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Abstract

Recent advances in learning-based Light Field (LF) im-
age denoising have achieved impressive results. However,
these methods rely heavily on large-scale noisy-clean im-
age pairs and often fail to generalize to unseen or complex
noise. In this work, we observe that the inherent multi-
view consistency of LF images makes it highly unlikely for
noise to be coherent across views, offering a more reliable
supervisory signal for self-supervised denoising. Building
on this insight, we extend the blind-spot principle to the
LF domain and propose a novel LF Blind-View denois-
ing Network (LF-BVN). We first introduce a geometric in-
variance mask that leverages angular redundancy for effi-
cient full-view supervision. To enforce cross-view photo-
metric consistency, we further introduce latent representa-
tion volumes and enforce consistency between them. Ad-
ditionally, we exploit focus stacks to extract latent depth
cues from noisy observations, providing further guidance.
Extensive experiments show that LF-BVN achieves com-
petitive denoising performance while maintaining strong
cross-view consistency without requiring clean data or ex-
ternal supervision. Our code will be publicly accessible at
https://github.com/shuozh/LF-BVN.

1. Introduction

Light Field (LF) images record abundant scene informa-
tion by documenting the intensity and direction of light
rays as they propagate in space. However, LF images
captured using camera arrays [34], Lytro Illum [21], or
Raytrix systems [25] are often affected by noise due to hard-
ware limitations and suboptimal lighting conditions. Such
noise significantly degrades the application of LF images
in downstream tasks, such as view synthesis [10], super-
resolution [40], and depth estimation [7, 39].

To mitigate these issues, several denoising approaches
specifically designed for LF images have been proposed.
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Figure 1. Comparison of blind-spot (upper) and blind-view (bot-
tom) strategy. In BSN, the surrounding pixels in spatial domain
are used to reconstruct the blind spot, which often leads to errors
in reconstructing abrupt signal (such as the toy’s eyes). In BVN,
the contextual pixels in other views are used, enabling accurate re-
construction of such high-frequency details.

Early traditional LF denoising methods [1, 26] aimed to
reduce noise by exploiting similar regions across multiple
views. However, the results often exhibit significant arti-
facts and noticeable blurring. With the advancement of deep
learning techniques, data-driven methods [4, 5, 11, 30] typ-
ically utilize noisy-clean image pairs as training data and
have demonstrated superior performance in enhancing im-
age quality. However, their performance hinges on precisely
aligned noisy-clean pairs, which are exceptionally difficult
to acquire and severely limit their applicability to real-world
scenarios with complex noise patterns.

Motivated by the success of monocular self-supervised
denoising methods [19, 24, 32], several approaches [31, 42]
have extended the Noise2Noise [18] framework to enable
self-supervised denoising in light field microscopy (LFM).
VCDNet [31] models the degradation in LFM as a PSF-
based convolution process and learns to reverse it using a
volumetric convolutional neural network. V2V3D [42] par-
titions the LF views into two non-overlapping subsets and
employs two independent networks for denoising different
views. Although these methods perform well on LFM, these
methods fail to effectively process LF images, due to two
main weaknesses: First, these methods are overly reliant on
the point spread function, which is absent in conventional
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LF images due to fundamental differences in imaging prin-
ciples. Second, processing different views by multiple in-
dependent networks makes it difficult to maintain view con-
sistency and often results in visible artifacts.

Recently, blind-spot based denoising methods [3, 15, 17]
rely on surrounding pixels to predict the blind pixel by as-
suming the spatial signal is continuous in natural images.
The strong consistency across different views in LF images
enables us to extend the blind-spot to a blind-view, which
focuses on leveraging points in other views for denoising
(Fig. 1). However, unlike blind-spot training with random
masking, blind-view requires fixed masks to maintain ge-
ometric invariance. To denoise all views, multiple models
with dedicated masks are needed, making it hard to ensure
output consistency.

In this paper, we propose LF Blind-View Network (LF-
BVN), a novel self-supervised framework for LF denoising.
First, since the geometric relationship is preserved when the
views in LF are spatially and angularly rotated, we specially
design a Geometric Invariance Mask (GIM) for the LFs.
The proposed GIM masks only one-quarter of the views
and can be implemented using a weight-sharing mechanism
so that the network effectively utilizes information from
all available views. Then we develop the blind-view de-
noising framework using a multi-branch structure. In order
to preserve the view consistency between denoised views,
we introduce a latent representation volume and design a
reconstruction consistency loss to keep the representation
consistent across all branches. Furthermore, by designing
the depth estimation module, we extract and incorporate la-
tent depth information from noisy LF to provide additional
guidance for the denoising process. The proposed method
demonstrates state-of-the-art performance on the synthetic,
real-world and microscopy LF datasets, and exhibits excep-
tional generalization capability.

2. Related Work

Single Image Denoising: Recently, many supervised sin-
gle image denoising approaches [2, 37, 38] have been pro-
posed. Unfortunately, these methods require large amounts
of noisy-clean image pairs for training and perform poorly
when noise patterns are unknown. To alleviate these limita-
tions, self-supervised denoising methods have received in-
creasing attention. Noise2Noise [ 18] uses noisy-noisy pairs
for training, which significantly reduces the difficulty of
data collection. Similarly, R2R [22] corrupts noisy images
with known noise levels to obtain training pairs. Neigh-
bor2Neighbor [13] generates training pairs by sub-sampling
the single noisy image. Furthermore, several methods
have designed specific blind-spot network structures to pro-
cess single noisy images directly. Noise2Self [3] and
Noise2Void [15] were proposed to train networks with only
one noisy observation per scene. Specifically, they lever-
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age the independence of noise and the spatial correlation of
clean signals, predicting the real signals using carefully de-
signed blind-spot networks. Probabilistic Noise2Void [16],
Laine19 [17], and Dilated Blind-Spot Network [35] further
introduced explicit noise modeling and probabilistic infer-
ence for better performance. Blind2Unblind [32] proposed
a re-visible loss to train the denoising network, effectively
making blind spots visible during training. More recently,
several methods have been proposed to address spatially
correlated noise. Quan et al. [24] introduced a zero-shot
blind-spot image denoising method, which achieves the re-
moval of spatially correlated noise via implicit neural rep-
resentation. TBSN [19] proposed a transformer-based self-
attention mechanism for blind-spot denoising, coupled with
U-Net distillation to accelerate inference.

LF Image Denoising: LF image denoising has also wit-
nessed considerable progress. Early traditional methods
predominantly relied on hand-crafted priors. For instance,
Sepas-Moghaddam et al. [26] proposed converting noisy
LF images into snake-like epipolar-plane image (EPI) se-
quences and applying V-BM4D [20] to achieve collab-
orative filtering. Dansereau et al. [9] derived that the
spectral region of support in LF images is a 4D hyper-
fan, and utilized a 4D hyperfan filter to segregate the LF
signal from noise (Hyperfan4D). LFBMS5D [1] extended
BM3D [8] to LF images by stacking disparity-compensated
4D patches to suppress noise. Based on Hyperfan4D, Pre-
maratne et al. [23] proposed a novel 4D linear and shift-
invariant hyperfan filter, which exploits the spectral spar-
sity of LF images. With the advent of deep learning,
data-driven approaches have emerged. APA [6] introduced
the first learning-based LF denoising method, consisting
of two CNN modules. Wang et al. [30] proposed restor-
ing noisy LF images with a multi-stream progressive net-
work, which stacks LF images into three different config-
urations to provide complementary information. Chang et
al. [4] proposed a symmetrical refocusing strategy to con-
struct a focal stack for every view and designed a sim-
ple learning-based framework for LF denoising. Addi-
tionally, V2V3D [42] employed a Noise2Noise-based self-
supervised network specifically for LF microscopy denois-
ing.

3. Blind View Theory

The extension of blind-spot methodology to LF introduces
unique challenges. In the following, we analyze the funda-
mental differences between monocular and LF blind-view
denoising approaches, and present our strategy for design-
ing view masks.

3.1. Blind-Spot Denoising Revisit

The underlying principle of monocular blind-spot denoising
is to infer the value of a target pixel from its surrounding
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Figure 2. The mask design in blind-spot and blind-view network. The pixel or view is randomly masked (a) or fixed masked (b). However,
due to the different position relationship between views, only with the fixed mask the blind view networks can learn the geometric corre-
spondence in LF images. For other kinds of fixed patterns in (c), two or more models have to be trained for each pattern. We finally design
our GIM as in (d), where the geometric maintain consistent as the LF rotates spatially and angularly. Employing our view mask only one
model need to be trained and the photometric consistency between views can better maintained.

spatial context. Let y = y + n be a noisy image, where y
denotes the ground-truth clean image and n denotes noise.
The blind-spot-based denoising model is typically trained
by minimizing the following empirical risk:

arg min|fo ({5(8)}sencn) — F(5) 3. )
where 6 is a denoising network, s represent the spatial co-
ordinates, N(s) denotes the index set of neighboring pixels
of y(s), excluding y(s). This formulation requires the im-
age to satisfy the following two conditions: (1) The noise
n is zero-mean and pixel-wise independent. (2) The truth
pixel value y(s) is strongly correlated with its neighboring
pixels. Although these methods are capable of performing
denoising, their reliance on local spatial context makes them
fundamentally limited [15]. For example, noise patterns on
flat regions can resemble textures and real discontinuities
may be misinterpreted as noise.

3.2. Blind-Spot to Blind-View

In contrast, LF images capture multiple observations of the
same scene from different angles, introducing strong ge-
ometric constraints that inherently disentangle true scene
content from noise. This property effectively addresses the
limitations of single-image blind-spot denoising. Accord-
ing to the two-plane parameterization model [14], a LF can
be formulated as a 4D tensor L(a,x) € RUXVxHXW,
where a = (u,v) denotes the angular coordinates and
x = (h,w) denotes the spatial coordinates. Typically, the
LF image is organized as a U x V array of views that cap-
tures the same scene in one shot. The specific view at a;
can be denoted as I; € RExW,

For a 3D point in the scene, its projections onto different
views {I;(x;)|lj = 1,2,...,U - V} ideally exhibit photo-
metric consistency under noise-free conditions: Ij(x1)
Io(x2) = ... = Iy.y(xy.v). However, in real-world sce-
narios, global consistency is often disrupted by factors such
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as occlusions or non-Lambertian reflections. Nevertheless,
following the principles of blind-spot denoising, as long as
the noisy projection I,;(x;) remains strongly correlated with
a valid subset of other projections {ik(xk)} k=i, this corre-
lation provides sufficient informative context to predict the
clean content of the target pixel. This process can be for-
mulated as follows:

arg;nin||fe({ik(xk)}k¢i) - Li(x)ll3- @
Compared with Equ. 1, Equ. 2 focuses on leveraging multi-
view projections in LF images, where view consistency pro-
vides a more reliable supervisory signal. To better explore
the blind-view formulation, we apply masking across en-
tire views in the angular domain, without introducing any
spatial-domain masking. The blind-view network @ is then
trained by minimizing the following loss:

arg min||fo(M © £) — (1 - M) L3, 3)
where M € RUXVXHXW and © is hadamard product. We
set M(a;,:) = O to indicate that the view I, is masked.
We present a concrete example in Fig. | to highlight the
key differences between the monocular blind-spot network
(BSN) and the blind-view network (BVN). When the pixel
P represents a discontinuous signal, the BSN struggles to
recover the original signal using its spatial context. In con-
trast, by leveraging the corresponding pixels of the target
point in other views, which follow a distribution centered
around the clean signal value, the BVN provides a statisti-
cally reliable basis for estimation.

3.3. Blind View Mask Analysis

Similar to BSN, selecting an appropriate masking scheme is
a crucial challenge for BVN. For BSN, a simple approach
is to use a random selection strategy [15, 24], as illustrated
in Fig. 2(a). Since BSN relies on the statistical properties



inherent within a single image—properties that remain con-
sistent regardless of the blind spot’s location—some meth-
ods [32] design fixed, simple patterns, as shown in Fig. 2(b).
This statistical foundation enables these methods to tailor
their masking strategy to address specific challenges. How-
ever, BVN for LF images fundamentally depends on the
geometric relationships between views, and these relation-
ships vary significantly across view pairs. Several addi-
tional constraints must be considered to ensure optimal per-
formance. In this section, we elaborate on the key principles
of designing the view masking strategy.

(1) Fixed mask pattern: The projection of a 3D point
across different views is inherently governed by disparity
constraints. The projections of a 3D point on view I;(s;)
and view I,(s;) are supposed to satisfy the constraint:

B-f
Z(xi)

“

—a)

where B represents the baseline length between adjacent
views, f represents the focal length of the camera, Z(x;)

represents the depth of x;. Since the scene geometry (Z)
is fixed, the disparity between views is solely determined
by their relative angular positions. Therefore, a fixed angu-
lar masking pattern is essential to ensure geometric consis-
tency across views and facilitate effective learning of view
relationships.

(2) Uniform blind-view coverage: Monocular blind-
spot denoising requires masked pixels to be uniformly dis-
tributed in the spatial domain to ensure sufficient contex-
tual information is available for each prediction [32]. Simi-
larly, when applying view masking to LF images, the blind
views should be evenly distributed across the angular do-
main so that each masked view has nearby visible views for
reference. This strategy maximizes the use of complemen-
tary angular information and helps to mitigate information
loss caused by disparity and occlusion. As illustrated in
Fig. 2(c), the uneven distribution of masked views (e.g. in
patterns (2) and (3)) forces some predictions to rely on dis-
tant views with large disparity, significantly increasing the
difficulty of accurate reconstruction.

(3) Trade-off in masking degree: In monocular blind-
spot denoising, increasing the ratio of masked pixels in-
evitably leads to greater information loss [32], and a similar
issue arises in blind-view denoising for LF images. How-
ever, as discussed above, each unique view mask requires a
separately trained network. This constraint necessitates se-
lecting an optimal number of simultaneously masked views
to balance two competing objectives: (1) the accuracy of
learned geometric correspondences, and (2) the computa-
tional efficiency of training multiple networks to achieve
full LF coverage. As shown by pattern (4) in Fig. 2(c), al-
though only one view is masked, denoising the entire LF
would require training U - V' independent networks, re-
sulting in significant computational overhead and parame-
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ter redundancy. Conversely, using fewer visible views—as
in pattern (1)—reduces the number of required networks
(e.g., to two), but at the cost of halving the visible context
available for reconstruction. Furthermore, assigning differ-
ent networks to denoise different views within the same LF
can introduce inconsistencies in photometric appearance,
which may degrade performance in downstream tasks such
as depth estimation.

4. Method

In this section, we first propose the geometric invariance
mask that is designed tailored to the LF structure. Then the
denoising framework and training strategy are analyzed.

4.1. Geometric Invariance Mask

As discussed in Sec. 3.3, it is essential to design a fixed
masking scheme that both (i) allows the model to effec-
tively exploit the geometric consistency of LF images, and
(ii) avoids the need for training separate networks to denoise
different views within one LF.

Geometric Invariance in LFs: As demonstrated in [28],
the estimated disparity map remains invariant under arbi-
trary rotations of the LF data. This requires applying con-
sistent spatial rotations to each individual view while si-
multaneously reordering the views in the angular domain
to maintain their geometric relationships. From Equ. 4, we
understand that disparity depends on both the spatial co-
ordinates and the angular coordinates of the pixels. If we
only rotate each view in the spatial domain while keeping
the angular coordinates unchanged, the original geometric
relationships between views are disrupted. In other words,
the relationship between the views changes, requiring a new
network to learn this new relationship. Thus, the geometric
relationships between views remain consistent only when
the entire LF is rotated concurrently in both the spatial and
angular domains. As shown in Fig. 2 (d), let I, denote the
view located at angular position a;, and the point p; denote
the projection of a 3D point P in this view. We assume
that pos = Io5(x, y) exhibits disparity d to its correspond-
ing point in adjacent views, i.e. pog = Iny(z —d, y), p32 =
Iso(x, y—d). If only the two views in the red boxes are con-
sidered, the expectation of disparity the network ¢ learned
is: E[fy(I24,I25)]p = (d,0). Define the spatial-angular
rotation operator as R}, and spatial rotation as R}, where
r is the rotation angle. After spatial-angular rotation, the
input of ¢ has changed and the expectation of disparity at
point p is: E[f4[R35 (£)]] = E[f5[R3’(I32), RY (Iz5)]]p =
(y, W—2)—(y—d,W —z) = (d,0). Therefore, by lever-
aging this property, a single network can process different
views to obtain the same geometric representation of the LF.
GIM Design: Based on the above analysis, we design a
GIM that adheres to the three principles outlined in Sec. 3.3.
This design not only satisfies the core requirements but also
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Figure 3. The overview of our proposed LF-BVN framework (left) and the detailed denoising module (right). By rotating the LF and
applying the same view mask (GIM), four branches process different inputs but share network parameters to jointly generate a complete
denoised LF. The denoising module reconstructs clean latent representation volumes from noisy data and the £,.. enforces the consistency
between all denoised views. Then the decoder renders the denoised views, respectively. In the denoising module, we first construct PSV
and use a UNet to obtain the latent representation volume. A refocusing-based depth estimation module applies the £gep¢r constraint and

provides additional depth guidance.

capitalizes on the rotational invariance property of LF, en-
abling a single network to achieve efficient denoising across
all views. The design rationale and implementation details
are provided in the supplementary material. The designed
GIM is visualized in Fig. 2(d). Specifically, we mask the
blue views at first. After rotation, the LF changes while the
view mask remains unchanged, so the set of masked views
shifts to those marked in red. Despite variations in the in-
put views, the relationship between visible views remains
unchanged. Thus a weight sharing network can effectively
process all transformed inputs.

4.2. Blind-View Denoising Framework

The whole framework of LF-BVN fy employs a four-
branch architecture with shared parameters as in Fig. 3.
A fixed GIM is applied across all branches, result-
ing in different sets of visible views due to rotation
(0°,90°,180°,270°), while preserving consistent geomet-
ric relationships. In each branch, the masked LF is fed into
a shared Denoising Module fy,, which reconstructs a la-
tent representation volume that encodes the geometry of the
denoised scene. The rendering decoder fp, (composed of
3 residual blocks) is then applied to recover context of the
masked views. Finally, the corresponding inverse rotation
is applied to each branch’s output and fuses the complete
denoised LF.

Since different views are denoised separately by the
trained network, it is important to keep consistency across
all views. Therefore, we propose using a view-invariant
LF representation—termed the latent representation vol-
ume [29]—to model the LF, and introduce a consistency
constraint on the latent volumes derived from different
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branches. Furthermore, to fully leverage the depth infor-
mation inherent in LF, we design a novel noise-robust depth
estimation module that provides additional depth guidance
for constructing the latent representation volume.

Depth Probability from Refocus: Based on the blind-spot
denoising analysis in Sec. 3.3, we recognize that the key to
blind-view denoising lies in identifying the corresponding
projection points of a 3D scene point across different views,
where their geometric relationship follows the disparity for-
mulation in Equ. 4. So accurate depth guidance is piv-
otal for enhancing network performance. However, existing
self-supervised depth estimation methods [14, 36, 41] com-
monly rely on photometric consistency loss, which becomes
unreliable under noisy conditions. To overcome this limita-
tion, we introduce a depth estimation module that coarsely
predicts the probability distribution of each pixel over a
predefined set of depth planes, along with a novel depth
supervision loss. Specifically, we first construct the plane
sweep volume (PSV € RPXUXVXHXWXCy by ghifting
the masked LF to the central view according to a predefined
set of depth planes {d;,ds, ...,dp}. Then we employ LF
refocusing to generate a focus stack:

1 u v
FS= MZZPSVM,

u=1lv=1

(5

where F'S € RP*HXWxC ig the focal stack and |M | rep-
resents the number of visible views. As the central view

is masked, the refocused image lacks any information from
the original central view. This allows us to employ the noisy
center view as a supervision signal without the risk of the
network learning an identity mapping. Therefore, we design
a depth estimation module o that predicts pixel-wise depth
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Figure 4. Qualitative denoising results on synthetic datasets in sSRGB space.

probabilities DP € RP*H*W and constrains it using the
following loss:

D
Caeptn = 1 _[fo(PSV) © FSla = L||1, ©)

where I, is the originaalll central view. Then a weighted PSV
can be obtained by applying DP to the PSV. We visualize
a depth map generated from the probability volume in the
supplementary material.

Latent Representation Volume: As analyzed before, all
four branches of our framework are expected to learn a con-
sistent latent representation of the same scene. To explicitly
enforce coherence across all denoised views, we introduce
a reconstruction consistency loss ¢,..:

lre =Y _[IRx" (fo, (Rax(£) © M) = fo, (L M), (7)

where © € {90, 180,270}. When the rotated LF is pro-
cessed with our GIM, the set of visible views changes, while
the underlying 3D scene structure it represents remains un-
changed. Therefore, the latent representation volume (a ten-
sor with the shape of 4C' x H x W) produced by 6, after
applying the inverse rotation, should be consistent with the
representation obtained from the original orientation.
Training Loss: Our network is trained by minimizing a
hybrid loss function defined as follows:

®)

where ¢3;;,,4 measures the difference between the predicted
masked views and their original values as in Equ. 3.

étotal = eblind + alye + Bédepthy
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5. Experiments

5.1. Implementation Details

We use PyTorch deep learning framework and Adam op-
timizer (81 = 0.9, B2 = 0.999) to optimize the network.
The batch size is set to 20. The learning rate is fixed at
le — 4. The model is trained on an NVIDIA A5000 GPU
and stopped after 1eb iterations. During training, we select
the central 7 x 7 views and randomly crop them into 48 x 48
patches as input. Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index (SSIM) are employed as evalua-
tion metrics. We set the weighting coefficient « = 0.3 and
B =0.1.

5.2. Comparison with SOTA methods

To validate the efficacy of our method, we evaluate against
three benchmark categories: (1) monocular blind-spot de-
noising methods, B2U [32], ZSBlind [24], (2) supervised
LF methods, APA [5], DRLF [11], SRDNet [4], MSPNet
[30], and (3) self-supervised LF methods, V2V3D [42].
For fair comparison, all methods are trained under same ex-
perimental settings.

Synthetic LF Images: We employ 16 LF scenes from the
HCI dataset [33] for training and evaluate on the other 8
scenes. To evaluate the generalization capability of these
methods across different datasets, we conduct zero-shot
testing on the HCIold dataset [33] (5 LF scenes) and DLFD
dataset [27] (30 LF scenes).



Table 1. Quantitative denoising results on synthetic datasets in
sRGB space. The highest PSNR(dB)/SSIM is highlight in bold.

Method HCI HCIold DLFD

APA 33.55/0.885 33.09/0.862  31.47/0.830

DRLF  37.71/0.927 36.44/0.927  35.19/0.899

MSPNet  37.87/0.928 36.58/0.931  35.56/0.910

o =20 SRDNet 38.17/0.925 36.78/0.937 35.44/0.901
B2U 33.85/0.887 33.61/0.872  32.98/0.856

ZSBlind  30.93/0.802 30.39/0.788  29.56/0.778

V2V3D  36.21/0.909 35.97/0.896 33.89/0.891

Ours  37.86/0.960 37.72/0.953  36.04/0.937

APA 31.06/0.833 29.97/0.812  27.31/0.772

DRLF  33.73/0.877 32.69/0.855 30.54/0.844

MSPNet  33.27/0.881 33.15/0.853  31.94/0.866

o =50 SRDNet 34.73/0.901 33.96/0.898 32.27/0.884
B2U 28.76/0.824 28.37/0.833  27.88/0.801

ZSBlind  27.83/0.745 27.39/0.707  27.32/0.715

V2V3D  33.37/0.901 34.21/0.897  33.04/0.883

Ours 34510911 34.63/0.907 33.19/0.883

APA 33.15/0.880 33.07/0.870  31.31/0.817

DRLF  3551/0.925 35.57/0.921 34.47/0.902

MSPNet  34.73/0.908  34.52/0.910 33.75/0.887

o€  SRDNet 35.97/0.933 35.59/0.927 33.67/0.889
[5,50] B2U 32.32/0.869 3237/0.872  32.11/0.849
ZSBlind  28.59/0.756 28.29/0.758  27.92/0.743

V2V3D 34510911 34.63/0.907  34.11/0.900

Ours  3591/0.939 35.93/0.937 34.45/0.911

(1) Gaussian noises: To ensure comprehensive evalua-
tion, we train three separate models for each method using
datasets corrupted with different noise levels: (1) Gaussian
noise with o = 20, (2) Gaussian noise with o = 50, (3)
Gaussian noise with o € [5, 50]. As shown by the quantita-
tive comparison results in Table 1, whether the noise is fixed
or variable, our method outperforms other self-supervised
methods and three supervised methods. Although SRDNet
achieves a higher SSIM on the HCI dataset, its supervised
strategy leads to a strong dependency on the specific dis-
tribution of the training data. Since the HCIold and DLFD
datasets contain more weak-texture regions, the method’s
performance degrades significantly on them. Fig. 4 presents
qualitative comparisons of these methods. Compared to
other methods including supervised methods, our method
can recover subtle textures, such as those on desktops and
walls, even under high-noise conditions. This is because we
construct the representation of LF and constrain the consis-
tency of denoised views. Although V2V3D also constructs
the representation volume, it relies on a simple average
to fuse multiple volumes obtained from different models,
which leads to visible artifacts in textured areas.

(2) Unseen Noise Types: To assess the generaliza-
tion capability to noise types they have never seen, mod-
els trained on dataset with Gaussian noise (6 = 20) were
evaluated on datasets corrupted by: (4) Poisson noise with
A = 30, (5) Uniform noise with intensity values uniformly
distributed in [—50,50]. Table 2 presents the quantita-
tive results. It is evident that supervised methods generally
fail when handling noise types not present in the training
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Table 2. Denoising performance on out-of-distribution noise.

Method HCI HClold DLFD
APA 28.76/0.593  28.80/0.627  26.48/0.591
DRLF 31.29/0.789  31.22/0.786  30.19/0.758
MSPNet  30.84/0.775  30.23/0.841  29.66/0.744
Poisson SRDNet  30.64/0.763  30.20/0.755  29.26/0.726
A=30 B2U 33.02/0.861  33.12/0.868  32.76/0.859
V2V3D  34.17/0.889  34.26/0.887  33.85/0.867
Ours 36.09/0.932  36.43/0.944  34.51/0.917
APA 29.83/0.706  29.55/0.696  26.50/0.623
DRLF 31.32/0.695  31.20/0.716  30.36/0.719
MSPNet  33.74/0.873  33.21/0.878  31.31/0.867
Uniform  SRDNet  29.96/0.670  30.07/0.669  27.83/0.659
[-50,50] B2U 32.55/0.879  32.03/0.882  32.39/0.876
V2V3D  33.33/0.885  33.22/0.894  32.78/0.898
Ours 36.46/0.943  36.16/0.928  35.13/0.917

Table 3. MAE and MSE metrics for the depth maps using the de-
noised results. Both training and inference phases utilized Gaus-
sian noise with o = 20.

Method HCI HClold DLFD

DRLF 0.196/0.203 0.216/0.225 0.302/0.320
MSPNet 0.162/0.109 0.177/0.115 0.265/0.231
SRDNet 0.158/0.097 0.162/0.094 0.234/0.217
V2V3D 0.187/0.124 0.189/0.133 0.208/0.176
Ours 0.122/0.056 0.135/0.061 0.172/0.113

data, whereas our approach maintains robust performance
under such challenging conditions. The superiority origi-
nates from our unsupervised learning architecture’s ability
to capture the essential geometry of LF through its train-
ing strategy. By avoiding supervised learning’s tendency to
overfit specific noise distributions[38], our method learns
robust scene representations that facilitate accurate image
restoration.

(3) Depth Estimation from Denoised LFs: To evalu-
ate the view consistency of the denoised results, we use the
OAVC [12] to estimate the depth of the denoised LFs. The
results shown in Table 3 demonstrate that the depth maps es-
timated from our denoised method demonstrate higher ac-
curacy compared to those from competing methods. This
indicates that our denoising approach better preserves the
geometric and photometric consistency across the LF views.
Visual results are provided in the supplementary materials.
Real-world LF Images: We show two LF images captured
by a Lytro Illum camera and their denoised results in Fig. 5.
All models are trained on HCI dataset with Gaussian noise
(o0 = 20). Additional results are provided in the supple-
mentary material. As evidenced by the results, SRDNet
and DRLF fail to effectively handle defective pixels. While
MSP demonstrates some capability in addressing these bad
pixels, it incurs severe texture over-smoothing. V2V3D ex-
hibits noticeable artifacts in its output. In contrast, our ap-
proach successfully processes realistic noise while recov-
ering high-fidelity textures. We show more results in the
supplementary material.



Noisy

V2v3D

B2U Ours

Figure 5. Qualitative denoising results on real-world LF images.

38.79/0. 958 38.21/0. 959

V2v3D
(39.23/0.917)

VCDNet
(39.07/0.911)

Ours
(39.40/0.925)

Figure 6. Qualitative and quantitative denoising results on syn-
thetic LF microscopy dataset. The data in parentheses are the av-
erage metrics on the test set.

Microscopy LF Images: Following V2V3D, we trained
our method on their provided synthetic LFM dataset, fol-
lowed by the addition of Gaussian noise with o = 10. Since
the objective of LFM denoising is to obtain denoised ex-
plicit representation volumes, we render the LFM images
using the PSFs instead of the rendering decoder. Qualitative
and quantitative results are presented in Fig. 6. This demon-
strates that our approach can not only denoise but also keep
more details.

5.3. Efficiency Comparison

We compare the parameter and computational time in Ta-
ble 4. Compared to V2V, our method reduces the number of
required models and optimizes the rendering scheme, sig-
nificantly decreasing both parameter counts and inference
time. Although supervised methods such as MSPNet and
SRDNet achieve a lower parameter count, their inefficient
architectural choices—such as processing views sequen-
tially (SRDNet) or requiring multiple iterations (MSPNet)-
significantly increase inference latency.

5.4. Ablation Study

We conduct ablation studies on the HCI dataset with added
Gaussian noise (o = 20).
Masking Ratio: As analyzed in Sec. 3.3, a lower mask ra-
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Table 4. Number of parameters and run time comparison.

Metric B2U MSPNet SRDNet V2V3D  Ours
Params (M) 1.10 1.22 0.62 53.86 1230
Run Time (s) 1.46 2.27 3.12 1.05 0.55
FLOPs (T) 321 5.20 9.53 8.75 5.00

Table 5. Ablation study on Mask ratio and Branch number

Branch Num | 4 with 90° | 2 with 180°
Mask Ratio ‘ 25% 50% 75% ‘ 50% 75%
PSNR 1 37.86 36.91 36.10 3597 35.19
SSIM 1 0.960 0.942 0.926 0.925 0.910
FLOPs(T) | 5.0 5.0 5.0 2.5 2.5

Table 6. Ablation study about the proposed GIM, Latent Represen-
tation Volume, Depth Estimation Loss and Reconstruction Consis-
tency Loss. The base model is trained using random view masks.

GIM X v v v v
LRV X X v v v
Laepth X X X v 4
Lire X X X X v
PSNR 30.56 36.47 37.27 37.55 37.86
SSIM 0.812 0.915 0.930 0.954 0.960

tio yields better results but requires more branches. With
a 90° rotation angle, the optimal minimum masking ratio
is 25%, requiring 4 branches. As shown in Table 5, we
also evaluate 50% and 75% masking ratios. Increasing the
mask ratio while keeping the branch count fixed (i.e., aver-
aging multiple masked outputs) degrades performance due
to reduced visible context. Furthermore, using larger mask
ratios with fewer branches reduces computational costs but
further drops performance.

Network Components: As in Table 6, we evaluate indi-
vidual modules of LF-BVN. The base model trained with
random view masks fails to learn cross-view relationships
and cannot recover LF images. The proposed GIM success-
fully adapts the blind-view strategy to LFs. Synergistically
integrating the latent representation volume (LRV) signifi-
cantly improves the denoising performance. Finally, adding
the supervision of the depth estimation loss and reconstruc-
tion consistency loss achieves the best overall performance.

6. Conclusion

We present the first self-supervised denoising framework
applicable to both conventional LF images and LF mi-
croscopy. We propose a Geometric Invariance Mask to
achieve efficient LF blind-view denoising. Through the
refocusing-based depth estimation module and reconstruc-
tion consistency loss, the consistency between denoised
views is further enhanced. Experimental results demon-
strate superiority over state-of-the-art self-supervised meth-
ods and exceptional generalization across modalities.
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