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Abstract

Light field imaging, a promising technology in computer vision, captures both
spatial and angular information of light rays. However, the inherent trade-off
between spatial and angular resolution limits its applications. This paper intro-
duces a novel spatio-angular consistent local neural epipolar geometry learning
framework for arbitrary-scale light field super-resolution. By modelling light field
epipolar plane images (EPIs) as continuous local implicit geometry functions, our
approach enables simultaneous super-resolution across both angular and spatial
domains. Experimental results on synthetic and real-world datasets demonstrate
the effectiveness of our model, achieving high geometric structure fidelity under
arbitrary upscaling factors.

Keywords: Light Field, Super-resolution, Arbitrary Scale, Neural Epipolar Geometry,
Spatio-Angular Consistency

1 Introduction1

In contrast to conventional cameras that integrate light rays over the angular domain,2

light field cameras (also known as plenoptic cameras) [1–3] preserve the angular infor-3

mation of light rays by inserting a microlens array (MLA) between the image sensor4

and the main lens. This mechanism captures rich visual information of 3D scenes,5
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enabling multi-view disparity, perspective shifts, and digital refocusing. However, to6

record the 4D light field distribution, lenslet-array-based light field imaging systems7

trade spatial resolution for angular resolution [4] by multiplexing pixels on a 2D image8

sensor. This inherent spatio-angular trade-off hinders light field imaging from meeting9

the high-resolution requirements of downstream visual applications, such as near-eye10

displays, 3D rendering, and scene analysis.11

To address these physical trade-off limitations, light field super-resolution (SR)12

has attracted significant attention in recent years [5–8], with Transformer-based meth-13

ods such as ViewFormer [9] showing impressive reconstruction performance. However,14

existing approaches are typically designed and trained with predefined, fixed upsam-15

pling scales in either the spatial or angular domain, categorized as light field spatial16

super-resolution or light field angular super-resolution, respectively. Moreover, the spa-17

tial SR models can only super-resolve to fixed spatial resolutions (e.g., ×2 or ×4), while18

angular SR models synthesize specific densely-sampled sets of sub-aperture images19

(SAIs) from a sparse set (e.g., 2× 2→5× 5 or 7× 7).20

More recently, implicit neural representations (INRs) and neural radiance fields21

(NeRFs) have provided a promising avenue for light field SR, offering a novel per-22

spective on continuous signal sampling and reconstruction. However, INRs and NeRFs23

are generally applied to large-baseline light fields. With existing INR/NeRF method-24

ologies, it remains challenging to achieve satisfactory performance on narrow-baseline25

4D light fields [10, 11], particularly those captured by lenslet-array-based light field26

cameras. A primary bottleneck is that the volumetric rendering quality of INRs/N-27

eRFs heavily relies on ground-truth view poses (or highly accurate estimates, e.g.,28

via COLMAP), which are generally unavailable in lenslet-array-based imaging due to29

the ultra-small baselines of microlens arrays [12, 13]. Furthermore, both volumetric30

representations and implicit image functions struggle to effectively model the com-31

plex spatio-angular correlations inherent to light fields [7, 11], including the geometric32

consistency and constraints across sub-aperture images (SAIs).33

Accordingly, this paper aims to establish an effective continuous neural representa-34

tion with spatio-angular consistency for lenslet-array-based light field imaging, thereby35

achieving flexible and arbitrary-scale joint angular and spatial super-resolution. Its36

core idea leverages the well-known property that projections of corresponding pixels37

in light field SAIs onto epipolar planes exhibit distinctive linear structures related to38

scene geometry. That is, geometric cues and constraints of the underlying scene are39

intrinsically embedded in the sharp, structured, and continuous linear patterns of light40

field epipolar plane images (EPIs). Thus, a intuitive idea is to learn continuous neural41

implicit functions from light field EPIs to capture spatio-angular correspondence at42

arbitrary spatial and angular resolutions. However, as a 2D spatio-angular slice of 4D43

light field obtained by fixing one spatial and one angular coordinate, each EPI con-44

tains only local spatio-angular information. Consequently, the primary challenge lies45

in preserving global spatio-angular consistency during local neural learning, as this46

consistency is not only implicit within individual EPIs but also manifested through47

strong correlations across different EPIs.48

To achieve spatio-angular consistent local neural epipolar geometry learning, this49

paper first designs a spatio-angular aware geometry encoder to explicitly extract50
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Fig. 1 Left: Visual results of our model at different angular resolutions alongside ×2 spatial
super-resolution. The EPIs corresponding to the red lines in the Center View are upsampled to an
appropriate scale for better visualization. Right: Performance comparisons (SSIM/PSNR) of differ-
ent methods over “HCIOld” dataset for angular super-resolution from 2× 2 to 5× 5 with ×2 spatial
super-resolution. Note that our model supports arbitrary-scale angular super-resolution, and its SSIM
and PSNR scores across various angular resolution (ranging from 5 × 5 to 33 × 33) are marked by
solid red dots. Furthermore, our performance remains stable without significantly drops as spatial and
angular resolutions increase, demonstrating that our model maintains satisfactory geometric struc-
ture fidelity for arbitrary-scale joint angular and spatial super-resolution.

latent codes of light field epipolar geometry. Next, neural implicit learning is employed51

to generate continuous epipolar geometry representations from these latent codes.52

Finally, an expansion rendering module reconstructs the light field image with both53

high spatial resolution and dense angular sampling. Experimental results demonstrate54

that our model achieves arbitrary-scale light field super-resolution while maintaining55

satisfactory geometric structure fidelity, as illustrated in Fig. 1.56

Our main contributions are the following:57

(1) A spatio-angular consistent local neural epipolar geometry learning frame-58

work is proposed for arbitrary-scale light field super-resolution. It learns continuous59

implicit neural representations of light field epipolar geometry by mapping EPIs into60

an intermediate, interpolable latent space.61

(2) A spatio-angular aware geometry encoder is designed to extract latent geometry62

codes from a light field. It explicitly integrates both local and global dependencies63

of light field epipolar geometry, embedding spatio-angular correlations into the latent64

geometry codes via a spatio-angular aware Transformer.65

(3) A divide-and-conquer local neural epipolar geometry learning strategy is pre-66

sented. Directly learning a full 4D implicit function is challenging and computationally67

inefficient, leading to a large memory footprints. Instead, we decompose the 4D implicit68

representation learning into the joint optimization of two weight-shared 2D implicit69

functions for horizontal EPIs (LIGF h) and vertical EPIs (LIGF v), respectively.70
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2 Related Work71

2.1 Light field super-resolution72

Light field super-resolution can be generally categorized into light field angular super-73

resolution (LFASR) and spatial super-resolution (LFSSR).74

LFASR methods typically includes SAI-based and EPI-based approaches. SAI-75

based methods take a sparse set of SAIs as input, utilizing deep neural network to76

extract spatio-angular features to synthesize novel SAIs at desired angular positions [5,77

14–21]. Although these methods have achieved state-of-the-art performance, they are78

constrained to reconstructing light fields with fixed angular resolution, where model79

complexity is tightly coupled with the target resolution. On the other hand, EPI-based80

LFASR methods treat view synthesis as the continuous reconstruction or interpolation81

of EPI lines [5, 7, 22–27], with the main idea being to extract and learn the linear82

structural patterns inherent to EPIs. The primary challenge for EPI-based approaches83

stems from the difficulty of modeling complex spatio-angular correlation, as spatial84

and angular information are highly intertwined within 4D light fields.85

Meanwhile, for LFSSR, convolutional neural networks (CNNs) have shown strong86

performance in LFSSR tasks [5, 14, 16, 17, 19, 28, 28, 29]. However, due to the limited87

receptive field of CNNs, these methods generally struggle to capture long-range corre-88

spondences across SAIs, focusing instead on local feature representations. To address89

this, Liang et al. [21] designed the Angular and Spatial Transformer to aggregate90

information from all angular views while capturing long-range spatial dependencies91

within each SAI. Furthermore, in its extended work, EPIT [7] models the depen-92

dencies between all pixel pairs on an EPI, effectively learning joint spatio-angular93

correlations. Nevertheless, much like angular super-resolution task, previous spatial94

super-resolution methods remain restricted to pre-defined, fixed upsampling scales.95

Most recently, several studies have focused on joint light field angular and spatial96

super-resolution, aiming to simultaneously enhance both spatial and angular resolu-97

tion. Meng et al. [30] introduced high-order convolution to achieve spatial and angular98

super-resolution across multiple scales. Chen et al. [31] utilized a cascaded CNN archi-99

tecture within a two-stage learning framework to progressively recover high-resolution100

light field images. Wang et al. [32] employed separate Transformer cascades for spa-101

tial and angular feature extraction, reshaped the features into epipolar plane images102

(EPIs), and introduced an epipolar Swin Transformer to capture spatio-angular cor-103

relations. Additionally, Liu et al. [33] proposed an adaptive aggregation strategy to104

select and combine advantageous pixels from input light field images across different105

sub-apertures.106

2.2 Implicit neural representation107

Recent studies have shown that INR offer a promising alternative for view synthesis108

and scene rendering. The core concept behind INR is to parameterize a continuous,109

differentiable 2D/3D signal (such as an image or a 3D scene) using multi-layer percep-110

trons (MLPs) [34]. By leveraging the continuous representation capabilities of MLPs,111
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INR-based methods exhibit impressive neural rendering and reconstruction perfor-112

mance across various tasks. These include continuous image super-resolution [35–37],113

signed distance function (SDF) for 3D structure modeling [38–40], and neural radi-114

ance fields (NeRF) for novel view synthesis [41–43]. 0 To reduce the computational115

complexity and memory footprint of neural rendering, neural 4D light field represen-116

tations have been proposed [11, 44, 45]. These methods parameterize each light ray117

in 4D coordinates and map them to its corresponding color values. However, most of118

existing methods are tailored for wide-baseline light fields captured by sparse camera119

arrays, rather than lenslet-array-based light fields. Although Attal et al.[11] proposed a120

ray-space embedding network to enable small-baseline view synthesis without explicit121

geometric constraints, it relies on a dense input of 5× 5 views for high-quality render-122

ing; sparser input sequences (e.g., 2×2) fail to interpolate effectively. Furthermore, this123

method is strictly applicable to camera-array-based light fields, such as the Stanford124

Light Field dataset [46]. Note that to handle the lack of poses, they have to hand-125

design different scene coordinates (including camera coordinates and object plane126

coordinates) and scene depth ranges as initial two-plane ray parameterizations for127

each scene, as described in the Appendix of [11].128

Most recently, several promising attempts have been made toward the implicit129

representation of lenslet-array-based light fields [47–49]. However, maintaining spatio-130

angular consistency during neural implicit learning remains a significant challenge.131

3 Methodology132

The overall architecture of our network is depicted in Fig. 2. It takes a sparsely-133

sampled low-resolution light field L (u, v, x, y) ∈ R
U×V×W×H×c as input, and outputs134

a densely-sampled high-resolution light field L′ ∈ R
U ′

×V ′
×W ′

×H′
×c, where (W,H)135

and (W ′, H ′) represent the spatial resolutions, while (U, V ) and (U ′, V ′) represent the136

angular resolutions. Our network consists of three primary modules: a spatio-angular137

aware geometry encoder, a local neural epipolar geometry learning module, and an138

expansion rendering module.139

3.1 Spatio-angular Aware Geometry Encoder140

The primary objective of the spatio-angular aware geometry encoder is to map light141

field EPIs into an intermediate, interpolable latent space. Since spatial and angular142

information in a light field are highly intertwined, it is essential to integrate both the143

local and global geometric dependencies as well as the spatio-angular correlations. In144

our approach, the former is achieved by designing a hybrid CNN-Transformer network145

that explicitly extracts geometric and spatio-angular features. The latter is accom-146

plished by leveraging an attention mechanism to model interactions between EPI147

feature tokens and spatio-angular feature tokens, thereby effectively capturing their148

complementary relationships.149

Our geometry encoder consists of two main components: a spatial-angular-EPI150

(SAE) feature extraction module, and a spatio-angular aware Transformer module. It151

decomposes the 4D light field space into a set of 2D subspaces. Specifically, the SAE152

module extracts spatio-angular features on the (W,H) and (U, V ) subplanes, as well153

5



Spatio-angular Aware 

Geometry Encoder
u

v

x

y

(U,V,W,H,c)

Finit
(U,V,W,H,C)

'Fepi_sa
(UW,VH,C)

S
p
at

io
-a

n
g
u
la

r 
aw

ar
e 

T
ra

n
sf

o
rm

er

(VH, UW, C)

Local Neural Epipolar 

Geometry Learning

1
×

1
 C

o
n

v
L

ea
k

 R
eL

U

Zh Z'
(U'W', V'H', C)

U,W U',W'

Zg

Horizontal 
EPI

U-W Plane

LIGF_h

Vertical 
EPI

V-H Plane

V,H V',H'

(U'W',VH, C)

ReshapeReshape Reshape

(U',V',W',H',c)

3
×

3
 C

o
n

v
L

ea
k

 R
eL

U

S
A

E
 F

ea
tu

re
 

E
x
tr

ac
ti

o
n

C
o
n
v
2
D

 

In
tr

a-
S

F
B

In
te

r-
S

F
B

In
tr

a-
A

F
B

In
te

r-
A

F
B

H
-E

F
B

V
-E

F
B

×5SAE Block

Fepi_saFinit

(a) The overall architecture of our proposed network

(b) SAE Feature Extraction

×5

(c) Spatio-angular aware Transformer

Expansion 

Rendering

LIGF_v

M
u
lt

i-
H

ea
d

A
tt

en
ti

o
n

F
ee

d
 F

o
rw

ar
d

M
u
lt

i-
H

ea
d

A
tt

en
ti

o
n

F
ee

d
 F

o
rw

ar
d

q

k

v

(UW, C/2)

(UW, C/2)

T'sa

Zepi

Zg

Encoder Es

×8

Encoder Ec

A
d
d
 &

 N
o
rm

A
d
d
 &

 N
o
rm

A
d
d
 &

 N
o
rm

A
d
d
 &

 N
o
rm

C

SAE Group

×3

Fig. 2 The overall architecture of our proposed network.

as EPI geometric features on the (U,X) and (V, Y ) subplanes. First, initial features154

Finit are extracted from input L using a convolutional layer with 3 × 3 kernels and155

C output channels. Next, Finit is fed into the SAE module to generate the feature156

Fepi sa, which serves as an aggregation of EPI and spatio-angular features. Finally,157

the spatio-angular aware Transformer module takes Fepi sa as input to perform global158

dependency modeling and attention-based feature fusion.159

3.1.1 The SAE Module160

As depicted in Fig. 2(b), Finit is fed into 5 cascaded SAE groups, each consist-161

ing of 5 SAE blocks. As the fundamental structure, each SAE block cascades 6162

distinct convolutional modules, which are categorized into three types: inter-intra163

spatial (intra-SFB and inter-SFB), inter-intra angular (intra-AFB and inter-AFB),164

and horizontal-vertical EPI convolutional modules (H-EFB and V-EFB). Adopted165

from [50], these six convolutional modules are sequentially stacked within each SAE166

block in the order of spatial → angular → EPI modules. Furthermore, a local residual167

connection adds the input of each module directly to its output before passing it to168

the subsequent module.169

The cascaded inter-intra spatial and angular convolutional modules are designed170

to extract and fuse spatial and angular light field features. We first perform intra-171

spatial convolution (intra-SFB) on pixels within the same view using a 3 × 3 kernel172

with a stride of 1 and a dilation of A (denoting the angular resolution). Zero padding is173

applied to maintain equal input and output dimensions. To capture spatial correlations174

across neighboring views, we employ an inter-spatial convolution (inter-SFB) module175
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featuring 3×3 convolutional layers with a stride of 1 and a dilation of 1. The subsequent176

angular feature extraction component comprises an intra-angular (intra-AFB) and an177

inter-angular (inter-AFB) modules. The intra-angular module utilizes a kernel of size178

A × A with a stride of A and zero padding, operating across pixels sharing identical179

spatial coordinates. The inter-angular module employs a 2A × 2A convolution layer180

with a stride of 2A to extract angular correlations across 2 × 2 neighboring MacPIs.181

Both angular modules use a 2D pixel-shuffling layer to ensure dimension alignment182

between input and output.183

The EPI convolutional module consists of a cascade of vertical and horizontal com-184

ponents, designed to explicitly extract epipolar geometry features along the horizontal185

and vertical epipolar lines. The kernel sizes for the horizontal and vertical modules186

are set to 1× (2A+ 1) and (2A+ 1)× 1, respectively. To facilitate training, extensive187

residual structures are integrated throughout the architecture. Specifically, residual188

connections are added not only between individual convolutional module within each189

SAE block, but also across multiple blocks and groups. This residual structure pre-190

serves direct information flow and enables effective gradient propagation across deep191

networks, thereby mitigating the vanishing gradient problem.192

3.1.2 The Spatio-angular Aware Transformer Module193

Constrained by the local receptive fields of convolutional kernels, the SAE feature194

extraction module lacks sensitivity to global long-range dependencies across light field195

spatio-angular and geometric features that exhibit strong overall correlation. Inspired196

by Transformer-based light field spatial super-resolution methods [7, 21], we address197

this limitation by proposing a spatio-angular aware Transformer module, as illus-198

trated in Fig. 2(c). Our approach is distinguished from previous approaches in that199

each Transformer block integrates two dedicated encoders Es and Ec. The encoder200

Es is a standard Transformer encoder with a self-attention mechanism, which cap-201

tures the global dependencies of input tokens. The encoder Ec is a cross-attention202

encoder which aims to retain the geometrically relevant spatio-angular characteristics203

while marginalizing out the irrelevant and trivial detail features. To further enhance204

the global perception ability, our spatio-angular aware Transformer module cascades205

8 such Transformer blocks.206

Specifically, we first treat the V H dimension of Fepi sa as the batch dimension.207

This dimensional permutation folds V H into the batch axis to form UW composite208

tokens Tepi sa of length C, which serve as the input to Es. By doing so, the self-209

attention mechanism captures long-range dependencies along the UW composite axis210

without constructing a computationally expensive 4D attention map, thereby signifi-211

cantly reducing computational overhead while maintaining global context awareness.212

The output of Es is subsequently split along the channel dimension back into the213

latent EPI codes (tokens) Zepi and the enhanced spatio-angular tokens T′

sa. In the214

encoder Ec, to extract geometrically relevant features from T′

sa. Zepi serves as the215

query q, while T′

sa serves as the key k and value v. In this design, Zepi actively retrieves216

geometrically relevant spatio-angular cues from T′

sa, ensuring that the feature repre-217

sentations are guided by epipolar geometry constraints while suppressing interference218

from irrelevant texture details. The encoder Ec outputs the geometrically meaningful219
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latent spatio-angular codes, which are then concatenated with Zepi along the channel220

dimension to form the final latent geometry codes Zg.221

3.2 Local Neural Epipolar Geometry Learning222

Simultaneously super-resolving angular and spatial resolutions from U × V , W × H223

to U ′ × V ′, W ′ × H ′, respectively, could potentially be achieved by learning a 4D224

implicit function for a continuous light field representation. However, such an approach225

would be impractical because it hampers learning effectiveness, requires significant226

computational resources, and converges slowly.227

Instead, we propose a divide-and-conquer learning strategy which converts the 4D228

implicit function learning into the cascade learning of two 2D local implicit geometry229

functions (LIGFs) that are obtained by separately fixing (u, x) and (v, y). Specifically,230

LIGF h is responsible for joint continuous up-sampling of the angular dimension u231

and the horizontal spatial dimension x on the horizontal epipolar plane, while LIGF v232

subsequently performs joint up-sampling of the angular dimension v and the ver-233

tical spatial dimension y. This decomposition strategy reduces the intractable 4D234

up-sampling problem into two manageable 2D continuous up-sampling steps.235

The 2D local implicit geometry function gθ is defined on the latent space represen-236

tation Zg, and shared by all light field EPIs. We use an MLP with trainable parameters237

θ. The continuous representation of a light field EPI is formulated as follows:238

Iepi (uq) = gθ (z
∗, uq − u∗) , (1)

where z∗ is the nearest Zg to the query coordinate uq, and u∗ is the coordinate of the239

nearest latent code.240

Note that we use feature unfolding and local ensemble technologies [35] to enrich241

local information by concatenating the 3 × 3 neighboring latent codes; the latter is242

used to ensure smooth transitions between the nearest latent codes.243

The structure of our local neural epipolar geometry learning module consists a cas-244

cade structure comprising a LIGF h module and a LIGF v module. Both modules are245

2-layer MLPs with ReLU activation and hidden dimensions of 256. In our experiments,246

the LIGF h and LIGF v modules share their weights.247

The LIGF h module takes the high-resolution horizontal coordinates U ′, high-248

resolution image width W ′ and the latent geometry codes Zg as input, with the V H249

dimension of Zg serving as the batch dimension. The LIGF h module outputs a simul-250

taneous horizontal and vertical enhanced latent geometry codes Zh ∈ R
V H×U ′W ′

×C .251

Similarly, the LIGF v module takes the high-resolution vertical coordinates V ′, high-252

resolution image height and Zh as input, with the U ′W ′ dimension of Zh serving253

as the batch dimension. The module outputs high-resolution latent geometry codes254

Z′ ∈ R
U ′W ′

×V ′H′
×C .255

Note that, the order of LIGF h and LIGF v has no impact on performance because256

our data augmentation includes x−y flipping.257
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3.3 The Expansion Rendering Module258

The expansion rendering module uses a stack of three convolutional layers with kernel259

size of 1 × 1. It progressively squeezes the channel number of Z′ to c to generate260

a macro-pixel image with high resolution I ∈ R
U ′W ′

×V ′H′
×c, which can be easily261

reshaped into the SAI array representation L′ ∈ R
U ′

×V ′
×W ′

×H′
×c.262

4 Experimental Results263

4.1 Datasets264

Following [5], our comparative experiments are carried out on four real-world light265

field datasets (30Scenes [51], Occlusion [52], Reflective [52] and EPFL [53]) as well266

as two synthetic light field datasets (HCINew [54, 55] and HCIOld [56]). The split of267

training and testing sets is identical with that in [5].268

In our experiments, we compare our approach with two LFASSR methods (SASR-269

Net [33] and DSNet [57]), and several two-stage combined LFASR and LFSSR270

methods. For the first stage, we employ two recent state-of-the-art LFASR meth-271

ods, LF-EASR [20] and DistgASR [5], and feed their reconstructed outputs into272

eleven LFSSR methods, including Bicubic interpolation, LF-SAA[58], LF-DFNet[59],273

LF-InterNet[29], LF-IINet[60], LFT[21], DPT[61], DistgSSR [5], EPIT [7], LFTrans-274

Mamba [62], OHT-B [63], respectively. For a fair comparison, all aforementioned275

methods are retrained and evaluated on the same benchmark dataset.276

Note that all of the existing methods can only achieve fixed-scale light field angular277

and spatial super-resolution.278

4.2 Implementation Details279

Our experiments were conducted on a server with an Intel Xeon E5-2680 v4 CPU,280

64G DDR4 memory, and two NVIDIA RTX 3090 GPUs. Our network was trained281

with an L1 loss, and optimized by the Adaptive Moment (Adam) optimizer (β1 = 0.9282

and β2 = 0.999) with a mini-batch size of 4 and an initial learning rate of 2 × 10−4.283

The learning rate decreased by half every 15 epochs. Our model generally converges284

after training for around 80 epochs.285

To enable the model to handle arbitrary resolutions, we introduce a variable dur-286

ing training to randomly scale the input size while keeping the spatial and angular287

resolution of the output image fixed. Specifically, the spatial resolution of each out-288

put patch is fixed at 64× 64, while the input resolution is randomly selected from the289

range [16, 64), corresponding to a maximum upscaling factor of 4.290

The peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) are used291

as quantitative evaluation metrics on the Y channel, as is customary in existing292

approaches. Our method can also be trained on color space and outputs color results293

with similar performance.294

To verify the superiority of the proposed network, we evaluate the performance295

of our model in the fixed-scale and arbitrary-scale LFASSR tasks, respectively. Con-296

sidering the combination of spatial and angular super-resolution, we trained the first297
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Table 1 Quantitative comparisons (PSNR/SSIM) of our model with the state-of-the-art ones
under the SRA(2×2→5×5),S(×2) task. The best and second-best results across all methods are
marked in bold or underlined, respectively.

ASR Method SSR Method 30Scenes Occlusions Reflective HCINew HCIOld EPFL

LF-EASR [20]

Bicubic 25.35/0.8205 20.80/0.6598 23.16/0.8065 32.01/0.9385 38.11/0.9812 29.96/0.9454
LF-SAA[58] 25.37/0.8200 20.88/0.6738 23.15/0.8071 31.87/0.9353 38.18/0.9812 30.33/0.9447
LF-DFNet[59] 25.67/0.8180 21.01/0.6736 23.34/0.8065 34.46/0.9590 41.56/0.9901 33.20/0.9687
LF-InterNet[29] 38.16/0.9824 34.79/0.9703 35.53/0.9677 30.05/0.9454 38.18/0.9813 32.09/0.9394
LF-IINet[60] 40.72/0.9759 36.85/0.9659 37.15/0.9648 33.49/0.9160 40.24/0.9773 32.66/0.9411
LFT[21] 40.79/0.9763 36.89/0.9663 37.16/0.9650 33.58/0.9174 40.33/0.9779 32.71/0.9418
DPT[61] 40.26/0.9882 36.71/0.9797 37.66/0.9729 32.95/0.9437 39.88/0.9854 31.56/0.9581
DistgSSR [5] 41.93/0.9920 38.36/0.9854 38.94/0.9777 34.74/0.9617 41.56/0.9905 32.90/0.9695
EPIT [7] 41.85/0.9918 38.27/0.9851 38.89/0.9768 35.21/0.9653 42.12/0.9914 33.21/0.9703
LFTransMamba [62] 41.93/0.9915 38.34/0.9850 39.04/0.9767 34.98/0.9628 42.34/0.9918 33.24/0.9702
OHT-B [63] 41.80/0.9913 38.42/0.9851 39.02/0.9770 35.01/0.9631 42.25/0.9914 33.36/0.9705

DistgASR [5]

Bicubic 25.25/0.8198 20.71/0.6274 23.14/0.8067 31.95/0.9376 38.03/0.9812 29.77/0.9455
LF-SAA[58] 25.47/0.8195 20.77/0.6257 23.23/0.8052 33.82/0.9546 41.11/0.9893 32.84/0.9665
LF-DFNet[59] 41.08/0.9905 37.45/0.9829 38.24/0.9748 33.70/0.9520 40.93/0.9888 32.23/0.9665
LF-InterNet[29] 41.89/0.9919 38.32/0.9855 38.92/0.9772 34.81/0.9623 41.84/0.9910 33.10/0.9701
LF-IINet[60] 41.74/0.9917 38.12/0.9849 38.81/0.9771 34.15/0.9576 41.39/0.9906 33.05/0.9693
LFT[21] 40.24/0.9888 36.79/0.9808 37.58/0.9723 33.61/0.9523 40.68/0.9886 32.55/0.9663
DPT[61] 41.78/0.9918 38.21/0.9852 38.89/0.9773 33.53/0.9499 40.86/0.9884 32.39/0.9657
DistgSSR [5] 41.86/0.9919 38.21/0.9851 38.94/0.9776 34.66/0.9612 41.67/0.9904 33.17/0.9697
EPIT [7] 41.80/0.9917 38.15/0.9849 38.93/0.9774 35.06/0.9644 42.05/0.9911 33.32/0.9718
LFTransMamba [62] 41.95/0.9920 38.41/0.9857 39.00/0.9766 35.06/0.9634 42.26/0.9916 33.39/0.9711
OHT-B [63] 41.85/0.9917 38.51/0.9859 39.08/0.9778 35.08/0.9636 42.09/0.9908 33.21/0.9699

SASR-Net [33] 41.89/0.9919 38.30/0.9853 38.86/0.9772 34.46/0.9599 41.72/0.9907 32.98/0.9692
DSNet [57] 41.92/0.9815 38.23/0.9726 39.09/0.9675 35.69/0.9388 39.25/0.9665 32.91/0.9425
Ours 41.96/0.9920 38.45/0.9857 39.12/0.9786 35.12/0.9639 42.40/0.9920 33.51/0.9711

three real-world LF datasets and the left three LF datasets separately and obtained298

two models.299

4.3 Fixed-scale Light Field Super-resolution300

In the fixed-scale super-resolution ta, we evaluate the synthesis quality of 5× 5 light301

field images reconstructed from 2 × 2 sparsely-sampled ones, while the spatial scale302

is enlarged by a factor of 2, β = 2. The task is named SRA(2×2→5×5),S(×2) task.303

Table 1 lists the comparison results with each method. Meanwhile, Fig. 3 provides304

some visual comparisons of our approach with other methods. Clearly, our model305

shows better performance in the representation of pinstripes than other models. Evi-306

dently, “Ours” model achieves the highest PSNR and SSIM values on “30Scenes”,307

“Occlusion”, “Reflective”, “HCIOld” and “EPFL”. These results demonstrate that308

our method possesses good geometric structure fidelity which helps to preserve the309

linear structure of EPI clearly.310

4.4 Arbitrary-scale Light Field Super-resolution311

The most significant capability of our method is its ability to construct arbitrary-312

scale LFASSR. However, it is difficult to evaluate the performance of arbitrary-scale313

reconstruction due to the lack of ground truth with high angular resolution in the314

light field datasets.315

So we use the available 5× 5 ground truth to assess the performance of the recon-316

structed light field with higher angular resolution. For example, “Ours (9 × 9)” can317
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ISO_Chart
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+DistgSSR
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+DistgSSR
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+EPIT

LFSR OursReflective_14

30scene_IMG_1528

Fig. 3 Visual comparisons of one real-world scene and one synthetic scene for SRA(2×2→5×5),S(×2)

task. The results show the ground-truth center views (GT), close-up image patches (in the red boxes)
and close-up EPI patches (located along the yellow lines within the close-up image patches). The EPI
patches are upsampled to an appropriate scale in the angular dimension for better viewing.

obtain the reconstructed light fields with 9× 9 angular resolution. It can be regarded318

as a 9× 9 SAI array, from which we get a 5× 5 SAI array by a fixed interval extrac-319

tion (interval=1) that is position-aligned with the 5 × 5 ground truth in the angular320

domain. Therefore, we evaluate the performance of the extracted 5×5 SAI array as the321

performance of “Ours (9×9)”. Similarly, from “Ours (13×13)”, we can obtain a 5×5322

SAI array by a fixed interval extraction (interval=2), and use it for the performance323

evaluation of “Ours (13×13)”, and so on. For arbitrary-scale spatial super-resolution,324

we downsample the images to the same scale as the ground truth for comparison.325

Specifically, for the result of the spatial scale is enlarged by a factor of 4, we compute326

the mean value of each 2 × 2 sub-pixel as the downsampled pixel value, and finally327

compare it with the ground truth.328

Table 2 Quantitative comparisons (PSNR/SSIM) of our model with different angular resolutions
and ×2 spatial super-resolution.

Scenes 9× 9 13× 13 17× 17 21× 21 25× 25 29× 29 33× 33
origami 38.70/0.988 38.27/0.988 38.01/0.987 37.85/0.987 37.73/0.987 37.64/0.986 37.58/0.986
monasRoom 42.78/0.993 42.56/0.992 42.41/0.992 42.31/0.992 42.24/0.992 42.19/0.992 42.15/0.992
bedroom 34.03/0.955 33.80/0.953 33.66/0.952 33.57/0.952 33.50/0.951 33.45/0.951 33.42/0.951
buddha 41.43/0.990 41.14/0.990 40.95/0.990 40.82/0.990 40.73/0.989 40.67/0.989 40.62/0.989

Table 2 evaluates the performance of our model with arbitrary-scale angular super-329

resolution and ×2 spatial super-resolution. The performance of our model does not330

degrade significantly with the increase in output angular resolution. Notably, our331

SSIM scores are hardly affected, indicating that our model maintains satisfactory geo-332

metric structure fidelity for arbitrary-scale angular super-resolution. Fig. 4 provides333

visual comparisons of our model with different angular resolutions. The results show334
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(29×29)
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(33×33)
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Luxembourg

Road

Fig. 4 Visual comparisons of our model with different angular resolutions. “(N × N)” indicates
2× 2 → N ×N angular super-resolution and×2 spatial super-resolution. The results show the close-
up image patches (in the red boxes) and close-up EPI patches (located along the yellow lines within
the close-up image patches). The EPI patches are upsampled to an appropriate scale in the angular
dimension for better viewing.

Table 3 Quantitative comparisons (PSNR/SSIM) of our model with different spatial resolutions
and 2× 2 → 5× 5 angular super-resolution.

Scenes ×2 ×4 ×8 ×16
origami 39.28/0.989 39.06/0.989 38.96/0.988 38.93/0.988
monasRoom 43.02/0.993 42.80/0.993 42.72/0.993 42.69/0.993
bedroom 34.27/0.956 34.17/0.955 34.12/0.955 34.11/0.955
buddha 41.77/0.991 41.55/0.990 41.50/0.990 41.48/0.990

almost no degradation in visual quality as the angular resolution increases, and the335

linear structures of the EPIs with different angular resolutions remain nearly identi-336

cal, further verifying the effectiveness of our method and its high fidelity in geometric337

structure.338

Table 3 lists the performance comparisons of our model with arbitrary-scale spatial339

super-resolution and 2× 2 → 5× 5 angular super-resolution. The performance of our340

model also does not degrade significantly with the increasing in output spatial reso-341

lution, and our SSIM scores are also hardly affected. Our model provides satisfactory342

geometric structure fidelity for arbitrary-scale super-resolution. Fig. 5 provides visual343
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Ours(×4 and ×8) Bicubic(×4 and ×8)Origami

Occlusions_17

Fig. 5 Visual comparisons of the bicubic method and our model with different spatial resolutions.
“(×N)” indicates ×N spatial resolution and angular resolution from 2× 2 to 9× 9. The results show
the close-up image patches (in the red boxes) and close-up EPI patches (located along the yellow
lines within the close-up image patches). The EPI patches are upsampled to an appropriate scale in
the angular dimension for better viewing.

GT NLF Ours

Fig. 6 Visual comparisons of one real-world scene for angular super-resolution task.

comparisons of the bicubic method and our model with different spatial resolutions.344

“(×N)” indicates ×N spatial resolution and angular resolution from 2 × 2 to 9 × 9.345

Our results maintain high fidelity at both ×4 and ×8 scales. Moreover, we observe346

that the results of our method contain sharper edges.347

4.5 Comparison with Neural Light Field348

In order to facilitate a comparative analysis with the NeRF method, we select the349

NLF [11] method, which is capable of angular super-resolution of the light field dataset,350

and conduct experimental comparisons on the Stanford dataset [46]. Ten scenes from351

the Stanford dataset together with the EPFL [53] are used as to train the SRA×
5
2 ,S×2

352

model. Our model is then used to test the results of scaling up from 2×2 to 5×5 only353

in angular resolution (with no change in spatial resolution). Similarly, for the NLF354

model, the angular resolution of the input image is 2× 2, and the output resolution is355
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Table 4 Quantitative comparisons (PSNR/SSIM) of ablation experiments with different
configurations.

SAConv Ec Es HCINew HCIOld EPFL
Ours (baseline)

√
30.79 / 0.9328 38.83 / 0.9852 31.63 / 0.9615

Ours (w/o Ec)
√ √

34.41 / 0.9596 41.70 / 0.9912 33.26 / 0.9699
Ours (w/o Es)

√ √
34.55 / 0.9604 41.88 / 0.9912 33.22 / 0.9702

Ours
√ √ √

35.12 / 0.9639 42.40 / 0.9920 33.61 / 0.9711

5× 5. Due to the lack of generalization ability of NLF, retraining is required for each356

different scene. Comparison results are shown in Fig. 6. Compared with our result,357

the output image of NLF can be seen to be blurred.358

5 Ablation Studies359

To verify the effectiveness of the proposed structures, Table 4 lists the ablation results360

with different configurations.361

“Ours (baseline)” is a baseline model that only uses the horizontal-vertical EPI362

convolutional module and a standard Transformer encoder Es with a self-attention363

mechanism. Because the pure EPI-based method cannot model the spatio-angular364

correlation of light fields well, its performance is not satisfactory.365

“Ours (w/o Ec)” adds the inter-intra spatial and angular convolution(SAConv)366

modules to extract and fuse the light field spatio-angular correlation, which can367

steadily improve the reconstruction performance. However, the reconstruction perfor-368

mance is affected by irrelevant and trivial spatio-angular features.369

“Ours (w/o Es)” only uses the encoder Ec without the self-attention encoder Es,370

which may result in performance fluctuations due to the lack of global dependencies371

learning.372

“Ours” model combines all of our proposed ideas including the SAE feature extrac-373

tion module and the spatio-angular aware Transformer encoder, and obtains the374

highest classification accuracy.375

6 Conclusions376

This paper proposes a local neural epipolar geometry learning strategy for arbitrary-377

scale, joint light field angular and spatial super-resolution. It learns the continuous378

epipolar geometry representations by mapping the light field EPIs to an intermediate,379

interpolable latent space. To this end, a spatio-angular aware geometry encoder is380

proposed, which not only explicitly integrates the local and global dependencies of381

light field epipolar geometry, but also embeds the spatio-angular correlation into the382

latent geometry codes by a spatio-angular aware Transformer. Finally, a divide-and-383

conquer local neural epipolar geometry learning strategy is proposed to convert the384

4D implicit function learning into a joint learning of two 2D implicit functions with385

shared weights. To validate the superiority of our network, extensive experiments386

have been conducted on 6 publicly available light field datasets. Comparison results387

not only indicate that our method outperforms the state-of-the-art methods, but also388

demonstrate that our model has high fidelity in geometric structure.389
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