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Abstract

Existing remote sensing image super-resolution reconstruction methods have achieved certain ef-
fects in the restoration of main structures, but there are still problems such as insufficient utilisa-
tion of high-frequency information, edge blurring, and inadequate detail recovery in complex tex-
ture areas. A remote sensing image super-resolution reconstruction method with frequency-do-
main enhancement (Frequency-Enhanced Prior Reconstruction, FEPR) is proposed. This method
uses RRDBNet as the backbone network and introduces a frequency-domain enhancement module
during the deep feature fusion stage to enhance the network’s ability to represent edges, textures,
and local high-frequency structures by statistically analysing high-frequency responses in the fea-
ture spectrum and performing channel adaptive recalibration. Meanwhile, a combination of pixel
reconstruction loss and frequency-domain consistency loss is used for joint supervision to improve
the consistency of the reconstruction results in both spatial and frequency domains. Experimental
results on publicly available remote sensing datasets such as NWPU-RESISC45, AID, UC Merced Land
Use, and WHU-RS19 show that the proposed method achieves relatively stable reconstruction per-
formance under different datasets and scale factors. Notably, in the x4 task on the NWPU-RESISC45
dataset, FEPR achieved a PSNR of 25.52 dB and an SSIM of 0.6345, with SSIM outperforming EDSR
and RCAN. Ablation experiments indicate that the frequency-domain enhancement module and fre-
quency-domain consistency loss play a certain role in improving reconstruction performance.
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Figure 1. Overall framework diagram
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Figure 2. Frequency domain enhancement module

2. SJUEIESEAR IR

w:a(Wzé'(le)) ©)

Hrb, 6() 4 ReLU Bufi s %0, o () 4 Sigmoid WG R, ff, KIHEAEAE M T BIARHE, FF KR
ZEMG T A5 RIS 585 I RAE RS -
F

enh

Hep, o NEREK, o FRBMIERE. ASCER IR o BB 0.1, AT b s om 2> 300 14
LIRS AL, 6 G o 55 P38 1 B A 8 SR A 22 RV R R IA AR SE

=F+a(wOF) (10)

DOI: 10.12677/sea.2026.153042 449 W TSR


https://doi.org/10.12677/sea.2026.153042

i S 3O R AT h B = e 15 2, FDA BUERBERS 51 3 48 BEIN QTR L . SO R R 45 1)
SR IXIE, AN ER TR0 s i 5 i) Ik g

2.4. LR
ASCR MG E B SR — SO B AT I & B, T 28 2 4% SR 2% (A1 5 4| 3%y e s
WEIT ST A R B . (5 B AR R SUN:
Ly =[5 = L, (11)
Hoh, 1, FREER PRI, ] %R LM 5 L BURALL, L B0k A R0 L I,
AR RSN 18]. SIS —FOHEB5k, MRS A 0 3 — b Ao T e 5

Ly, = “log(l+|]-'(1SR)|)—10g(1+|.7-'(1HR )|)”1 (12)

DS T (9 5 TS G P M (L 022 50, 383 G 5 K R D R 09 52
REZI[19]. %, BHURREE SUN:

L= Lpix + ﬂ’ﬁ'erszmq (13 )

Hep, 4, APUEHURBGE . AR TR 4, WEDY 0.01, AT P B R EEHUL SR Bk pik

(ISR, SRR A AN W 2 515, 8 S L S A T 3 T4 % 2 A 4 g P2 5T
3. IRERSDHR
3.1. LR E

S FET PyTorch 2.1.0 HEZ2SZH, 7E Ubuntu 22.04 #:4F 248 F (T, CUDA fR4AH 12.1, GPU A
NVIDIA RTX 4090D 24 GB, CPU /4 Intel Xeon Platinum 8474C, W17~ 80 GB. F:fifi B @A UK F] Adam
AR AT IR, SHAEBEN B =09, B,=0.999, YIEE¥REE N0, WEZRAKLEN 0.
YIRS R SR AR 5% 1B KORME A 2 21 3, /N I RN 1x107° o YISRI B =i 43 e EG Hh BE AL BY
9696 M EUGHUERIGRFEA, FEx4 TRORFE T RLRMR 3 HE 4 A RSS9 24x 24, batch size WEA
8, WZRFEE N 200, Fi—KH Bicubic FRIFMIEMNHRIAN, FFEX2. x3 Fix4 =FHBRMERT
BT VAR [20], Forpxd fE RN EBEOHIE .

ACHEEL NWPU-RESISC45. AID. UC Merced Land Use Al WHU-RS19 P42 38 [k B (5 H0 s 557
J& 5255 . NWPU-RESISC45 154 F 228 5 MR AR &, #% 8:1:1 B LU 73 A I ZREE | JauE &2 Al 4E
AID. UC Merced Land Use Al WHU-RS19 1E N 7 MR EHE 4L, T BB EAS R 5008 20 A 4140 R 1)
ZALYERE . PR FE PR K F VB {5 M L (PSNR) RN S5 FI AR A (SSIM) o X LE 7732504 Bicubicy EDSR. RCAN
HTESRGAN. H:f1, EDSR Hl RCAN St ARY ) 8 8 3 m) 7025, W] S BRR J2 5k 22 45 A AR 2 WL AE = Ik
HE TSP TEREK ;s ESRGAN ANy M M A S0 71k, ol T B R E i H An AP 2 e
PR RCR 2SR . &INERAS— R KGR, IS5 A2l b i SR B 58 %
SRR,  DLRAIE S8 45 BT Lk

3.2. 5ERAENE

ANFITTVEAEXA JTROKAG R T T 4 NG EEE L e mxt g /a2 1 s,
JOARSKRE , FEPR 7 VUM 84 45 L35 0RRF 1 R 0E I 58 iR B, J-7E NWPU-RESISC45. AID 1 WHU-
RS19 ¥di4E FEUE R B IE R Ls 5. o, 7F NWPU-RESISC45 $#24E I, FEPR [#) PSNR 11 SSIM

DOI: 10.12677/sea.2026.153042 450 OISR


https://doi.org/10.12677/sea.2026.153042

oy REE] 25.52 dB M1 0.6345, i PERERE; 1F AID f1 WHU-RS19 $(#54E I-, FEPR [ PSNR ¥JHUf5 5
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Table 1. Quantitative comparison results of different methods on four remote sensing datasets

1. FRIFEENMERKBEE LN EEXLER

GRS Ei=270 Bicubic EDSR RCAN ESRGAN FEPR (Ours)
PSNR 25.30 25.51 25.51 2421 25.52
NWPU-RESISC45
SSIM 0.6058 0.6166 0.6177 0.5752 0.6345
PSNR 26.23 26.46 26.47 24.97 26.48
AID
SSIM 0.6459 0.6647 0.6660 0.6048 0.6654
PSNR 2531 25.19 2521 24.19 25.23
UC Merced Land Use
SSIM 0.6694 0.6653 0.6675 0.6298 0.6664
PSNR 26.49 26.68 26.69 24.87 26.70
WHU-RS19
SSIM 0.6563 0.6713 0.6725 0.6095 0.6720

EDSR 1 RCAN {ENEH S 7 ik, #BARDIFEE; ESRGAN T s Ao AL i, [FIL7E PSNR

A1 SSIM F& b5 AR T Hofl 792z, #H%F EDSR Al RCAN, FEPR 7£°F-1 PSNR ERIRTHIEEE AR . X &
AU RS I AR B PR ARG R R 2, MR 2AEH T RIS e . @R, ERLIR
SER . LI BIE IS KNSR X Sk, FDA R GRS I8 i v A7 o7 g AT 530 I 26 6 41 1515 B Rk,
I 5 A CRF AN B B & 5 T B A — e R
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AR ICAE NWPU-RESISC45 Fll AID $H4B4E FIFRE T %2, x3 Fixd =R R xS Estst . AR
VATE NWPU-RESISC45 ##a 42 A1 AID H4R4E e B mlnsk 2 AL 3 . AR E, BEE UK
FEZMR, & J77EH PSNR Al SSIM ¥ & Ry, Ui w52 AR5 1 APk tt, X580 RT
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Table 2. Comparison results of the NWPU-RESISC45 dataset under different magnification levels
% 2. NWPU-RESISC45 HIBRETR R ABEETHII LR

B0 Bicubic EDSR RCAN ESRGAN FEPR

PSNR? 29.36 29.61 29.63 28.78 29.64

? SSIM?1 0.7812 0.7968 0.7981 0.7486 0.8014
PSNR? 27.18 27.39 27.40 26.36 27.42

- SSIM1 0.6915 0.7062 0.7075 0.6518 0.7120
PSNR? 25.30 25.51 25.51 24.21 25.52

“ SSIM?1 0.6058 0.6166 0.6177 0.5752 0.6345
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Table 3. Comparison results of the AID dataset at different magnification levels

= 3. AID BIEETRIMA B R THIX SR

E =2 Bicubic EDSR RCAN ESRGAN FEPR
PSNR1 30.12 30.34 30.35 29.42 30.36

x2
SSIM? 0.8126 0.8281 0.8293 0.7815 0.8306
PSNR1 28.04 28.23 28.24 27.10 28.25

x3
SSIM1 0.7248 0.7392 0.7401 0.6887 0.7410
PSNR? 26.23 26.46 26.47 24.97 26.48

x4
SSIM1 0.6459 0.6647 0.6660 0.6048 0.6654
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5]\ FDA tB 5 5idd ik, Bl 247 FEPR. &5 a1 4 Fior.

Table 4. Ablation experiment results
4. HRASLIREER

Y RRDB FDA SR R PSNR SSIM

El \ x x 25.49 0.6329

E2 \ \ x 25.50 0.6332

E3 \ x V 25.45 0.6309

E4 (FEPR, Ours) \ \ y 25.52 0.6346

5 E1 ML, E2 ) PSNR A1 SSIM 56 FrieFt, 18] FDA BEHLRENE AT 20 55 ) 26 of v 4545 B (1) R AE
BE 1, SHAGMEERAMTTIRE LA BMAIER . B3 4 RKT El, RUITEGZ BRI E T,
ASCIE A AT A S 4 A DLHT R ARE B 2, L 2 T e TR T Ak . E4 BUS S L 45 R(25.52 dB/0.6346),
Ui B FDA BB 50— B0 2 LA P i B A b s R IE R IL, 58 O O0E — ik, —
T FBETE T IR R MG o AR R .
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Figure 3. Visual comparison results of different methods in typical remote sensing scenarios. (a) Airport;
(b) Court; (c) Road; (d) Architecture
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