
Citation: Ye, K.; Li, Y.; Li, G.; Jin, D.;

Zhao, B. End-to-End Light Field

Image Compression with Multi-

Domain Feature Learning. Appl. Sci.

2024, 14, 2271. https://doi.org/

10.3390/app14062271

Academic Editor: João M. F.

Rodrigues

Received: 6 February 2024

Revised: 25 February 2024

Accepted: 26 February 2024

Published: 8 March 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

End-to-End Light Field Image Compression with Multi-Domain
Feature Learning
Kangsheng Ye, Yi Li *, Ge Li, Dengchao Jin and Bo Zhao

School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China;
yks1001@tju.edu.cn (K.Y.); lige97@tju.edu.cn (G.L.); jdc3159761141@tju.edu.cn (D.J.); bzzb@tju.edu.cn (B.Z.)
* Correspondence: annie@tju.edu.cn

Abstract: Recently, end-to-end light field image compression methods have been explored to improve
compression efficiency. However, these methods have difficulty in efficiently utilizing multi-domain
features and their correlation, resulting in limited improvement in compression performance. To
address this problem, a novel multi-domain feature learning-based light field image compression
network (MFLFIC-Net) is proposed to improve compression efficiency. Specifically, an EPI-based
angle completion module (E-ACM) is developed to obtain a complete angle feature by fully ex-
ploring the angle information with a large disparity contained in the epipolar plane image (EPI)
domain. Furthermore, in order to effectively reduce redundant information in the light field image,
a spatial-angle joint transform module (SAJTM) is proposed to reduce redundancy by modeling
the intrinsic correlation between spatial and angle features. Experimental results demonstrate that
MFLFIC-Net achieves superior performance on MS-SSIM and PSNR metrics compared to public
state-of-the-art methods.

Keywords: light field image; end-to-end compression; multi-domain feature learning

1. Introduction

With the development of light field imaging technology, light field images have been
widely used in many fields, including depth estimation [1], view synthesis [2], and free
viewpoint rendering [3]. However, the dense viewpoints and high-resolution character-
istics of light field images pose huge challenges to transmission. Consequently, many
compression methods have been researched to improve the compression efficiency of light
field images.

Traditionally, many light field image compression methods based on standard video
codecs have been studied, which perform specific processing on light field images and
compress them using existing video codecs [4,5]. Specifically, the sub-aperture images
(SAIs) of the light field are first organized into pseudo video sequences with a specific order.
Subsequently, existing video codecs are applied to compress these pseudo video sequences.
Finally, the reconstructed pseudo video sequences are rearranged to recover the original
light field SAIs. Although these methods can effectively reduce the redundancy of light field
images, the effect becomes limited when the number of SAIs increases. Considering the
similarity among views in light field images, some researchers have studied compression
frameworks based on view synthesis, which encode sparse views and synthesizes the
remaining views based on the disparity relationship at the decoder [6–8]. Since existing
standard video codecs are not specifically tailored for light field images, it is difficult for
the above methods to achieve optimal coding efficiency.

Recently, deep learning technology has developed rapidly and achieved impressive
success in various tasks, such as quality enhancement [9,10], content generation [11,12], and
object detection [13,14]. Inspired by this, researchers have explored many deep learning-
based video coding methods [15–17]. For light field image coding, some end-to-end coding
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frameworks have also been proposed, and preliminary results have been achieved [18–21].
Specifically, the first step involves the extraction of light field image features. Subsequently,
a nonlinear transform is applied to light field image features to obtain a compact latent
representation for efficient entropy coding. Therefore, the coding performance of end-to-
end light field image compression methods mainly depends on the complete extraction of
light field image features and the efficient compression of image features.

In order to completely extract light field image features, several methods have been
proposed, such as data structure adaptive 3D convolution (DSA-3D) [18], space-angle
decoupling mechanism [19], and disparity-aware model [20]. However, the aforementioned
methods mainly extract spatial feature and angle feature within a limited disparity range
and ignore the exploitation of the large disparity angle information in the EPI domain. As
a result, this problem generally hinders the efficient compression of light field images with
large disparity.

Meanwhile, some technologies have been designed for the efficient compression of
light field image features by reducing unnecessary redundancy. For example, Jia et al. [21]
introduced generative adversarial networks (GANs) into light field image compression,
which utilize decoded sparse sampling SAIs to generate remaining light field SAIs at
specific locations, thus effectively reducing the transmission of redundant information.
Tong et al. [19] decoupled the spatial feature and angle feature in the light field image and
reduced the redundancy of the spatial and angle features, respectively. However, these
methods usually focus on reducing the redundancy within a single domain and ignoring
correlations among multi-domain features, which leads to the insufficient reduction of
redundancy.

To address the above problems, a novel multi-domain feature learning-based light field
image compression network (MFLFIC-Net) is proposed in this paper. In the MFLFIC-Net,
the complete angle feature is obtained by exploring the large disparity angle information
in the EPI domain. In addition, the correlation between the spatial feature and complete
angle feature is explored to effectively reduce redundancy, thereby further improving the
compression efficiency. The contributions are summarized as follows:

(1) A novel multi-domain feature learning-based light field image compression network
is proposed to improve compression efficiency by effectively utilizing multi-domain
features and their correlation to obtain a complete angle feature and reduce the
redundancy among multi-domain features.

(2) An EPI-based angle completion module is developed to obtain a complete angle
feature by fully exploring the large disparity angle information contained in the
EPI domain.

(3) A spatial-angle joint transform module is proposed to reduce redundancy by modeling
the intrinsic correlation between spatial and complete angle features.

(4) Experimental results on the EPFL dataset demonstrate that MFLFIC-Net achieves
superior performance on MS-SSIM and PSNR metrics compared to public state-of-
the-art methods.

The remaining sections of this paper are organized as follows. Section 2 briefly reviews
the related works on light field image compression. Section 3 provides an introduction to
the details of the proposed method. The experimental setup and experimental results are
introduced in Section 4. Finally, the paper is summarized in Section 5.

2. Related Works
2.1. Traditional Light Field Image Compression

Traditional methods typically explore compression techniques suitable for light field
images based on existing video codecs [22–24]. For example, Liu et al. [22] arranged the
light field SAIs into pseudo-video sequences and compressed sequences using the standard
video codec. Dai et al. [25] arranged all SAIs into two scan orders, i.e., the spiral order and
the zigzag order, and encoded them with the video codec, thereby effectively reducing
spatial redundancy in light field images. Different from the fixed arrangement order,
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Porto et al. [23] designed a context-adaptive coding scheme that calculates the sum of
absolute differences (SADs) among SAIs, and then dynamically arranges SAIs according to
the minimum SAD, thus effectively reducing inter-frame prediction residual. To further
improve the prediction accuracy, Liu et al. [24] divided the prediction unit (PU) into three
different categories based on the content attributes, and designed a Gaussian process
regression-based prediction method to improve compression efficiency. However, the effect
becomes limited when the number of SAIs increases, making it difficult to further improve
compression efficiency.

The recent standard Joint Photographic Experts Group Pleno (JPEG Pleno) only en-
codes selected SAIs and uses disparity information at the decoder to reconstruct unselected
SAIs, which could significantly reduce the encoding bitrate and provide a new direction.
Inspired by JPEG Pleno, Huang et al. [6] transmitted half of the SAIs and their correspond-
ing disparity maps, which improves the reconstruction quality with the cost of more bit
consumption. To further reduce bit consumption, Huang et al. [7] proposed a low-bitrate
compression method with geometry and content consistency that achieves low-bitrate
light field image compression while ensuring reconstruction quality. However, existing
video codecs are not tailored for the unique characteristics of light field images, making it
challenging to attain optimal compression efficiency.

2.2. Learning-Based Light Field Image Compression

With the rapid development of deep learning, deep learning technology has been
widely applied to various image processing tasks and has achieved significant success.
Inspired by this, some researchers have devoted to studying learning-based light field
image compression methods [26–28]. The learning-based compression methods can be
divided into two categories: using deep learning tools to enhance the traditional light field
image compression framework and using deep learning frameworks to perform end-to-end
compression of light field images.

In terms of deep learning tools, these methods have achieved impressive coding
performance improvements by embedding deep learning tools into traditional light field
image compression frameworks. Bakir et al. [26] proposed a light field image compression
method based on view synthesis, using Versatile Video Coding (VVC) to compress the
sparsely sampled SAIs, and introduced the efficient dual discriminator GAN model to
generate the remaining SAIs at the decoding side. Zhao et al. [27] introduced a multi-view
joint enhancement network to suppress compression artifacts, thereby improving coding
performance. To further reduce bit consumption, Van et al. [28] proposed a downsampling-
based light field image encoding framework that downsamples the light field image at
the encoder and introduces a super-resolution network at the decoder. However, these
methods only enhance a single module using deep learning tools, lacking the capability to
achieve comprehensive optimization of the compression framework.

In recent years, end-to-end image compression methods have been extensively studied
and achieved impressive performance. As a key component, entropy coding plays a vital
role in the encoding and decoding stages of data. Researchers continue to optimize the use
of entropy coding to improve compression efficiency and image quality while reducing
data transmission and storage costs. For example, Ballé et al. [29] proposed a hyperprior
entropy model based on side information, which assists in the parameter generation of
the entropy model by capturing the hidden information of the latent representation. On
the basis, Minnen et al. [30] proposed an autoregressive context model that accurately
capture the correlation between pixels in an image by fully utilizing contextual information,
thereby achieving more effective image compression. These end-to-end methods usually
adopt a compression autoencoder framework, which is overall optimized by the rate-
distortion (RD) function. Inspired by this, some researchers have devoted themselves to
developing end-to-end light field image compression methods. For instance, Singh et al. [20]
proposed a novel learning-based disparity assist model to compress four-dimensional light
field images, which ensures the structural integrity of reconstructed light field images by
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introducing disparity information. Zhong et al. [18] introduced a data structure adaptive
3D-convolutional autoencoder, which effectively remove artifacts generated during the
compression process and achieve better compression efficiency. Tong et al. [19] proposed a
spatial-angle decoupling network that reduces redundancy in spatial and angle features,
respectively, thereby improving the compression efficiency. However, the above light field
image compression methods cannot effectively exploit multi-domain features and their
correlation, which prevents further improvement in compression efficiency.

3. Method
3.1. Architecture of MFLFIC-Net

To enhance the compression efficiency of light field images, a MFLFIC-Net is proposed,
which exploits multi-domain features and their correlation to obtain a complete angle
feature and reduce the redundancy among multi-domain features. Specifically, the large
disparity angle information contained in the EPI domain is explored to obtain a complete
angle feature, which contains angle information on the complete disparity range. In
addition, the intrinsic correlation between spatial and complete angle features is further
exploited to reduce redundant information in features.

As shown in Figure 1, the proposed network consists of three parts: an encoder, an
entropy coding, and a decoder. The encoder is employed to generate a latent represen-
tation from the original image. In the entropy coding phase, the latent representation is
compressed into a bitstream for transmission. Finally, the decoder, which consists of a
spatial-angle joint transform module and reconstruction module, is utilized to reconstruct
the image from the reconstructed latent representation. In detail, the feature extractors are
first used to map the original light field image x to the feature space for obtaining spatial
feature fS, angle feature fA, and EPI feature fE. Subsequently, the E-ACM is designed to
obtain the complete angle feature fA∗ . Then, the SAJTM is designed to effectively reduce
the redundant information between fS and fA∗ , and obtain the compact spatial feature
f c2
S and the compact angle feature f c2

A∗ . After that, f c2
S and f c2

A∗ are channel-concatenated
and pass through a convolution layer to obtain the latent representation y. Then, y is
entropy encoded and decoded by the entropy coding. Finally, the reconstructed latent
representation ŷ passes through the decoder to obtain the reconstructed light field image x̂.

Figure 1. Architecture of MFLFIC-Net. The original image x first passes through the encoder, which
consists of a series of feature extractors, E-ACM, and SAJTM, to obtain a compact latent representation
y. Specifically, the E-ACM consists of three EPI feature refine blocks (EFRBs), and the SAJTM consists
of two correlation learning-based joint transform blocks (CL-JTBs). After obtaining the reconstructed
latent representation ŷ from entropy coding, the reconstructed light field image x̂ is finally generated
through the decoder.

3.2. EPI-Based Angle Completion Module

The angle domain feature obtained by feature extractor only contains angle informa-
tion within a limited disparity range. To improve the coding performance of large disparity
light field images, an E-ACM is designed by fully exploiting the large disparity angle
information contained in the EPI domain. This module takes the angle feature fA and the
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EPI domain feature fE as inputs, and obtains a complete angle feature fA∗ , containing angle
information on the complete disparity range.

As shown in Figure 1, the E-ACM consists of three EPI feature refine blocks (EFRBs)
and a concatenation operation. Specifically, the EFRB is designed to obtain the comple-
mentary feature fE∗ from fE. Then, fE∗ and the input fA are concatenated in the channel
dimension to obtain the complete angle feature fA∗ . The specific calculation process is
as follows:

fA∗ = fE∗ ⊕ fA, (1)

fE∗ = E( fA, fE), (2)

where E(·) consists of three EPI feature refine blocks, and ⊕ denotes the channel-wise
concatenation.

The architecture of the proposed EFRB is shown in Figure 2. Taking an EFRB as an
example, the input angle domain feature f in

A and the EPI domain feature f in
E are first fed into

two residual blocks to generate features f
′
A and f

′
E. Then, a mutual attention mechanism is

applied to model the similarity relationship between f
′
A and f

′
E. Subsequently, nonlinear

transform is performed after channel-wise concatenation to obtain the common feature fEA.
The above process can be formulated as

f
′
E = R( f in

E ), (3)

f
′
A = R( f in

A ), (4)

fEA = hL(FL( f
′
A, f

′
E)⊕ f

′
E), (5)

where FL(·) denotes the mutual attention function [31]. hL(·) consists of two convolution
layers and an activation layer, and ⊕ denotes the channel-wise concatenation. R(·) is com-
posed of two residual blocks. Finally, the complementary feature f out

E∗ with large disparity
angle information is extracted from f

′
E. The specific calculation process is as follows:

f out
E∗ = gL( f

′
E − fEA), (6)

where gL(·) consists of a convolution layer and an activation layer.

Figure 2. Illustration of EPI feature refine block.

As described above, fA∗ is obtained after fA and fE pass through E-ACM. Benefiting
from the proposed E-ACM, the large disparity angle information contained in the EPI
domain is fully explored, thereby improving the compression efficiency of large disparity
light field images.
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3.3. Spatial-Angle Joint Transform Module

To effectively reduce redundant information in light field images, a SAJTM is proposed
to reduce redundancy by modeling the intrinsic correlation between spatial and complete
angle features. The proposed SAJTM takes spatial feature fS and complete angle feature fA∗ as
inputs, and the outputs are the compact spatial feature f c2

S and compact angle feature f c2
A∗ .

As shown in Figure 1, the proposed SAJTM is composed of two correlation learning-
based joint transform blocks (CL-JTBs). Two CL-JTBs are sequentially connected to reduce
redundant information in fS and fA∗ . Taking a CL-JTB as an example, its architecture is
illustrated in Figure 3. To obtain a more compact spatial feature, the inputs f in

S and f in
A∗ are

first processed through a residual block, two convolution layers, and an activation layer
to generate spatial feature f r1

S and angle feature f r1
A∗ with the same size, respectively. Sub-

sequently, the spatial predictive feature f s
p, which is the predicted redundant information

that can be obtained through prediction, is obtained by modeling the intrinsic correlation
between f r1

S and f r1
A∗ . Finally, f s

p is subtracted from f r1
S to obtain the more compact spatial

feature f out
S . The above process can be expressed as

f s
p = Fc(RS( f in

S )⊕ RA( f in
A∗)), (7)

f out
S = f r1

S − f s
p, (8)

where RS(·) and RA(·) both consist of a residual block layer, an activation layer, and two
convolution layers. Fc(·) is composed of an activation layer and a convolution layer, and ⊕
denotes the channel-wise concatenation.

Figure 3. Illustration of correlation learning-based joint transform block.

The process of obtaining the compact angle feature is similar to the above description.
The specific process can be expressed as

f a
p = Fc(RS( f out

S )⊕ RA( f in
A∗)), (9)

f out
A∗ = f r2

A∗ − f a
p . (10)

As mentioned above, after the input spatial feature fS and complete angle feature fA∗

pass through two CL-JTBs, compact spatial feature f c2
S and compact angle feature f c2

A∗ are
obtained. In this way,the proposed SAJTM effectively reduces redundant information by
utilizing the inherent correlation among features, thus improving compression efficiency.
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3.4. Implementation Details

We adopt the same rate-distortion loss function L as [19] to train MFLFIC-Net:

L = λD + R, (11)

where R represents the bits consumed for encoding, and D denotes the reconstruction
distortion computed by the mean square error (MSE). Following [19], the hyperparameter
λ is configured with values from the set {0.0001, 0.0003, 0.0006, 0.001, 0.002, 0.004}, ensuring
that the rates of all experimental results can be in the same range for fair comparison. In
addition, we use the same variable code rate training strategy as SADN [19], which is
divided into three phases. In the first stage, the initial network is trained for 30 epochs to
obtain a single rate point model of 0.002. In the second stage, the single rate point model of
0.002 is fine-tuned using noisy quantization into a variable rate model that can be tested
at multiple code rates. In the third stage, the coding performance is further improved
by changing the noise quantization of the entropy model to a straight-through estimator
quantization, finally obtaining a different variable code rate model.

4. Experiments
4.1. Experimental Settings

The model is trained on the PINet dataset [19], which is a large-scale natural dataset
consisting of 7549 images taken by the light field camera named Lytro Illum. These images
contain 178 categories, such as cats, camels, fans, bottles, etc. Each image in the PINet
dataset is randomly cropped into patches of size 832 × 832 for training. The MFLFIC-Net is
implemented using PyTorch and optimized with the Adam optimizer [32]. The training of
the model requires approximately 21 days on a PC equipped with 4 NVIDIA GeForce RTX
3090 GPUs. In addition, it is worth noting that model training is divided into three stages,
and the initial learning rate for each stage is different. The initial learning rates for the three
stages are set to 1 × 10−4, 1 × 10−5, and 1 × 10−6, respectively. To ensure the fairness and
impartiality of the experimental comparison, all methods are tested on the commonly used
EPFL dataset [33] with 12 light field images using an NVIDIA GeForce GTX 1080Ti GPU.

4.2. Comparison Results

A quantitative evaluation is performed to demonstrate the effectiveness of the pro-
posed MFLFIC-Net, which compares MFLFIC-Net with an end-to-end light field image
compression method SADN [19] and some traditional light field image compression meth-
ods, including GPR [24], HEVC reference software HM 16.9 [34], and VVC reference
software VTM 10.0 [35]. It is worth mentioning that these comparison methods were se-
lected because they have been widely used in previous related research and have achieved
remarkable results. In addition, this selection covers the main methods and strategies in this
field to ensure the reliability of the experimental results. Since our experimental settings
are consistent with SADN [19], the experimental results of GPR [24] are obtained from the
results of SADN [19]. For a fair comparison, the end-to-end light field compression method
SADN [19] is retrained on the same experiment equipment as the proposed method. To
objectively evaluate the compression performance, the BD-PSNR and BD-rate are utilized
as the objective metrics, where HM 16.9 [34] is set as the baseline to calculate the BD-PSNR
and BD-rate. As shown in Table 1, MFLFIC-Net achieves a 2.149 dB BD-PSNR increase and
a 65.585% BD-rate reduction. Compared with the SADN [19], MFLFIC-Net further obtains
a 0.354 dB BD-PSNR increase and a 21.329% BD-rate reduction. In addition, compared with
VTM 10.0 [35], MFLFIC-Net further obtains a 1.128 dB BD-PSNR increase and a 30.028% BD-
rate reduction. As shown in Table 1, the experimental results demonstrate that MFLFIC-Net
achieves the highest rate-distortion performance, which verifies its effectiveness.
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Furthermore, the rate-distortion curves of the MS-SSIM and PSNR metrics are shown
in Figure 4. In terms of PSNR metrics, MFLFIC-Net outperforms the other methods,
demonstrating the effectiveness of MFLFIC-Net. Regarding the MS-SSIM metric, as shown
in Figure 4, the MFLFIC-Net also exhibits optimal performance when compared to the
other methods. In addition, since the images in the test dataset do not overlap with the
training set and the images are different, the test experimental results are able to verify
the generalization ability of the method. Experimental results show that the proposed
method has better performance than the comparative methods, which further proves that
our method has stronger generalization ability.

Table 1. Comparison results of BD-rate and BD-PSNR on the EPFL dataset when using HM 16.9
as baseline.

Methods BD-PSNR (dB) BD-rate (%)

GPR −2.253 138.095
VTM 10.0 1.021 −35.557

SADN 1.795 −44.256
Proposed 2.149 −65.585

Figure 4. Rate-distortion curves . (a) Comparison of PSNR on the EPFL dataset. (b) Comparison of
MS-SSIM on the EPFL dataset.

To visually verify the efficiency of the proposed MFLFIC-Net, the reconstruction results
generated by SADN [19] and the proposed MFLFIC-Net are shown in Figure 5. It is worth
noting that, in the visual comparison, MFLFIC-Net is only compared with SADN [19]. This
is because SADN [19] significantly outperforms the other compared methods. From the
visualization results, it can clearly observe that the reconstruction texture of the proposed
method is clearer than SADN [19]. This is because the proposed E-ACM provide angle
information with a large disparity range, which is beneficial in reconstructing light field
images. At the same time, the proposed MFLFIC-Net has a lower bit consumption, which
indicates that SAJTM effectively reduce redundancy and improve performance.
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Original    SADN Proposed

 0.00425 bpp / 36.17832 dB  0.00423 bpp / 36.35801 dB

 0.01311 bpp / 33.35292 dB  0.01293 bpp / 33.76933 dB

 0.00989 bpp / 35.63274 dB  0.00985 bpp / 35.76372 dB

 0.02043 bpp / 37.94443 dB  0.01921 bpp / 37.99721 dB

(a)

(b)

(c)

(d)

Figure 5. Visual comparison of reconstruction results generated by SADN and the proposed MFLFIC-
Net. The reconstruction quality is measured by bpp/PSNR (dB).

4.3. Ablation Study

In order to verify the effectiveness of the SAJTM and E-ACM, they are successively
removed from the proposed MFLFIC-Net. First, the SAJTM is replaced by the interactive
module of SADN [19], which is denoted as “w/o SAJTM”. Then, E-ACM is further removed
from the MFLFIC-Net, which means that only utilize spatial features and angle features
within a limited disparity range, denoted as “w/o E-ACM and w/o SAJTM”. To ensure
the fairness of the experiment, the results of the ablation experiment are tested by the
third-stage training model. The comparison results are shown in Table 2 and Figure 6.

Table 2. Ablation results of BD-PSNR and BD-rate on the EPFL dataset.

Methods BD-PSNR (dB) BD-rate (%)

w/o E-ACM and w/o SAJTM 1.541 −48.167
w/o SAJTM 1.918 −54.970

Proposed 2.149 −65.585
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Figure 6. Ablation study on the EPFL dataset.

The SAJTM is proposed to effectively reduce redundancy between spatial and com-
plete angle features. As shown in Table 2 and Figure 6, with the replacement of the SAJTM,
the proposed network achieves a 0.231 dB BD-PSNR reduction and a 10.615% BD-rate
increase. This is because the proposed SAJTM can effectively utilize the correlation be-
tween features to reduce redundant information, thereby achieving further improvement
in compression performance. Meanwhile, the E-ACM is designed to obtain a complete
angle feature, containing angle information on the complete disparity range. As shown in
Table 2 and Figure 6, the “w/o E-ACM and w/o SAJTM” achieves a 0.377 dB BD-PSNR
reduction and a 6.803% BD-rate increase compared with the “w/o SAJTM”. This is because
the proposed E-ACM fully utilizes the large disparity angle information contained in the
EPI domain.

4.4. Complexity Analysis

In order to assess the computational complexity of MFLFIC-Net, MFLFIC-Net and
the end-to-end method SADN [19] are tested to record their encoding and decoding times.
The encoding and decoding times for SADN [19] are 449.441 s and 1107.301 s, respectively,
while those for the proposed MFLFIC-Net are 996.422 s and 1482.784 s. Compared with
SADN [19], MFLFIC-Net has a higher complexity. The increase in time can be attributed to
the computational complexity of the mutual attention mechanism applied in the network,
which is acceptable compared to the improvement in compression efficiency. In addition, it
can be observed that the increase in encoding time is larger than the increase in decoding
time. The reason is that, compared with the decoding time, the increase in the encoding
time is more reliant on exploring the large disparity angle information contained in the
EPI domain.

5. Conclusions

This paper proposes a novel multi-domain feature learning-based light field image
compression network. In particular, an EPI-based angle completion module is developed to
obtain a complete angle feature by fully exploring the large disparity angle information con-
tained in the EPI domain. In addition, a spatial-angle joint transform module is proposed
to reduce redundancy in features by modeling the intrinsic correlation between spatial
and complete angle features. Experimental results demonstrate that MFLFIC-Net achieves
superior performance on PSNR and MS-SSIM metrics compared to public state-of-the-art
methods. In future work, it will be worthwhile to research the optimization of the algorithm
structure and explore more lightweight networks for lower computational complexity, such
as simpler and more effective feature extraction methods. At the same time, it is necessary
to study possible trade-offs, such as maintaining the stability and accuracy of compression
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performance while reducing network complexity. In addition, there is a need to balance
the relationship between compression ratio and image quality to ensure that complexity is
reduced while still maintaining sufficiently high compression efficiency.
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