5 R .

F4 AREEEAE UCMerced Wik & k21 KB B 172 358 45 P ZE A PSNR/SSIM
Tab.4 PSNR/SSIM of different methods on 21 types of RS scenes on UCMerced test dataset for X 3 SR

Baseline H R R 43 7

Class Bicubic SRCNN VDSR
PSNR SSIM PSNR SSIM PSNR SSIM
Agricultural 26. 86 0.542 4 27.47 0.5914 27.62 0.6111
Airplane 26.71 0.7837 28.24 0.8332 29.91 0.8459
Baseball diamond 33.33 0.8351 34.33 0.867 1 35.09 0.8816
Beach 36. 14 0.896 7 37.00 0.9155 37.43 0.918 8
Buildings 25.09 0.774 3 26.84 0.827 6 28.57 0.860 6
Chaparal 25.21 0.700 2 26. 11 0.745 3 26.78 0.7752
D-Residential 25.76 0.773 3 27.41 0.8184 28.84 0.860 2
Forest 27.53 0.7035 28.24 0.7404 28.56 0.766 5
FreeWay 27. 36 0.766 7 28.69 0.803 3 30. 33 0.8387
Golf Course 35.21 0.8815 36.15 0.890 3 36. 40 0.9017
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Tab.4 PSNR/SSIM of different methods on 21 types of RS scenes on UCMerced test dataset for X 3 SR
Baseline FI 9K 1808 43 T vk
Class Bicubic SRCNN VDSR
PSNR SSIM PSNR SSIM PSNR SSIM
Harbor 21.25 0.754 8 22.82 0.8228 24.39 0.889 2
Intersection 26.48 0.760 4 27.67 0.8184 28.82 0.850 7
M-Residential 25.68 0.746 6 27.06 0.807 4 28.43 0.8453
Mobile Homepark 22.25 0.6939 23.89 0.7459 25.25 0.804 4
Overpass 24.59 0.706 4 25.65 0.7356 27.78 0.8020
Parking Lot 21.75 0.7425 23.11 0.7889 24.40 0.829 6
River 28.12 0.7204 28.89 0.7451 29.18 0.7919
Runway 29. 30 0.764 2 30.61 0.8089 31.48 0.8271
S-Residential 28. 34 0.802 8 29.40 0.834 3 31.44 0.8618
Storage Tanks 29.97 0.8352 31.33 0.870 2 32.77 0.894 6
Tennis Court 29.75 0.839 8 30.98 0.867 2 32.36 0.888 2
Average 27.46 0.763 1 28.66 0.803 8 29.75 0.834 6
T S PGB 23 7 ¥
Class TransENet HSENet HAUNet TTST TSFNet VNS
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Agricultural 28.02 0.6228 27.64 0.6139 28.07 0.6260 27.67 0.6133 27.90 0.6154 28.04 0.6346
Airplane 29.94 0.8534 30.09 0.8528 30.41 0.8562 30.45 0.8578 30.50 0.8589 30.33 0.859 2
Baseball diamond 35.04 0.8828 35.05 0.8828 35.34 0.8841 35.35 0.8352 35.37 0.8855 35.39 0.8357
Beach 37.53 0.9204 37.69 0.9214 37.90 0.9237 37.69 0.9221 37.73 0.9222 37.88 0.9241
Buildings 28.81 0.8691 28.95 0.8695 29.47 0.8768 29.23 0.8719 29.45 0.8749 29.55 0.8785
Chaparal 26.69 0.7782 26.70 0.7800 26.86 0.7854 26.90 0.7846 26.93 0.7859 26.98 0.7866
D-Residential ~ 29.11 0.8692 29.24 0.8692 29.63 0.8751 29.33 0.8705 29.55 0.8741 29.77 0.8787
Forest 28.59 0.7702 28.59 0.7710 28.69 0.7757 28.65 0.7752 28.70 0.7751 28.73 0.7766
FreeWay 30.38 0.8436 30.63 0.8463 30.96 0.8551 30.90 0.8520 30.98 0.8549 31.16 0.8593
Golf Course 36.68 0.9038 36.62 0.9038 36.91 0.9050 36.75 0.9045 36.78 0.9047 36.87 0.9059
Harbor 24.72 0.9008 24.83 0.9048 25.51 0.9163 25.34 0.9107 25.46 0.9135 25.71 0.9193
Intersection 29.03 0.8573 29.21 0.8590 29.52 0.8650 29.42 0.8652 29.50 0.8659 29.71 0.8710
M-Residential ~ 28.47 0.8468 28.55 0.8497 28.91 0.8559 28.95 0.8572 29.12 0.8574 29.01 0.8586
Mobile Homepark 25.64 0.8161 25.70 0.8182 26.14 0.8260 26.06 0.8235 26.25 0.8276 26.31 0.8317
Overpass 27.83 0.8082 28.22 0.8114 28.40 0.8161 28.21 0.8138 28.36 0.8181 28.81 0.8249
Parking Lot 24.45 0.8368 24.66 0.8404 25.25 0.8543 25.40 0.8548 25.57 0.8593 25.53 0.8605
River 29.25 0.7931 29.22 0.7935 29.40 0.7962 29.34 0.7966 29.29 0.7960 29.39 0.7968
Runway 31.25 0.8304 31.15 0.8310 31.56 0.8352 31.85 0.8392 31.26 0.8324 31.76 0.8408
S-Residential 31.57 0.8658 31.64 0.8687 31.87 0.8689 31.74 0.8683 31.85 0.8682 31.91 0.8705
Storage Tanks 32.71 0.8965 32.95 0.8974 33.16 0.8999 33.03 0.8988 33.14 0.9010 33.36 0.9022
Tennis Court  32.51 0.8944 32.71 0.8960 33.12 0.9023 32.92 0.8994 33.07 0.8998 33.24 0.9053
Average 29.92 0.8408 30.00 0.8420 30.34 0.8476 30.25 0.8458 30.32 0.8472 30.45 0.8509
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®5 AEEETZE AID MK E F 30 2452 B35 2 458 5 P E 5 PSNR/SSIM
Tab.5 PSNR/SSIM of different methods on 30 types of RS scenes on AID test dataset for X 4 SR

Baseline F R BIMGOH 43 J7 1k
Bicubic SRCNN VDSR

Class
PSNR SSIM PSNR SSIM PSNR SSIM
Airport 27.03 0.7344 28.17 0.7813 28.82 0.8012
Bare Land 34.88 0.8278 35.63 0.8535 35.98 0.858 3
Baseball Field 29.06 0.7878 30.51 0.8275 31.18 0.8403
Beach 31.07 0.7850 31.92 0.8136 32.29 0.8195
Bridge 28.98 0.7915 30.41 0.828 2 31.19 0.8421
Center 25.26 0.668 1 26.59 0.729 8 27.48 0.760 1
Church 22.15 0.558 6 23.41 0.644 8 24.12 0.679 4
Commercial 25.83 0.6935 27.05 0.7558 27.62 0.777 2
D— Residential 23.05 0.591 2 24.13 0.669 1 24.70 0.699 3
Desert 38.49 0.9009 38.84 0.9130 39.13 0.914 8
Farmland 32.30 0.808 1 33.48 0.8393 34.20 0.8529
Forest 27.39 0.6199 28.15 0.6817 28. 36 0.690 2
Industrial 24.75 0.6552 26.00 0.7218 26.72 0.7515
Meadow 32.06 0.7070 32.57 0.7353 32.77 0.7395
M — Residential 26.09 0.643 6 27.37 0.7113 28.06 0.7358
Mountain 28.04 0.6890 28.90 0.7398 29.11 0.7477
Park 26.23 0.6812 27.25 0.7383 27.69 0.754 9
Parking 22.33 0.6715 24.01 0.7549 25.21 0.7956
Playground 27.27 0.7348 28.72 0.784 6 29.62 0.809 8
Pond 28.94 0.7715 29.85 0.804 9 30. 26 0.814 6
Port 24.69 0.742 2 25.82 0.790 7 26.43 0.809 5
Railway Station 26.31 0.668 6 27.55 0.7324 28.19 0.757 8
Resort 25.98 0.694 2 27.12 0.748 4 27.71 0.768 1
River 29.61 0.7251 30.48 0.7652 30.82 0.7750
School 24.91 0.667 3 26.13 0.7311 26.78 0.7555
S—Residential 25.41 0.553 6 26.16 0.616 5 26.46 0.6300
Square 26.75 0.7058 28.13 0.7640 28.91 0.7875
Stadium 24.81 0.689 3 26.10 0.746 7 26.88 0.774 0
Storage Tanks 24.18 0.636 1 25.27 0.6959 25.86 0.7217
Viaduct 25.86 0.649 0 27.03 0.7123 27.74 0.7418

Average 27.30 0.703 6 28.40 0.756 1 28.99 0.7753
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Tab.5 PSNR/SSIM of different methods on 30 types of RS scenes on AID test dataset for X 4 SR

% IR RGO 4y T ik
Class TransENet HSENet HAUNet TTST TSFNet R

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Airport 29.23 0.8182 29.22 0.8147 29.32 0.8163 29.29 0.8154 29.38 0.8195 29.47 0.8211
Bare Land 36.20 0.8626 36.21 0.8623 36.40 0.8657 36.20 0.8644 36.18 0.8642 36.22 0.8683
Baseball Field 31.59 0.8538 31.61 0.8513 31.67 0.8554 31.70 0.8564 31.76 0.8569 31.80 0.8572
Beach 32.550.8270 32.55 0.8251 32.69 0.8273 32.54 0.8270 32.58 0.8293 32.62 0.8301
Bridge 31.63 0.8544 31.61 0.8532 31.77 0.8556 31.68 0.8516 31.79 0.8544 31.82 0.8567
Center 28.03 0.7848 27.68 0.7796 28.14 0.7865 27.87 0.7859 27.96 0.7841 28.19 0.7885
Church 24.51 0.7038 24.38 0.6989 24.58 0.7054 24.47 0.7005 24.59 0.7078 24.60 0.7087
Commercial  27.97 0.7942 27.96 0.7894 28.05 0.7966 27.99 0.7889 28.09 0.7978 28.13 0.7984
D-Residential  25.13 0.7296 25.31 0.7257 25.24 0.7352 25.39 0.7207 25.48 0.7376 25.56 0.7388
Desert 39.310.9182 39.25 0.9176 39.58 0.9188 39.38 0.9170 39.47 0.9185 39.50 0.9219
Farmland 34.58 0.8645 34.46 0.8622 34.72 0.8665 34.45 0.8599 34.63 0.8640 34.68 0.8696
Forest 28.56 0.7059 28.68 0.7030 28.61 0.7119 28.67 0.7029 28.70 0.7048 28.72 0.7081
Industrial 27.210.7793 27.22 0.7756 27.30 0.7826 27.23 0.7699 27.41 0.7845 27.48 0.7868
Meadow 32.66 0.7484 32.67 0.7459 33.02 0.7474 32.79 0.7462 32.86 0.7486 32.92 0.7496
M-Residential 28.45 0.7544 28.56 0.7500 28.55 0.7564 28.60 0.7547 28.65 0.7569 28.75 0.7582
Mountain 29.28 0.7582 29.09 0.7558 29.32 0.7595 29.11 0.7580 29.25 0.7587 29.28 0.7623
Park 28.01 0.7702 28.06 0.7684 28.08 0.7715 28.06 0.7696 28.17 0.7728 28.23 0.7735
Parking 26.40 0.8355 26.30 0.8234 26.63 0.8368 26.45 0.8296 26.84 0.8372 26.92 0.8388
Playground ~ 30.30 0.8320 30.12 0.8262 30.16 0.8341 30.15 0.8311 30.40 0.8344 30.48 0.8359
Pond 30.53 0.8231 30.43 0.8213 30.60 0.8243 30.48 0.8218 30.54 0.8240 30.57 0.8249
Port 26.91 0.8256 26.88 0.8219 27.01 0.8277 26.99 0.8259 27.08 0.8280 27.18 0.8300
Railway Station 28.61 0.7791 28.71 0.7724 28.70 0.7828 28.78 0.7831 28.85 0.7839 28.92 0.7853
Resort 28.08 0.7835 27.92 0.7796 28.18 0.7851 27.94 0.7836 28.12 0.7850 28.16 0.7876
River 31.00 0.7830 30.89 0.7811 31.06 0.7836 30.90 0.7813 30.07 0.7838 31.13 0.7843
School 27.22 0.7783 27.17 0.7712 27.31 0.7796 27.28 0.7784 27.34 0.7798 27.42 0.7808
S-Residential  26.63 0.6452 26.74 0.6413 26.66 0.6469 26.74 0.6459 26.80 0.6456 26.83 0.6480
Square 29.39 0.8045 29.16 0.8007 29.52 0.8066 29.18 0.8035 29.45 0.8060 29.58 0.8088
Stadium 27.410.7965 27.30 0.7896 27.53 0.7989 27.33 0.7968 27.50 0.7998 27.62 0.8010
Storage Tanks 26.20 0.7394 26.28 0.7360 26.27 0.7412 26.22 0.7398 26.41 0.7426 26.46 0.7443
Viaduct 28.21 0.7629 28.05 0.7578 28.29 0.7644 28.07 0.7612 28.25 0.7657 28.32 0.7685
Average 29.38 0.7909 29.32 0.7867 29.49 0.7924 29.40 0.7890 29.50 0.7926 29.59 0.7945
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Fig.7 Super-resolved outputs of different methods on UCMerced dataset
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