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Abstract: Objective The lunar south polar region is a prime focus for international scientific inquiry and future exploration
missions due to its unique geological setting and the potential for significant volatile resources , notably water ice within per-
manently shadowed regions (PSRs). High-resolution imagery is crucial for characterizing these terrains, enabling safe
landing site selection, effective rover operations, resource prospecting, and the advancement of our understanding of lunar

geology. The narrow-angle camera (NAC) aboard the lunar reconnaissance orbiter (LRO) provides vital high-resolution

(up to 0. 5 m/pixel) data. However, the south polar region’s extreme illumination conditions low sun angles and exten-

sive shadowing result in a poor signal-to-noise ratio (SNR) for NAC images. To compensate for this situation, the NAC
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often employs a pixel summation mode, especially in these polar areas, which averages or sums pixel values (e. g. , in 2 X 2
to 4 x 4 blocks) to enhance SNR. However, although this process improves image brightness, it also severely degrades the
spatial resolution, reducing a 0. 5 m/pixel image to 1~2 m/pixel or coarser. This loss of detail critically impairs the identi-
fication of fine-scale geomorphological features (small craters, rock distributions, subtle slopes) that are essential for scien-
tific interpretation (e. g. , crater dating, regolith studies, volatile detection) and mission engineering (e. g. , hazard avoid-
ance for landers, rover trafficability assessment, ISRU site evaluation). This research directly addresses this critical data
deficiency by aiming to significantly enhance the spatial resolution of lunar south polar NAC images degraded by pixel sum-
mation mode. The core objective is to develop an advanced super-resolution technique to effectively restore fine geomorpho-
logical details, thereby acquiring high-quality data to support lunar scientific research and upcoming exploration endeavors
in this challenging but scientifically rich domain. Method This study introduces a novel deep learning framework called the
multi-scale super-resolution transformer (MSRT) , alongside a purpose-built dataset to tackle the multi-scale degradation
problem in lunar NAC imagery. First, a large-scale, multi-scale lunar NAC image super-resolution dataset was con-
structed. This process involved selecting high-quality nominal-resolution (approximately 0. 5 m/pixel) LRO NAC images
from diverse lunar terrains. The NAC s summation mode was emulated by downsampling these pristine images by factors of
2%, 3%, and 4X using average pooling, closely mimicking the pixel aggregation process. A controlled level of Gaussian
noise, based on real NAC image characteristics, was added to simulate sensor noise. This process yielded an extensive
dataset of paired low-resolution and high-resolution ground truth images, which are crucial for training and evaluating
super-resolution models specifically designed for this type of degradation. The dataset’ s unique focus on multiple, simu-
lated summation mode degradation levels provides a robust platform for developing adaptive super-resolution solutions. Sec-
ond, the MSRT model was proposed, strategically integrating the local feature extraction capabilities of convolutional neu-
ral networks (CNNs) with the global context modeling strengths of transformer architectures (specifically Swin trans-
former). MSRT’s architecture begins with an initial CNN layer for shallow feature extraction. These features are then pro-
cessed by a shared backbone of cascaded residual Swin transformer blocks, which learns powerful, generalizable deep fea-
ture representations common to all upscaling factors. The core innovation lies in its multi-scale reconstruction stage, where
multiple parallel, independent, and learnable scale-specific spatial-aware upsampling (S*U) modules are employed. Each
S3U branch, dedicated to a specific upscaling factor (2x, 3%, or 4X), takes the shared deep features (combined with shal-
low features via skip connections) and uses scale-specific convolutional layers along with sub-pixel convolution to recon-
struct the high-resolution image for its designated scale. This multi-branch reuse of deep features with unique terminal-
scale adaptive upsampling structure enables a single MSRT model to efficiently handle various degradation levels, enhanc-
ing adaptability and reconstruction accuracy while managing model complexity, and is trained end-to-end using an L1 pixel
loss function. Result The MSRT model’ s efficacy was rigorously assessed through comprehensive experiments on the
custom-built multi-scale lunar NAC dataset. Quantitative comparisons were made against several leading super-resolution
methods (blind super-resolution generative adversarial network (BSRGAN) , enhanced super-resolution generative adver-
sarial network (ESRGAN) , super-resolution residual network (SRResNet) , deep plug-and-play super-resolution (DPSR) ,
information multi-distillation network (IMDN) ) using peak SNR (PSNR) and structural similarity index measure (SSIM)
as key image quality metrics. Across all tested upscaling factors (2x, 3%, and 4x), MSRT demonstrated statistically sig-
nificant and visually apparent outperformance over all baseline methods. In the particularly challenging 4X super-resolution
task (recovering 0. 5 m/pixel details from 2 m/pixel input) , MSRT achieved a PSNR of 28. 73 dB and an SSIM of 0. 923 on
the test set, substantially exceeding the performance of competing approaches (e. g. , an approximately 3. 0 dB PSNR gain
over BSRGAN). Consistent superiority was also observed for the 2X and 3X tasks, highlighting MSRT s robustness across
varying degradation intensities. Detailed ablation studies were conducted to validate the contributions of MSRT’s key archi-
tectural components, such as the Swin transformer backbone depth, network width, and the S°U modules. These studies
confirmed the effectiveness of the design choices and elucidated the impact of different parameters on performance across
scales. Notably, the multi-scale training strategy for MSRT (simultaneously training all upsampling branches) proved
effective, yielding results comparable to or better than those obtained by training separate single-scale MSRT instances,

thus validating the efficiency of the shared-backbone multi-branch design. Qualitative assessments based on visual inspec-
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tion of the reconstructed images further underscored MSRT’ s advantages. The model effectively suppressed artifacts and
degraded input images

noise commonly seen in super-resolved images while successfully restoring fine-scale lunar surface details that are crucial
9

for geological interpretation. These details included the clear delineation of small impact crater morphologies, rock size and

distribution patterns, subtle regolith textures, and other minute topographical features that were indiscernible in the
Successful application to real-world LRO NAC images not seen during training also demonstrated
the MSRT’ s strong generalization capabilities. Conclusion This research successfully developed and validated the MSRT
model, a novel transformer-based deep learning approach for adaptive multi-scale super-resolution of lunar NAC imagery

degraded by the summation mode, which is particularly prevalent in the challenging illumination conditions of the lunar

south pole. The MSRT effectively addresses this multi-scale degradation, thereby considerably improving the reconstruc-
upsampling and reconstruction, forms its core technical contribution

tion quality of fine lunar geomorphological features. The MSRT model s innovative architecture, which combines a shared

Swin transformer backbone for powerful cross-scale feature extraction with parallel, scale-specific S’U modules for tailored

This design enables a single model to efficiently and
accurately handle multiple degradation levels, offering a practical and high-performing solution. The high-quality, high-

resolution lunar surface data reconstructed by MSRT provides crucial support for detailed geological analyses (e. g. , crater

studies, regolith characterization) , enhances the precision of landing site safety assessments, aids in safer and more effi-

cient rover traverse planning, and facilitates more informed evaluations for potential in situ resource utilization. While

0

MSRT shows significant promise, future work could explore more complex degradation models and the integration of physi-

5l
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i3

cal or geometric priors. The architectural principles of the MSRT, particularly its strategy of using a shared backbone and

specialized branches, offer valuable insights and a strong foundation for tackling similar multi-scale super-resolution chal-

lenges in other remote sensing applications, such as imagery from other planetary bodies or Earth observation systems
MSRT thus represents a notable advancement in computational remote sensing and image restoration
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Fig. 7 MSRT architecture diagram

3057



3058

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 9, Sep. 2025

e HL 4 e BN 5 JR R A 1 I TR IZRRAE F o

X2 RUE B 7 J A, LB B 2 2K CNN 4
HE5E . B2, WERHE F, 5% 29 1E FoR G E
AR B RS RIARE F,, LIS B Z B RS R G
F, B35 A BT XA RO A B i 7 bR 43
oo A5y 3P ER YRR RUBE A )RR R RE AR
(SU) ¥l 22 ) BRUE M TR R EHABERAE (R
CNN#:1E) ¥ 1%, 0 508 FR A =5 30 LR FE 2 H AR 2
R IR A R AT
2.2 HEREZTE BN ERFEER

MSRT £ Y 1 Q1) 37 4% 0 2 — #F T H A= 1
Transformer IR B R AE $2 HUZ 5 51 X885 R A5 R0 il
ST AR RE RUBE 28 [R] B L RAR B (S'U) 22 [8] 1) 11 4K
PAE TAEMLS] . XA IR Wb SE B T 25y 2
FHURZ AT, A0t SRR A I 4248, A4
Tt T ARG 22 RUOBE S AR P W ARIE T 45 R
TFEELSR AR, RN PR T FE
b SRl A R

J T R A 1 mAMRER 1L S AR R 2 /B
S Z PR RS R IT 742 8 Bk NAC MG
M AP AR B, A SCH I BUHT Y S'U R
FERIH, 2B B 7R AE JL IR R R A Rk -, Oy
FEAORATBAR AL ST, | F 38 R )RR S 52, SE B
T2 3 E IRIZFRE A R FE Sy 34
] " (RS R 45 ), BRRIE T 22 ROBEAT: 45 i3 1M,
REA R AR RUEE T (1) T g kBt

T PEAR SO R Z B R BRI BT 2R F,
)2 Transformer B H S 40 405 FFAE F, A7,
N4 JR R IR RARAE F . % IR F] NAC R TE AR
)RR AT X 125 (R 4015 A 75 2R OR ], AR SC7E 4
ML NFRGIA T FAAREH S 0T 2% ) BB AL,
AR BRI, et 4R R R IR RRAE F,
AT — BB (W, %) i TR R EHER T
167308 T £ 5 e S 38 O 2 ) 2 ) A R o R

F.s=R,(W*F,) (1)

o+ FOR B RERAE , W, BT X RS BT 5 2 11
A2 o) B (R SE RS 505 S, M6, DUEAE T
BREREHFFRNERAZS RN o R (%) Redi ALE
I 5 F Y 38 3 2 R AT R B 2 (Rl Ak B, SR )
MCH, W) B (Hg, W) R-Tt . a4 285 ) Ak 2
FRERVEAS B e 20 2 ] 43 1) 8 o3 WE s A5, o]

FRH

Ly = Cy(F,5) (2)
A, C ()2 R AR RO AEES, T 105 b 33 AR 45
A TH AR BHEE (R — R A I8 T
MR R4 0. B AR SCil 5 B /M L 1R 2 45
SR MSRT AL 255, Bk

L=l -1

] (3)

K 0 SRR HER L 1, B A MSRT J5 7451 1 18
IIGESR 1 7RI R LS R 2 HEREAR

2 Transformer |2 5 SU B HL B3 [RI AL il B9 4% 0
TE T B e L2 Transformer 35 0 25 ¥R B H2 HiUEL
A RSB P R AR . XSG — 1 i PRI
B 5 B 52 4 AH [R) 0 K 45 25 A I FAT BY BT R S T
RATECH FRAERIT . 43> S'U A HR Py ¥ 2ot 57
2] S B R Y SRR AT R R TR 1Y
AR b oRAE, TR A0 i A X R E AR R Y
a0 o XA BT AR I TR B AR S U
7 PAT — I, T 2% FRUBE R A 1Y T AT 55 0 ey AR X 2%
H MBS R, R T 2 RE B S R
FRA T R L E A PLEE S

3 LHHER

3.1 =ZHxfEbiRE

BSRGAN (blind super-resolution generative adver-
sarial network ) (Zhang 55 , 2021 ) J& — F & T A= pl XF
BT M 2% (generative adversarial network, GAN) 1Y) § #
Y PERITI B BRI R TP R 2B AR
PO B —RE IR AL, R T 1RO LT
SR FE IR 7S 5 ZFR AL R R IS T BEALATEL R
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PSNR) 1] (1Y) BSRNet 155 5 , i 5 75 1 S At - 311 )k
G 17 19 BSRGAN AR A, LU= L 1 B 3 B
(s R KR . SR W], BSRGAN 114k i B AT
Z MR B UG R 6, o HAE BRI A
RS A1 7 T RAT B

DPSR (deep plug-and-play super-resolution ) (Zhang
F,2019) 72— FhE TR LS T B 0 HERJ7 1%
BT R — b RIAe B HTHE S 55 R 2 2 T 1) o3 B
FRBIANGE G o LR B e — R iy EH5R L
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MSRT A4 -2 PSNR 353 28. 73 dB, &k A 77
2: BSRGAN(25. 73 dB) $2& 7} 3. 0 dB (AHX 15 22 FEAIK
11.7%) ; SSIM FEHRIRLL 0. 923 I 45156 Hifth 5 12 .

35 0T 55, MSRT ) PSNR 5 SSIM 43 1] ik
£]29. 86 dB F10. 933, % DPSR(26. 82 dB, 0. 871) H.
£73.04 dB F10. 062 HYFETHIR B . Bl R R AFEAS 5
(R 35 I CRI 43 AR A RE BE R ) , MSRT #5570 75 44
TIWRAZ 5 4R — B0 T B LA Sk B

R2 AAFEEIASENEETHIFHER
Table 2 Evaluation results of different methods for 4x

super-resolution reconstruction

Livallae S pREE S
Trik

PSNR/dB  SSIM  PSNR/dB  SSIM
BSRGAN 26.01 0.896 25.73 0.898
ESRGAN 23.89 0.833 23.92 0.837
SRResNet 23.88 0.830 23.87 0.837
DPSR 23.35 0.825 23.37 0.835
IMDN 23.22 0.826 23.59 0.832
MSRT(ZA30) 29.12 0.929 28.73 0.923

T L PSR R  B R R4 2R

R3 AEFAEEIFEHERTHIEEER
Table 3 Evaluation results of different methods for 3x

super-resolution reconstruction

ISR MR
i

PSNR/IB  SSIM  PSNR/AB  SSIM
BSRGAN 29.13 0.939 28.33 0.912
ESRGAN 25.98 0.866 24.42 0.858
SRResNet 26.66 0.887 25.85 0.859
DPSR 27.33 0.901 26.82 0.871
IMDN 26.96 0.898 26.27 0.867
MSRT(A30) 30.02 0.941 29.86 0.933

TE MR R S 2 9 fe L4

MSRT Pk REAE S T LA B AL - 1) A SC A
Btk o gl A T Transformer #1 CNN A0 # . W2
Transformer EHLIE &8 F 1 2 T ALHIHHE H R BA 5T
W S B0 RS Ml SRR 1 2 R F G &R
17 CNN P Jr 7S 52 BB ) B 355 55 i ) 38 50 B S
N R FRAFAE o X AL E AN BT 45 MSRT fiE
% [] Fof S 4 Jr) 235 4 Ry B 4TS A E . 2) BE R

R4 FAEFEE2EBHEETHIEEHER
Table 4 Evaluation results of different methods for 2x

super-resolution reconstruction

ISR M AR
J5i:

PSNR/IB  SSIM  PSNR/dB  SSIM
BSRGAN 35.02 0.972 34.39 0.965
ESRGAN 33.78 0.949 33.20 0.949
SRResNet 34.12 0.958 33.55 0.951
DPSR 33.93 0.955 33.32 0.950
IMDN 34.23 0.960 33.66 0.952
MSRT(A30) 35.12 0.977 34.54 0.967

T L P SRR 5 8 B AL 25

NAC AR FE AR SR AR 2 £ R 43 9
IRk 8, MSRT LRI H S'U _FRFERIHL, %A%
B X A [ 1R A0 RUBE ik ST AR AR AR 2R EEHESR I, S
T XA [R] RUBEFRRAE AR 4l Ak A B, A5 R v IR T 1
B A 5 R RRAE B B e ()92 AR A

Xt HeAE 88 77 B Al WL, BSRGAN HI ESRGAN iX 7
Fi LT CAN [ 7 i BLARTE [ AR GO 4 h R B
o, (HFE AL H NAC S5 I 25 5 72 A O 5 RN 4l B 2k
Lo X FEIE A GAN A Il Zk B bRt A A5 L
HEREE, TEHEE SRR R RS E R . X T H
BRIE BT T T, 2 WL R MK A 4% R E S B A
FOCH M GAN A A ASAR E 1 ] fiE S B M 5%

LS 5 2R 23 1 s SRResNet . IMDN 454 CNN
J5 i R T AZ B 22 B, X LA S I o Bt 2k 1 B R
FEAIE 5 170 DPSR 19H & R A T ZE 10 X NAC S84 A
TR G 1B Ak CREE 2 3 SR A S I ARHR G B 52 ) i 2R 1
KA,

Ry iE— 25 B AN [R] 7 3 H Bk NAC 5%
1G0HR 43 B F A R RSO, AR SOOI 3 4 v B L 36 B
T REARIEAT AT, 45 A& 8 fir . g AT
1, TV DR AR ZEAL 1 T T 3 R BRI R 3 2
TN gy B sc B ) (938 JELRE 1R F AR SCHE
() MSRT BRI J 30 g 2 5. BRI 7 , MSRT
A PSR M TR AR i R
FEEEHL AR B T AR 5 A B SR T ) L BT AR AR AR
B PDE AR T B

F5SXTH T MSRT AR H 22 KU 1| 25 (ms) il
BRI (ss) I HEREZE 5, Hop “ms" R R 2 RUE
Yk, “ss" R S5, xR R4 OB .



$30% /E 98 /2025 £9 A

wTEE, BBEE, &ENI, Jean—Pierre Barriot
ERBEVNAREZGEENSREBSRERE

LR (x4) MSRT BSRGAN ESRGAN

HR

MSRRResNet DPSR IMDN

K8 ANl 73 5 7 i i T A2
Fig. 8 Visualization results of different super-resolution

reconstruction methods
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B9 T o M H AT DAY b b 42 1), MSRT #5754 7
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Table 5 Comparison of MSRT model evaluation results

using multi-scale and single-scale training
ISR M
PSNR/dB  SSIM  PSNR/dB  SSIM

BEA R

MSRT(ms_x2) 35.12 0.977 34.54 0.967

MSRT(ms_x3) 30.02 0.941 29.86 0.933

MSRT(ms_x4) 29.12 0.929 28.73 0.923

MSRT(ss_x2) 35.11 0.978 34.56 0.969

MSRT(ss_x3) 30.02 0.942 29.89 0.935

MSRT (ss_x4) 29.10 0918 28.69 0.919
T L PR 5 8 R A2 2R

TR RS A 25 i H BRER AR i 0 N H b 55
fIE . MSRT A4 5 g 25 TR i 25 8 5 1 40779 A0 35 i
A SR GRS EER] . MSRT B A 2 6% 1
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Sy it — 25 B MSRT #2580 78 B 5 s b 3z Ak
fE 7, AN SCHE A BRI X BB HL L £ T — R P
2,13 mME ZE B NAC 5214 (ID: M1446219541RC,
AR R £ 79.0°S, 241, 72°F) #E4T 8 43 # E1PA
SN 10 FT7R o TRDRE A UL 3k 9 ) 3k pig A X 35
18, MSRT AL REHE A R 2 B A St il 2 bt N S B
M 22 AL S AT, A RE A T 8 75 0T R s B R AR
LSS AUER I o X R S 2 R FDG RS
AR S 2 BR, F2 I MSRT EL 4% 58 K A 195 55 45 58 7
BT, o H Bk M A B R T AT S Y i A BER SR
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3.5 HEERIE

FTRAEIE MSRT LA v % SC 2 1 KB S8
X H BRI NAC 52508 4 HE 32 i VR RE Y 52 ), A
I T — RYNH RS, OGN AEE U R
Fo/IN CRSTB H0E: DL i A2 B 3 4 4~ i R K 9
PEASG T EAIHE 245 35 A 4 548 /AT 55 T XA Al Pk
AE 18 b 05 (B 15 W L (PSNR) B2 . S2 06 245 21 DL
11 7 1Y 4 4 42 B, R — i LA T3 T b SR s 1
TR E S B AR B AR RS R #E 4 ROBE R 19 PSNR
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B 11(a) 7R T PSNR I 2525 B0 AR fb fa 3
AL FEN 200 00, e A3 RUBE (1) PSNR {2 ek [
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Fig. 9  Visualization of MSRT multi-scale super-resolution reconstruction results

ID: M1446219541RC, ¥R 2.13 mA% 2, HubAebr: (79.0°S, 241.72°F)
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Fig. 10 Visualization of MSRT super-resolution reconstruction results in real-world scenarios
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