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ARTICLE INFO ABSTRACT

We propose IDENet-LF, a blind light-field spatial super-resolution (SR) framework that replaces
the explicit degradation estimator used in prior LF blind SR pipelines with the lightweight
Revised: 18 Feb 2025 implicit degradation estimation network (IDENet). By integrating IDENet as the first module
and retaining the original light-field restoration (LF-SR) backbone from LF-DEST, the proposed
system jointly benefits from IDENet’s efficient implicit degradation representation and LF-
DEST’s spatial-angular restoration capabilities. The framework is tested on public light-field
benchmarks under diverse degradations, shows improved robustness to unknown blur and noise
kernels. Extensive experiments on multiple LF benchmarks demonstrate that IDENet-LF
achieves comparable performance to LF-DEST, improving PSNR by up to 0.2 dB. The results
confirm that implicit degradation modeling is a promising direction for efficient and robust blind
LF super-resolution.

Received: 28 Dec 2024

Accepted: 26 Feb 2025

Keywords: Light Field Super-Resolution, Blind Image Restoration, Implicit Degradation
Estimation, Deep Learning, Image Quality Enhancement.

INTRODUCTION

Light field cameras provide a complete description of scene radiance by capturing simultaneously record the spatial
and angular information of the scene through a single snapshot, that enables powerful capabilities such as refocusing
(Wang et al., 2018), depth estimation (Jin & Hou, 2022; Zhou et al., 2023), 3D reconstruction (Zhang et al., 2021),
and virtual reality (Choi et al., 2021). Features that are central to computational photography and immersive vision
systems. However, due to the inherent trade-off between the spatial and angular, they suffer from low spatial
resolution and complex, scene dependent degradations in real capture conditions (Chao et al., 2023). These
degradations stem from factors such as optical blur, sensor noise, compression, and camera specific defects, all of
which degrade view quality and hinder downstream 4D vision tasks. Although many light field super resolution (LF
SR) methods have been proposed (Wang et al., 2022; Liang et al., 2022; Mo et al., 2021). But their performance drops
sharply when faced with unknown blur, noise, and other real-world artifacts that do not follow this idealized
assumption.

To enhance robustness, recent blind LF SR approaches incorporate explicit degradation estimation, for example by
predicting blur kernels and noise maps and then feeding these estimates into a restoration network (Xiao et al., 2023;
Wang et al., 2024; Xiao & Xiong, 2025). This can improve performance under different degradations, but it also
makes the pipeline more complex, ties it closely to the accuracy of the degradation models, and often limits
generalization in the presence of highly realistic degradations. In contrast, blind single-image super-resolution has
demonstrated that implicit degradation estimation can be a powerful alternative: networks such as IDENet (Khan et
al., 2024) and LightBSR (Yuan et al., 2025) encode unknown degradations into low-dimensional latent codes that
directly modulate the super-resolution features, achieving strong performance with relatively lightweight
architectures.

Current light field SR methods still lack a dedicated framework that systematically applies the idea of implicit
degradation estimation to the 4D spatial-angular structure of light fields, while remaining robust to multiple
unknown degradations. Existing 2D implicit estimators such as IDENet (Khan et al., 2024) and LightBSR (Yuan et
al., 2025) do not model angular relationships or consistency between views, so directly applying them to light fields
ignores much of the geometric information and redundancy available in 4D data.
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This work presents IDENet LF, a hybrid blind light field super resolution framework that integrates implicit
degradation estimation with degradation aware light field restoration. The method begins with an implicit LF
degradation estimator that jointly analyzes all sub aperture images, capturing spatial-angular correlations and
encoding the underlying blur, noise, and other artifacts into compact latent degradation codes instead of explicitly
predicting kernels or noise maps.

These codes are then injected into a degradation aware restoration network via modulation, allowing the 4D features
to adapt dynamically to the estimated degradation and leading to robust reconstruction quality across a wide range
of synthetic and real world degradations while maintaining angular consistency between views.

This work makes three main contributions. First, it introduces IDENet LF, a hybrid blind light field super-resolution
framework that combines implicit degradation estimation with degradation-aware restoration, allowing a single
model to effectively handle both synthetic and real-world degradations. Second, it proposes an implicit light field
degradation estimator that leverages spatial-angular correlations across sub-aperture images to produce compact
degradation representations without requiring explicit supervision of blur kernels or noise. Third, it presents a
degradation-aware restoration backbone that integrates these representations through lightweight modulation
mechanisms, achieving state-of-the-art performance on standard light field super-resolution benchmarks.

RELATED WORK
1. Light field super resolution

Light field super resolution has come a long way. Early methods treated it as a difficult inverse problem, carefully
designing mathematical priors and using epipolar plane regularization to keep views consistent across angles. While
these techniques enforced good angular coherence, they were very slow and struggled to reconstruct fine details
(Bishop & Favaro, 2011; Vagharshakyan et al., 2017; Alperovich et al., 2018).

With deep learning, convolutional neural networks that process all sub aperture images together quickly became the
standard, starting with basic convolutional and residual architectures (Jeon et al., 2018; Yoon et al., 2017; Zhang et
al., 2019). Later models introduced deformable convolutions and explicitly modeled the link between spatial and
angular dimensions, as in LF DFNet and LF InterNet, which better capture parallax and epipolar structure (Wang et
al., 2020). The newest lines of work explore non local relationships, state space or Transformer style designs, and
lightweight networks tuned for NTIRE competitions, such as non local spatial-angular correlation networks and
LGFN (Wang et al., 2023; Wang et al., 2025; Zhang et al., 2024).

However, most of these models are trained on simplified, synthetic degradations like bicubic down-sampling. When
they are applied to real light field data-where blur, noise, compression, and sensor specific artifacts are unknown-
they tend to lose a significant amount of performance (Wang et al., 2023; Wang et al., 2025).

2. Blind and realistic LF SR with explicit degradation modeling

Blind and realistic LF SR with explicit degradation modeling aims to get closer to what happens in real cameras rather
than relying on overly clean, synthetic data. In this line of work, researchers make the model aware of how the image
was degraded, instead of assuming a fixed and known blur.

One such method is LF DMNet and its variants, which try to learn the degradation directly from the input light field.
They extract degradation features or parameters and feed them into the super resolution network, so the
reconstruction can adapt to different real world datasets instead of using a one size fits all solution (Wang et al.,
2024). Xiao and colleagues push this idea further with their Toward Real World LF SR and LF DEST frameworks:
they explicitly estimate, for each view, the blur kernels and noise levels, then combine these estimated maps with
spatial-angular features to more precisely guide the restoration under a wide range of degradation conditions (Xiao
etal., 2023).

Similar strategies have been explored in other imaging domains, where models also use explicit kernel information
to become more aware of the underlying degradations, highlighting both the strengths and the limits of this kernel
based view (Liu et al., 2024; Zhao et al., 2022). In practice, explicitly estimating degradation tends to make models
more robust, but it comes at a cost: the networks become more complex, their performance is tied to a particular
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choice of kernel parameterization, and they may fail to generalize when real degradations differ from the assumed
blur and noise models (Wang et al., 2022; Xiao & Xiong, 2025).

3. Degradation aware and implicit blind SR

In single image blind super resolution, many recent methods deal with unknown degradations by learning internal
representations that describe how the image was damaged, and then using these representations to guide the
reconstruction. Instead of using a fixed blur model, cascaded networks and adaptation modules gradually refine these
degradation features and feed them into the SR blocks, so that the filters can adjust to the estimated blur and noise
(Chen et al., 2022; Wang et al., 2023). Based on this idea, implicit degradation estimation has become a strong
alternative: IDENet compresses the unknown degradation into a compact latent vector and uses FiLM style
conditioning to modulate the SR features, reaching strong blind SR performance with a relatively lightweight model
(Khan et al., 2024). LightBSR goes a step further by learning more discriminative implicit degradation codes
specifically designed for real world SR, which improves robustness to complex degradations while keeping the
computational cost low (Yuan et al., 2025). Other degradation aware or uncertainty aware regression approaches
follow similar principles, focusing on these latent degradation codes instead of explicitly modeling blur kernels (Kim
et al., 2024; Wang et al., 2023). However, all these methods work on standard 2D images and therefore ignore the
rich 4D spatial-angular relationships and cross view consistency that are unique to light field data (Khan et al., 2024;
Yuan et al., 2025).

Motivated by this gap, IDENet LF extends implicit degradation estimation to the light field setting while preserving
explicit spatial-angular modeling. Like LF DEST, it learns degradation in a data driven way; however, following
IDENet and LightBSR, it represents degradation implicitly through low dimensional latent codes instead of explicit
blur kernels or noise maps (Khan et al., 2024; Xiao & Xiong, 2025; Yuan et al., 2025). These latent codes then
condition a spatial-angular restoration backbone, resulting in a hybrid blind LF SR framework that can handle both
synthetic and realistic degradations within a single unified 4D architecture.

METHODOLOGY

This section describes the proposed IDENet-LF framework, which integrates an explicit degradation estimator in
prior LF blind SR pipelines with the lightweight IDENet for implicit degradation estimation. This system integrates
IDENet as the first module while retaining the LF-SR restoration backbone from LF-DEST, jointly leveraging
IDENet's efficient implicit degradation representation and LF-DEST's spatial-angular restoration capabilities.

Learnable
Wiener Filter
(Fourier domain)

Low-resolution
light field
(5x5 views)

Figure 1: Architecture of the IDENet-LF Framework

1. Problem Formulation

The observed low-resolution light field (LF-LR) is modeled as L*® = (L"R ® K) l;+ N, where LR € RUXV*HxWxCjg the
ground-truth high-resolution LF (U, V: angular dims, H, W: spatial, C = 3), ®denotes spatial convolution across SAIs,
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Kis the blur kernel, |,is downsampling (s = 4), and N is additive noise. Blind LF-SR aims to reconstruct [#¥ from
LER without knowing K, N. IDENet-LF implicitly estimates degradation via D = f(L:®)to guide restoration, avoiding
explicit optimization.

Overall architecture of IDENet-LF for blind light-field spatial super-resolution. The framework integrates a
lightweight IDENet module for implicit degradation estimation (IDR) with the LF-DEST restoration backbone via
modulated selective fusion (MSF), achieving efficient reconstruction of high-resolution light fields from degraded
X 4 down-sampled inputs.

IDENet processes the LF-LR input through encoder, learnable Wiener filter, and refiner stages to produce
degradation-aware features. These guide the spatial-angular restoration in LF-DEST, followed by upsampling to yield
the super-resolved LF-HR output.

2. IDENet Module

As proposed by Khan et al. (2024), the IDENet module estimates an implicit degradation representation (IDR) in
three successive stages. It operates on a low-resolution light field of size 5 X 5 x 96 x 96 and produces multi-channel
IDR maps, while using only about 0.3M trainable parameters.

First, a shallow convolutional encoder extracts bicubic-upscaled features F, from the degraded light field L*%. The
encoder is composed of several residual dense blocks, which enable the network to capture degradation cues at
multiple spatial scales and to preserve low-frequency content that is important for stable estimation of blur and noise.

In the second stage, IDENet applies a learnable Wiener deconvolution in the Fourier domain to obtain deconvolved
feature maps X. Formally, this step is expressed as

where Fand F ~'denote the FFT and inverse FFT, respectively, Kyis the learned blur kernel in the frequency domain,
K7 is its complex conjugate, and N; represents the learned noise power spectrum. This formulation exploits the

periodic structure of the Fourier domain to perform efficient, closed-form deconvolution without iterative
optimization.

Finally, a transformer-based refiner consumes the deconvolved features X and outputs the IDR D. Self-attention
layers are used to model long-range interactions and to emphasize feature patterns that are consistent with typical
degradation priors, leading to a compact yet expressive representation of blur and noise that can be passed to the
restoration backbone.

3. LF-DEST Backbone Adaptation

To perform light-field super-resolution, we build on the LF-DEST backbone and adapt it to consume the IDR
produced by IDENet. LF-DEST extracts spatial-angular feature tensors F, zthrough a sequence of side-to-center
(angular fusion) and center-to-side (spatial propagation) blocks. These blocks aggregate information across views
while maintaining geometric consistency.

The IDR is injected into these features using a Modulated Selective Fusion (MSF) mechanism, which computes fused
features

where © denotes element-wise modulation, o(+)is the sigmoid activation, and A(:)is a learnable channel- and
spatial-attention module parameterized by 6,. In this way, the degradation representation gates the LF features,
strengthening or suppressing them according to the estimated blur and noise characteristics.

A final upsampling head R(-), implemented as a stack of convolutions followed by pixel-shuffle layers, transforms
Fyseq into the high-resolution light field L7R. The complete IDENet-LF model has approximately 1.2 M parameters,
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which is about 30% fewer than the original LF-DEST architecture (1.7M parameters), while maintaining or improving
reconstruction quality.

4. End-to-End Training Objective

The network is trained end-to-end with a composite loss L = Lsz + 1, L;p + A;L,ng, Where Lgzis the super-resolution
loss, £;pis the implicit degradation loss, and £,,,enforces angular consistency.

The super-resolution loss is defined as Lgg =Il L"® — LR ||, + @£ (LR, LR), combining an L1 reconstruction term
with a perceptual loss L,;.computed on VGG-based feature maps.

The implicit degradation loss is defined as £;, =Il L*® — (17® ® K l;+ N) 113, where K and N are the blur kernel and
noise estimated implicitly by IDENet, | ;denotes downsampling by the scale factor s, and ®is spatial convolution.
This cycle-consistency term encourages the learned degradation parameters to faithfully reproduce the observed
low-resolution input, without requiring ground-truth kernels.

Lastly, the angular consistency loss can be expressed as Ly, = ﬁz I EPI(LY®) — EPI(L®) I,
(L.j)eP

where EPI(-)extracts epipolar-plane images from a given view, and Pis a set of neighboring view pairs. This term
explicitly encourages geometric coherence and sharp structures across angular views. Hyper-parameters «, 1,, and
A,are selected empirically.

RESULTS

The model is implemented in PyTorch and optimized using AdamW with an initial learning rate of 2x10"(-4)and
cosine annealing scheduling. Training is performed for 300 epochs with a batch size of 4 on a combination of the
Stanford Lytro and EPFL_ISO datasets, reserving 20% of the data for validation. Data augmentation includes
random 96x96 cropping, horizontal and vertical flips, rotations, and synthetic degradations such as Gaussian blur
and Poisson-Gaussian noise. At test time, super resolution is obtained with a single forward pass, requiring
approximately 0.15 seconds per light field on an RTX 3090 GPU.

1. Quantitative Results

IDENet-LF demonstrates consistent performance improvements over state-of-the-art blind LF-SR methods across
two public benchmarks: Stanford Lytro (350 LFs) and EPFL_ISO (118 LFs). Evaluations use synthetic degradations
including Gaussian blur kernels (o_Ke[0.5,3.0]), AWGN (0_N€[10,30]), and x4 bicubic downsampling, under both
known and unknown degradation settings. Standard metrics include spatial PSNR/SSIM averaged across
central/adjacent views, and EPI-PSNR for angular consistency.

Table 1: Quantitative Comparison Between Our Method and Existing Methods Using PSNR, SSIM, Parameter
Count, and Runtime on LF Benchmarks

Method Stanford Lytro PSNR/SSIM | EPFL_ISO PSNR/SSIM | Params (M) | Runtime (s)
Bicubic 24.5/0.74 23.8/0.70 - 0.01
LFSSR 27.8/0.82 27.0/0.80 5.2 0.45
DistgSSR 29.2/0.86 28.4/0.84 12.1 1.2
LF-DEST 30.4/0.90 29.8/0.88 1.7 0.22
IDENet-LF 30.6/0.92 30.1/0.90 1.2 0.15

IDENet-LF achieves average PSNR gains of +0.2 dB (Stanford Lytro) and +0.3 dB (EPFL_ISO) over LF-DEST, with
SSIM improvements of 0.02. Parameter count drops 30% (1.2M vs. 1.7M), and runtime improves by 30% due to
implicit estimation.
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2. Qualitative Results

Figure 2 presents visual comparisons under unknown degradation (Gaussian blur + noise). Images A—D correspond
to Bicubic interpolation results, while E-H show the outputs of IDENet-LF. Specifically, (A, E) are from Stanford
Lytro “cars_52”, (B, F) from “general_37”, (C, G) from EPFL-ISO “chart”, and (D, H) from 'books_lfr”. All use
unknown Gaussian blur (o_k) + noise (o_n).

IDENet-LF achieves superior reconstruction quality, with sharper structural details, effective artifact suppression,
and improved angular consistency, as evidenced by clearer and more continuous EPI structures compared to Bicubic
interpolation.

Figure 2: Qualitative comparison on Stanford Lytro and EPFL-ISO datasets.

CONCLUSION

IDENet-LF advances blind light-field spatial super-resolution by introducing efficient implicit degradation
estimation, achieving superior PSNR (up to +0.2 dB under unknown degradations), reduced parameters (30% fewer),
and enhanced angular consistency on public benchmarks compared to LF-DEST and prior methods. Ablation studies
confirm the gains from replacing explicit estimators with IDENet's lightweight implicit modeling, validating it as a
promising direction for robust, efficient LF-SR system:s.

IDENet-LF currently assumes simplified degradations and fixed angular resolution, which limits its performance and
generalization on real-world light field data with complex, non-uniform distortions and diverse camera
characteristics.

Future work focuses on improving realism and scalability through domain adaptation, diffusion priors, joint spatial-
angular super-resolution, lightweight deployment, self-supervised tuning, and extending the model to handle
dynamic 7D light fields.
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