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Fig. 1 Schematic diagram of super-resolution reconstruction for typical light-field images
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Fig. 2 The overall framework of the network
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Table 1 Quantitative results of different methods on 2x and 4x super-resolution tasks

2x
Method
EPFL HClnew HClold INRIA STFgantry Average
Bicubic 29.66/0.938 31.82/0.936 37.61/0.978 31.25/0.958 30.98/0.950 32.26/0.952
VDSR 32.50/0.960 34.37/0.956 40.61/0.987 34.43/0.974 35.54/0.979 35.49/0.971
EDSR 33.09/0.963 34.83/0.960 41.01/0.988 34.97/0.977 36.29/0.982 36.04/0.974
RCAN 33.16/0.964 34.98/0.960 41.05/0.988 35.01/0.977 36.33/0.983 36.11/0.974
GB 31.31/0.958 34.75/0.964 40.10/0.987 32.94/0.972 34.95/0.980 34.81/0.972
LFSSR 33.68/0.975 36.83/0.975 43.79/0.994 35.28/0.983 38.00/0.990 37.52/0.983
resLF 33.46/0.971 36.59/0.974 43.34/0.993 35.20/0.981 37.98/0.981 37.31/0.982
LFSSR-ATO 34.24/0.975 37.22/0.976 44.05/0.994 36.12/0.984 39.54/0.993 38.23/0.984
MEG-Net 34.31/0.977 37.37/0.978 44.06/0.994 36.09/0.985 38.75/0.991 38.12/0.985
LF-IINet 34.69/0.977 37.75/0.979 44.84/0.992 36.57/0.985 39.87/0.994 38.74/0.985
MFSRNet 34.78/0.979 37.85/0.978 44.71/0.995 36.59/0.986 40.51/0.994 38.89/0.986
OURS 35.54/0.978 38.39/0.980 44.96/0.995 37.13/0.985 41.12/0.995 39.43/0.987
4x
Method
EPFL HClnew HClold INRIA STFgantry Average

Bicubic 25.17/0.832 27.63/0.852 32.45/0.934 26.85/0.886 25.96/0.845 27.61/0.870
VDSR 27.25/0.878 29.31/0.883 34.81/0.952 29.19/0.921 28.51/0.901 29.81/0.907
EDSR 27.84/0.886 29.60/0.887 35.18/0.954 29.66/0.926 28.70/0.908 30.20/0.912
RCAN 27.88/0.886 29.64/0.888 35.23/0.954 29.77/0.927 28.92/0.912 30.29/0.913
GB 26.31/0.866 28.99/0.883 33.98/0.951 28.08/0.912 28.13/0.899 29.10/0.902
LFSSR 28.34/0.910 30.76/0.913 36.74/0.969 30.36/0.946 30.23/0.940 31.29/0.936
resLF 28.11/0.901 30.57/0.909 36.59/0.968 30.20/0.940 29.95/0.934 31.08/0.930
LFSSR-ATO 28.52/0.912 30.88/0.914 37.00/0.970 30.71/0.949 30.61/0.943 31.54/0.938
MEG-Net 28.73/0.916 31.08/0.917 37.25/0.972 30.65/0.949 30.74/0.945 31.69/0.940
LF-IINet 29.09/0.919 31.35/0.921 37.54/0.973 31.01/0.951 31.22/0.950 32.04/0.943
MFSRNet 29.32/0.920 31.42/0.922 37.64/0.973 31.51/0.952 31.42/0.942 32.26/0.942
OURS 30.70/0.913 33.49/0.926 37.63/0.974 32.23/0.955 34.47/0.959 33.70/0.945

ST S AT TR, FEhr s S B0
(params). V7 s (FLOPs) UL} PSNR/SSIM, firfy
LI ELT PyTorch HEZE, 1 AMD EPYC 9754 (128 #%,
F4i 2.25 GHz), 512 GB N A7 Dk J2 NVIDIA GeForce
RTX 4090 D GPU Myff R 345 T 58 i, 76 2 106 T HAk
6 e BCHE R R D A R RN
5x5x32x32 pixels A, PSNR 1 SSIM Jy T %%
PR EYME ., g5 EaY, HfEM PSNR [dB)/SSIM
PALEge i, LSS I LS (e

TE 2 Bz b, AU E N S B UA
2.08 M, 8+ H 503.8 GFLOPs, [f]ff7E 4%t HAs 5 e
SEEL T e 9S4 PSNR/SSIM (39.43 dB/0.987)., 7E 4x4F
%5, SHFETFE 249 M, B 24N 548.5 GFLOPs,
RIHFAS T Fef i 744 PSNR/SSIM (33.70 dB/0.945).,

3.4 HRASELE

3.4.1 MCI B3RAR
RIHIE 2 REAS B AL (MCT) BA R, 7E%S
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23.23/0.802 24.15/0.831 26.17/0.864 26.26/0.863 25.61/0.853 26.16/0.864
resLF LFSSR-ATO MEG-Net LF-lINet MFSRNet OURS

PSNR/SSIM 25.79/0.710 27.35/0.766

EPI- PSNR/SSIM 22.40/0.813 24.25/0.846
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27. 65/0 776 27. 79/0 779 28.90/0.835
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Fig. 6 Visual comparison of 4x super-resolution results
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Table 2 Parameters, computational cost, and average PSNR/SSIM of different methods on 2x and 4x super-resolution tasks

2% 4x
Methods
Params/M FLOPs/G Ave.PSNR/SSIM Params/M FLOPs/G Ave.PSNR/SSIM

EDSR 3831 987.6 36.04/0.974 38.49 1021 30.20/0.912
RCAN 15.31 391.0 36.11/0.974 15.42 407.6 30.29/0.913
LFSSR 0.81 25.7 37.52/0.983 1.62 128.4 31.29/0.936
resLF 6.35 37.1 37.31/0.982 6.79 39.7 31.08/0.930
LFSSR-ATO 151 597.7 38.23/0.984 1.66 687.0 31.54/0.938
MEG-Net 1.69 48.4 38.12/0.985 1.77 102.2 31.69/0.940
LF-lINet 4.84 56.2 38.74/0.985 4.89 57.42 32.04/0.943
MFSRNet 1.22 45.6 38.89/0.986 1.25 107.6 32.26/0.942
OURS 2.08 503.8 39.43/0.987 2.49 548.5 33.70/0.945

(1)~ B DRI B | AU iR g 2 1 AR AR R N
S OL T B BR iz, H 42K EPI-Mamba 5 SA-
Mamba $& B FFAESEA T T SR DFHE S i A S 22 4 . S0
ZiREW, fEHD MCIIIE LT, #EAIYE PSNR F
SSIM f5 b5 b ¥ i SR W TR, Nk 3 Fron . X B
MCT FEAIE F 25 [A]—F B XA B RRAE IR 228 B S5 4
TR HE T OCEYER, REREAT S50kt G B fi 1) PR — 2 i
fiE, DTG SRR A RN RS R . UL e 285 S i

— RN, BER MCI 5 (1% 5 25 R A7 AE SO ek
FNGHERIG, W 7 PR, BAE T S A
SR 5 A — B PR i
3.4.2 SAM BEBREA R

TG A [R]-A BE R LR (SAM) AR, 1
SERCREAY (Y JE A RS BRIZAR L, AU MCT Rl 5 1
FAIE AR A G S M TE . SCIRAE R INE 4 B,
B/ SAM R AL /E PSNR FI SSIM 45 45 ¥4 T F %,

%k 3 Ark MCl A2k 6 4 TARE 2x ER AL PR SRR

Table 3 Quantitative results of the network variant without the MCl module on the 2x upsampling task

Methods Params/M EPFL HClnew HClold INRIA STFgantry Average
w/o MCI 2.06 35.26/0.977 37.88/0.978 44.91/0.995 36.96/0.984 40.83/0.993 39.16/0.985
MCI 2.08 35.54/0.978 38.39/0.980 44.96/0.995 37.13/0.985 41.12/0.995 39.43/0.987

29.95/0.877 28.26/0.879
w/o MSSA-FFM

PSNR/SSIM

HEPI-PSNR/SSIM VEPI-PSNR/SSIM

30.06/0.88 28.59/0.889
OURS

B 7 /£ 1SO Chart 1 %% 2x B EAE 44, 4% MCl &AL % f

Fig. 7 Visual effects of MCI module removal on the 2x upsampling task in the ISO Chart 1 scene
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3.4.3 FRDiff BEHA R

TEFS R FRDIff BRI E AT, X SAM B
BRI 3EFT Pixel Shuffle #RE T4 bRk, ARG

IR 25 N ERARSS R TR R B, RLTRANT
SRR ARG R X RO SR AR BRI S A 1O 4
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T PR R M RS, R bR AN 5
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FAAEWLEAN R, Al 9 Pis.

4 % ip
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Table 4 Quantitative results of the network variant without the SAM module on the 2x upsampling task

Methods Params/M EPFL HClnew HClold INRIA STFgantry Average
w/o SAM 2.07 35.48/0.977 38.23/0.979 44.93/0.995 37.05/0.984 41.08/0.993 39.13/0.985
SAM 2.08 35.54/0.978 38.39/0.980 44.96/0.995 37.13/0.985 41.12/0.995 39.43/0.987

4 5 #I% FRDIff A3k M 24 TR 2x ERHE S P2 B4R
Table 5 Quantitative results of the network variant without the FRDiff module on the 2x upsampling task

Methods Params/M EPFL HClnew HClold INRIA STFgantry Average
w/o FRDiff 2.04 35.12/0.976 37.85/0.978 44.87/0.994 36.76/0.984 40.68/0.993 39.10/0.985
FRDiff 2.08 35.54/0.978 38.39/0.980 44.96/0.995 37.13/0.985 41.12/0.995 39.43/0.987

/ mm\

37.92/0.990
J" i
28.04/0.927 29.94/0.947
MEG-Net OURS

B 8 & Tarot Cards S %344 2x Lk 4454+, #1% SAM
R A
Fig. 8 Visual effects of SAM module removal on the 2x upsampling task in
the Tarot Cards S scene

PSNR/SSIM

EPI-PSNR/SSIM

Sculpture_Decoded/INRIA_Lytro GT

36.37/0.969

33.94/0.960
32.66/0.0.935 34.68/0.958
LFSSR OURS

B 9 # Sculpture_Decoded ¥ & #9 2x L R AL 4, %
FRDiff #9435 % "%
Fig. 9 Visual effects of FRDiff module removal on the 2x upsampling task

in the Sculpture_Decoded scene
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Light field super-resolution with Mamba subspace
scanning and diffusion modeling

Wang Fei’, Zou Xi, Gao Jianbang, Gao Guowang

School of Electronic Engineering, Xi'an Shiyou University, Xi'an, Shannxi 710065, China

Abstract

Objective Light field super-resolution (LFSR) aims to reconstruct high-resolution light field images from low-resolution observations
while preserving both fine spatial details and angular consistency among multiple views. Because spatial and angular information are
tightly coupled in light field data, reconstruction is challenged by both feature complexity and view dependency. Existing approaches often
suffer from two major limitations. First, high-frequency textures, edge details, and subtle structural patterns are easily degraded during
feature extraction and upsampling, resulting in blurred outputs. Second, insufficient modeling of spatial-angular correlations may introduce
inconsistencies across viewpoints, impairing geometric fidelity and visual coherence. To address these issues, this paper proposes a light
field super-resolution framework that integrates Mamba-based subspace scanning with diffusion-based generative reconstruction. The
framework is designed to enhance high-frequency detail recovery, strengthen long-range spatial-angular dependency modeling, and
improve reconstruction accuracy and cross-view consistency under different upscaling settings.

Methods The proposed framework adopts a dual-branch subspace scanning strategy based on the Mamba architecture. Considering that
light field images exhibit complementary characteristics in different subspaces, two specialized branches are constructed for efficient
modeling. The first branch, termed EPI-Mamba, focuses on Epipolar Plane Image (EPI) structures, which explicitly characterize geometric
relationships across viewpoints. This branch is therefore used to capture directional continuity and structural variation in epipolar
dimensions. The second branch, termed Spatial-Angular Mamba (SA-Mamba), is designed to model correlations between spatial content
and angular variation, enabling the network to learn dependencies that are difficult to represent using conventional convolution alone. Both
branches perform bidirectional scanning in their respective subspaces, allowing efficient long-range dependency modeling while
maintaining relatively low computational complexity.

The serialized features extracted from the two branches are then fed into a Multi-scale Cross Interaction (MCI) module. This module
promotes deep information exchange between EPI-aware features and spatial-angular features at multiple scales, thereby enhancing
complementary fusion of geometric and texture information. To further refine the fused representations, a Spatial-Angular Modulation
(SAM) module is introduced. This module jointly calibrates features from the spatial and angular perspectives, adaptively emphasizing
informative responses and suppressing inconsistent activations. As a result, cross-view feature alignment is improved and the coherence of
reconstructed light field content is strengthened.

To mitigate the loss of high-frequency details, a frequency-domain enhancement mechanism is incorporated into the framework.
Specifically, Fast Fourier Transform (FFT) is applied to the fused features to obtain frequency-domain representations, from which
informative high-frequency components are selectively enhanced. This process compensates for detail attenuation, reinforces
discriminative structural responses, and suppresses irrelevant or noisy signals. The enhanced features are then input into a diffusion-based
denoising network. Benefiting from the strong generative capability of diffusion models, the network progressively restores fine details
through iterative denoising and reconstructs high-resolution light field images after upsampling. The cooperation between subspace-aware
feature extraction and diffusion-based refinement enables the framework to balance reconstruction fidelity, structural accuracy, and
perceptual quality.

Results and Discussions Extensive experiments are conducted on multiple benchmark datasets to evaluate the proposed method.
Quantitative comparisons show that the proposed framework consistently outperforms representative state-of-the-art methods under
different magnification settings. In the 2x light field super-resolution task, the proposed method achieves a peak signal-to-noise ratio
(PSNR) of 39.43 dB and a structural similarity index (SSIM) of 0.987, representing the best performance among the compared methods. In
the more challenging 4% task, the proposed approach still attains the highest results, reaching 33.70 dB in PSNR and 0.945 in SSIM. In
particular, the PSNR is improved by up to 1.44 dB over existing methods, demonstrating a clear quantitative advantage.
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Shaanxi Provincial Key Research and Development Program (2024GX-YBYM-507) and Graduate Innovation and Practice Ability Training Program of
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Qualitative results further confirm the superiority of the proposed framework. Compared with competing approaches, the reconstructed
images exhibit sharper boundaries, clearer local textures, and more faithful structural recovery, especially in regions containing dense lines,
repetitive patterns, or complex high-frequency details. In addition, the restored views show stronger cross-view consistency, with fewer
artifacts such as blurring or misalignment. These observations indicate that the method not only improves distortion-based metrics but also
enhances perceptual quality and geometric coherence, both of which are essential for light field imaging applications.

The performance gains can be explained from several aspects. First, the dual-branch Mamba subspace scanning strategy makes full use
of the intrinsic properties of light field data by separately modeling EPI structures and spatial-angular dependencies. Second, the MCI and
SAM modules strengthen feature interaction, adaptive fusion, and cross-view calibration, thereby improving both discriminative ability and
reconstruction stability. Third, the frequency-domain enhancement mechanism directly compensates for high-frequency information loss,
which is especially beneficial for recovering textures and edge details. Finally, the diffusion-based denoising network further refines the
reconstructed results by exploiting generative priors, leading to more realistic and visually pleasing outputs. Together, these modules form
a unified framework in which each component contributes to performance from a complementary perspective.

Conclusions This paper presents a light field super-resolution framework that combines Mamba-based subspace scanning with diffusion-
based generative reconstruction. By jointly capturing EPI structures and spatial-angular correlations, and by integrating multi-scale cross
interaction, spatial-angular modulation, and frequency-domain enhancement, the proposed method effectively addresses two core
challenges in light field super-resolution: high-frequency detail loss and cross-view inconsistency. Experimental results demonstrate that
the method achieves state-of-the-art performance in both objective metrics and subjective visual quality, with notable advantages in texture
recovery, edge preservation, and structural consistency. These findings indicate that the proposed framework provides an effective solution
for high-quality light field super-resolution. Future work may explore more lightweight architectures and more efficient diffusion strategies
to reduce computational cost and extend the framework to related applications such as depth estimation, view synthesis, and light field
restoration.
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