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Abstract—Light Field (LF) imaging has emerged as a technol-
ogy that can simultaneously capture both intensity values and
directions of light rays from real-world scenes. Densely sampled
LFs are drawing increased attention for their wide application
in 3D reconstruction, depth estimation, and digital refocusing. In
order to synthesize additional views to obtain a LF with higher
angular resolution, many learning-based methods have been
proposed. This paper follows a similar approach to Liu et al. [1]
but using deformable convolutions to improve the view synthesis
performance and depth-wise separable convolutions to reduce the
amount of model parameters. The proposed framework consists
of two main modules: i) a multi-representation view synthesis
module to extract features from different LF representations of
the sparse LF, and ii) a geometry-aware refinement module to
synthesize a dense LF by exploring the structural characteristics
of the corresponding sparse LF. Experimental results over various
benchmarks demonstrate the superiority of the proposed method
when compared to state-of-the-art ones. The code is available at
https://github.com/MSP-IUL/deformable_Ifvs.

Index Terms—Ilight field view synthesis, deformable convolu-
tion, depth-wise separable convolution, geometry-aware network

I. INTRODUCTION

Light Field (LF) imaging is a technology that records both
spatial and angular information of light rays. Due to the angu-
lar information, LF imaging can be used for 3D reconstruction
[2], depth estimation [3], and post-capture image refocusing
[4]. Conventional LF acquisition devices include camera arrays
[5], computer-controlled gantries [6], and plenoptic cameras
[7], [8]. However, LF acquisition from camera arrays and
computer-controlled gantries is expensive and time consuming.
Plenoptic cameras perform LF sampling by inserting a micro
lens array between the main lens and the sensor, thus, due to
the limitation of the sensor resolution, there is an inevitable
trade-off between spatial and angular resolutions in densely
sampled LFs. Thus, a plethora of learning-based methods
have shown promising results in LF view synthesis tasks [9],
[10], [11], [12], [13]. In this context, Convolutional Neural
Network (CNN) LF view synthesis methods can be roughly
divided into two categories: i) depth-based, and ii) non-depth-
based. While depth-based methods can have depth estimation
errors and occlusions, especially in case of wide-baseline LFs,
non-depth methods upsample the angular information without
considering the geometry of the scene.
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national funds under Project UIDB/50008/2020 and Project PTDC/EEI-
COM/7096/2020.

Depth-based methods warp existing LF views to novel views
according to estimated depth/disparity information. Kalantari
et al. [9] used two sequential CNNs to estimate disparity
and color information simultaneously for high quality LF
views synthesis at arbitrary locations. However, the correlation
between synthesized views was ignored due their arbitrary
locations. Jin et al. [14] used a CNN-based depth estimation
module for explicitly modeling the scene geometry and a
warping module for novel view synthesis. This method intro-
duces a novel loss function to promote the preservation of the
LF parallax structure. A common method for depth-dependent
methods is feature extraction of input views by using a
CNN. However, for randomly sampled Sub-Aperture Image
(SAI) inputs, the angular position always varies, which makes
it difficult for the network to provide sampling and target
positions. In order to handle this issue, Jin et al. [15] synthesize
the LF in a coarse-to-fine manner, where 4D disparity maps
are estimated by using the Plane-Sweep Volumes (PSVs).
Confidence maps are then utilized to evaluate and merge the
warped views. The final densely-sampled LF is refined by
a refinement network. Liu et al. [1] proposed a CNN-based
LF view synthesis method using Multi-Representation View
Reconstruction (MRVR) and Geometry-Assisted Refinement
(GAR) modules, where the first module explores various alter-
native LF representations to synthesize dense LF views, while
the second module enhances the view synthesis performance
by exploring the structural characteristics of the LF scene.

Non-depth-based methods synthesize LF views by exploring
local LF information, such as neighboring views, Epipolar
Plane Images (EPIs) or EPI volumes, through traditional signal
processing [16], [17], or learning-based methods [18], [19],
[20]. Yoon et al. [18] used two cascaded CNN networks to
upsample the spatial and angular resolutions simultaneously,
where each SAI is first upsampled and then novel views
are generated between the upsampled SAIs. Yang et al. [20]
proposed an end-to-end LF angular super-resolution network
that explicitly uses structure and scene information, which
is divided into three parts: i) a feature extraction network,
ii) an upsampling network, and iii) a refinement network. A
LF Residual Block (LF-ResBlock) is used to extract EPI and
scene features. The upsampling network is used to generate the
intermediate LF and the refinement network, consisting of LF-
ResBlocks that exploit the LF structure and scene information
from the intermediate LFs, is used to synthesize the final LF
views.



The new LF view synthesis method proposed in this paper
is derived from Liu’s et al. framework [1] introducing a rich
LF representation by using deformable convolutions [21] for
the Angular Synthesis Branch (ASB) and depth-wise separable
convolutions for the Spatial Synthesis Branch (SSB), while
keeping the Pseudo-Temporal Synthesis Branch (PTSB) intact.
In [1], the SAl-array-based synthesis pipeline has complex
CNN branches with large receptive fields to cover the large
spatial context for the disparity estimation network. CNNs
are inherently limited to model geometric transformations due
to the fixed kernel geometric structure [21]. To alleviate this
dilemma of the disparity network with large receptive fields
in depth dependent view synthesis tasks, the proposed method
uses 2D deformable CNNs [21] that add a 2D offset to each
grid sampling point and allow the sampling grid to deform
freely. Additionally, the proposed view synthesis method also
uses depth-wise separable convolutions for the GAR module
to reduce the number of model parameters. Chollet et al. [22]
claimed that depth-wise separable convolutions have a smaller
number of parameters with same computational efficiency
because traditional convolution connects all input channels
to all output channels in a single operation, while depth-
wise separable convolution first processes each input channel
separately and then combines the results through point-wise
convolution. Therefore, the main contributions of this paper
are as follows:

e We designed 2D deformable convolutional layers to
model the disparity estimation network instead of multi-
branches or cascaded CNN layers with large receptive
fields.

o We designed depth-wise separable convolutional layers
for the SSB and GAR module to reduce the number of
model parameters.

II. PROPOSED METHOD

A LF can be expressed by a 4D function L(u, v, x,y), where
(u,v) and (z,y) denote, respectively, the angular and spatial
coordinates, that can be represented as a U x V array of
LF views (or SAls), where each LF view, L(u,v,:,:), has a
spatial resolution of X x Y. The goal of the proposed method,
presented in the following subsections, is to synthesize a high
angular resolution array of U x V LF views, denoted as
ﬁ(u,v,x,y), from a low angular resolution set of U’ x V'
LF views, denoted as the reference LF, L,.r (v, v, z,y).

A. Multi-Representation View Synthesis (MRVS)

The MRVS module consists of three view synthesis
branches: i) ASB, ii) SSB, and iii) PTSB (see Fig. 1). Each
view synthesis branch uses as input the reference LF in a
different representation format, respectively: (i) the original
low angular resolution set of LF views, L,.r, (ii) a low
resolution lenslet image, M,.;, and (iii) a low temporal
resolution Pseudo Video Sequence (PVS), P..;. The M,.s
is composed of a X x Y array of U’ x V' Micro-Images
(MIs) that are constructed by extracting one pixel from the
same relative (x,y) position from L,.s. P..; is obtained by

rearranging the SAls from L,.; into a video sequence in a
zig-zag manner.

The output of these view synthesis branches are then
concatenated and fed into a feature fusion network to obtain
high angular resolution LF views, L(u,v,z,y). The MRVS
can be described by the following equation:

L(uavaxay) =f ((LrevarefaPref) 7@*)
0" = argmin HLGT(U,'U,J),:U) - L(U,U,.’E, y)” (1)
(C]

In (1), Ler(u, v, x,y) represents the Ground Truth (GT) LF,
f(-) represents the mapping from low angular LF to high
angular LF view synthesis, || - || is the Ly loss function and ©
represents the set of network parameters.

1) Angular Synthesis Branch (ASB): In ASB, a disparity-
based warping approach is adopted to explore the LF angular
geometry correlation between adjacent SAlIs. To estimate the
disparity, differently from [1], which is more focused on multi-
branch convolution networks, we use seven 2D deformable
convolution layers to model geometric transformations with
more degrees of freedom instead of pure translations. Con-
ventional convolution operations use fixed filters, which limits
their ability to capture geometric variations or deformations in
the input data. The proposed 2D deformable disparity network
has kernel sizes {11,7,5,5,3,3,3}, with each layer being
followed by a ReLLU activation function, except the last one.
The resulting disparity is then passed to the backward warping
module to generate a high angular resolution LF from the set
of U’ x V' SAISs in the low resolution array L,.s as follows:

() (x,u) = Lyes (x+d(x,u). (u—1u'),u’) (2

In (2), () (:,u) represents a novel SAI at angular position
u = (u,v) that is synthesized from the SAI with angular
position u’ = (v/,v) in Lycf. Lyey (:,u’) represents the SAI
from L,.y that appears at angular position u’ = (v/,v); x =
(z,y) corresponds to the spatial coordinates. The output of
this branch, Lisp € RUXV*XxYx(U'xV’)
rich LF angular information.

2) Spatial Synthesis Branch (SSB): In SSB, a depth-wise
separable convolution network is used to explore the local-
spatial correlation inside MIs from the low resolution LF
lenslet image, M,.s. The network consists of six 3D depth-
wise separable convolution layers because depth-wise sepa-
rable convolution splits the computation into two steps: (i)
depth-wise convolution that applies a single convolutional
filter per each input channel, and (ii) point-wise convolution
that is used to create a linear combination of the output of
the depth-wise convolution and one pixel shuffle layer. The
pixel shuffle layer is used to upsample the number of views.
Further, four 2D Residual Blocks (ResBlocks) are used to fuse
the learned local-spatial features from MIs and reordered into
SAls. The output of this branch is a high angular resolution
LF, Lgsp € RUXVXXXY.

, corresponds to
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Fig. 1: Architecture of the proposed view synthesis method.

3) Pseudo-Temporal Synthesis Branch (PTSB): The PTSB
module is borrowed from [1] and is used to further exploit the
angular correlation of LFs as pseudo-temporal information.
The low resolution PVS P,.f is fed into the PTSB network,
which consists of two dilated 3D convolution layers and four
3D convolution layers. Further, four 3D ResBlocks and one
3D convolution network are then followed to restore more
texture details and reshaped into SAIs to obtain a high angular
resolution LE, Lprgp € RUXVXXXY

4) Feature Fusion Network: The angular geometry infor-
mation in Lagp, the spatial information in Lssp, and corre-
lation between adjacent SAls in L prgsp, are then concatenated
and fed to a feature fusion network, as in [1]. This network
consists of three 2D convolution layers, to extract further
spatial features, and four 3D ResBlock convolutional layers,
that are used to fuse the high dimensional features from the
three multi-representation branches. The output of this process
is the Dense image Stack (DeS), L(u, v, z,y) € RUXVXXXY,

B. Geometry-Aware Refinement (GAR)

This module enhances the LF views extracted from the
DeS using a 3D convolution with kernel-size 1 to constitute a
bidirectional view stack structure by stacking SAls from hor-
izontal and vertical directions. Then 3D depth-wise separable
convolution network is proposed to enhance the view synthesis
from the stacked SAIs. Further, two 3D ResBlocks, followed
by a 2D CNN with three layers, are used to improve texture
details. At the end, one by one summation strategy is used to
produce the high angular resolution LF views, L(u, v, z,y).

III. EXPERIMENTAL RESULTS
A. Datasets and Training Details

Two end-to-end network models were trained on the follow-
ing datasets (see Table I): (i) HCInew (20 scenes) — synthetic
LFs [23], and (ii) UCSD Training — real-world LFs captured
with a Lytro Illum camera [9]. Each LF was cropped to the
central 7 x 7 views and their 4 corner views were extracted

to be used as 2 x 2 low angular resolution LF input (only
the Y channel was considered). Each view was cropped into
96 x 96 patches to generate the training samples. The batch-
size was set to 1 and the networks were trained using the
L loss function and optimized using the Adam method [24].
The learning rate was initialized to 10~* and halved every
5 x 102 epochs. For testing, three real-world and two synthetic
LF datasets were adopted (Table I); the average Y Peak Signal-
to-Noise Ratio (PSNR-Y) and the Structural Similarity Index
Measure (SSIM) for the synthesized views were used.

TABLE I: Training and testing LF datasets.

LF dataset Type dGT Angulfir Spa(i:.xl Training | Testing

epth r scenes scenes
HClInew [23] Synthetic v 9x9 512 x 512 20 4
HClold [25] Synthetic v 9x9 768 x 768, 1024 X 576 - 5
UCSD Training [9] Real - 14 x 14 376 x 541 100 -
UCSD Testing [9] Real 14 x 14 376 x 541 - 30
INRIA Occlusions [26] Real 14 x 14 376 x 541 - 25
INRIA Reflective [26] Real 14 x 14 376 x 541 - 15

B. Comparative Analysis

Four state-of-the-art view synthesis methods are com-
pared with proposed method: (i) geometry-assisted multi-
representation view reconstruction (GA-MRVR) [1], (ii) learn-
ing LF angular super resolution via geometry-aware network
(LFASR-Geo) [14], (iii) deep coarse-to-fine dense LF recon-
struction with flexible sampling and geometry aware fusion
(FS-GAF) [15], and (iv) light field angular super-resolution
based on structure and scene information (LFASR-SSI) [20].
Tables II and III show that the proposed method has higher
performance in terms of PSNR-Y and SIMM on all benchmark
methods, except for FS-GAF on synthetic datasets, which uses
PSVs for depth inference. Fig. 2 and Fig. 3 illustrate the
qualitative results and Table IV shows the number of model
parameters for each method under analysis.

C. Ablation Study

This section presents several experiments to provide deep
insight into the proposed method. For this, different con-
volution neural network variants and LF representations are



Fig. 3: Qualitative results on a real-world LF: (a) GT; (b) GA-MRVR [1]; (¢) LFASR-Geo [14]; (d) FS-GAF [15]; (e) Proposed.

TABLE II: Quantitative results on synthetic datasets.

Test sets GA-MRVR [1] | LFASR-Geo [14] FS-GAF [15] LFASR-SSI [20] Proposed

~ 7 [ PSNR [ SSIM | PSNR SSIM PSNR | SSIM | PSNR [ SSIM | PSNR [ SSIM
HCInew | 34.31 0.935 | 33.76 0.932 37.14 0.966 | 33.24 0.911 34.50 0.937
HClold 40.84 0.954 | 40.84 0.954 41.80 0.974 | 40.53 0.957 41.25 0.958
Average | 37.58 0.945 | 37.30 0.943 39.47 0.970 | 36.89 0.934 37.88 0.947

TABLE III: Quantitative results on real-world datasets.

complex in terms of number of model parameters. Therefore,
in the proposed solution, we take advantage of a “rich” LF
representation and use different deformable convolution neural
networks to achieve high angular resolution, with a similar
number of model parameters to competing methods. Table V
shows the overall results of this ablation study.

Test sets |_GAMRVR [1] [ LFASR-Geo [14] | FS-GAF [15] | LFASR-SSI [20] Proposed .
PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM TABLE V: Ablation results on HCInew scenes.
30scenes | 42.91 | 0.987 | 42.53 | 0985 | 4275 | 0986 | 4252 | 0986 | 43.19 | 0.987
Occlusion | 39.06 | 0981 | 3836 | 0977 | 3851 | 0979 | 38.63 | 0.980 | 39.26 | 0.982 T
I - - - - hew
Reflective | 39.04 | 0962 | 3820 | 0955 | 3835 | 0955 | 3841 | 0.960 | 39.20 | 0.963 Ablation Variants Method LF representation |—pexp ey
Average 40.34 0.977 | 39.70 0.972 39.87 0973 | 39.85 0.975 40.55 0.977 Var-T 2D deformable convolution network SATs 3448 | 0936
Var-1T 3D convolution network MIs 34.13 0.932
Var-IIT 3D convolution network PVS 3387 | 0925
6 Vari-IV 2D deformable convolution and CBAM SAIs 34.02 0.933
TABLE IV: Number of model parameters (x10°). VariV 2D deformable convolution network SALs, M5, PVS | 32835 | 0919
Proposed network | 2D deformable and depth-wise scparable convolution networks | SAIs, MIs, PVS | 34.50 | 0937

[ GA-MRVR [1] | LFASR-Geo [14] | FS-GAF [15] | LFASR-SSI [20] | Proposed |
[ 24996 | L0113 | 15353 | 0.7145 | 23700 |

used. In Var-I, we use deformable convolution networks for
disparity estimation and backward warping. In this depth-
dependent method, we use a SAI LF representation. In Var-
I, we use the 3D convolution on Mls and upsample the
angular resolution by using a pixel shuffle layer. In order
to find the LF angular-spatial correlation, we use the PVS
representation with 3D convolution in Var-III. We also test
a Convolution Block Attention Module (CBAM) in depth-
dependent method of SAI representation in Var-IV. During
these experiments, we find that a “rich” LF representation
plays a vital role in LF view synthesis. In Var-V, we use SAI,
MlIs and PVS LF representation and and deformable convolu-
tion networks. However, these approaches revealed to be too

IV. CONCLUSIONS

This paper addressed the problem of LF view synthesis by
combining deformable convolutions and depth-wise separa-
ble convolutions in a multiple-representation view synthesis
(MRVS) module and a geometry-aware refinement (GAR)
module. The first module extracts structural characteristics of
LF by exploring spatial geometry information in SAI images,
abundant angular information in lenslet image, and adjacent
correlation of SAIs in PVS. The GAR module improves the
reconstruction performance by restoring more texture detail
and fusing rich LF structural information. The experimental
results show the advantages of the proposed approach rela-
tively to benchmark solutions. In the future, we will extend the
proposed approach to handle more challenging scenes, notably
with wide baselines.
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