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Abstract. Light field (LF) camera sensors often face a trade-off between
angular resolution and spatial resolution when shooting. High spatial
resolution image arrays often result in lower angular resolution, and vice
versa. In order to obtain high spatial resolution and at the same time
have high angular resolution. In this paper, we propose an improved
4D convolutional neural network (CNN) algorithm for angular super-
resolution (SR) to improve the quality of angular SR images. Firstly, to
address the problem of low luminance of images captured by LF cameras,
this paper uses block threshold square reinforcement (BTSR) for image
luminance enhancement. Secondly, to make the reconstructed new view-
points of higher quality, this paper improves the attention mechanism
convolutional block attention module (CBAM). This paper incorporates
it into a 4D dense residual network as high dimensional attention module
(HDAM). HDAM generates images along two independent dimensions,
spatial and channel. The HDAM generates attention maps along two
independent dimensions, space and channel, which guide the network
to focus on more important features for adaptive feature modification.
Finally, this paper modifies the activation function to make the network
perform better in the later stages of training and more suitable for LF
reconstruction tasks. This paper evaluates the network on many LF data,
including real-world scenes and synthetic data. The experimental results
show that the improved network algorithm can achieve higher quality
LF reconstruction.

Keywords: Light field reconstruction - 4D convolution -
Convolutional neural network * Attention mechanism

1 Introduction

Light Field (LF) is often represented as the set of all light rays in a scene,
and LF cameras can be used to record 3D information about the scene. Unlike
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Fig. 1. 4D representation of the light field. Where (&,¢) denotes the camera plane,
(u,v) denotes the image plane, and f is the focal length of the camera.

traditional 2D imaging systems, LF cameras record the position and direction of
each light L(u,v,&,t) in the scene in two planes.This representation is shown in
Fig. 1, where (£,¢) denotes the camera plane, (u,v) denotes the imaging plane,
and f is the focal length of the camera.A single exposure of the camera will
result in a set of image arrays that record the light intensity of the scene as
observed at different positions. Such a rich way of recording information makes
many applications possible, such as depth estimation [1], refocusing [2], image
segmentation [3], 3D reconstruction [4], etc. But there is a trade-off in this way of
scene information capture. Because the product of spatial resolution and angular
resolution cannot exceed the resolution of the sensor. A high spatial resolution
necessarily makes the angular resolution lower, and vice versa.

To solve this problem, many researchers have proposed many methods to
reconstruct dense LF views with sparse LF as input. The technique is called
angular super-resolution (SR), also known as view synthesis. Wang et al. [5]
used an algorithm of depth estimation to obtain an accurate depth map, and
then warped the existing image into the new views. In [6], Pearson et al. layered
the scene depth based on plenoptic function theory and rendered the new views
using probabilistic interpolation. Zhang et al. [7] estimated the parallax infor-
mation from the perspective of phase using parallax cues and phase synthesis
methods, and then synthesized the new view using a parallax-based warping
method. Paper [8] further developed the patched-based method, and Zhang et
al. decomposed the central view into different depth layers and then performed
the synthesis of the new views. On the other hand, Chai et al. [9] consider the
rendering of new views as equivalent to the reconstruction of functions from the
collected samples. They introduced plenoptic sampling into the Fourier frame-
work for the first time by assuming an unobstructed Lambert scene, for which
the effect of the maximum minimum depth on the plenoptic spectrum struc-
ture was derived. This assumption is extended to non-Lambertian scenes and
obscured scenes of [10,11] in [10]. Similarly, Zhu et al. [12] investigated the effect
of the surface curvature of the irregular geometry of the scene on the plenoptic
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spectrum and used it to design an efficient reconstruction filter for the rendering
of new views.Vagharshakyan et al. [13] treat view synthesis as a restoration task
on EPT and use a sparse representation of LF in the shearlet transform for view
synthesis. In [14], Chen et al. build a mathematical model of self-obscuration
by studying the slope relationship between the parabolic tangents and the light
captured by the camera. They derive a closed spectrum formulation based on
the established model as a way to study the effect of occlusion on the spectrum
and to derive a specific sampling rate and a new reconstruction filter. All the
above methods are non-learning based methods, and the rendered new views
are prone to ghosting when facing complex scenes such as reflections, occlusions,
and rich textures.

In recent years, many learning-based algorithms have emerged in the field of
view synthesis due to the development of deep learning. Yoon et al. [15] designed
a deep learning algorithm that uses two adjacent views to generate a new virtual
view. Flynn et al. [16] synthesized novel views based on image sequences with
wide baselines. Wu et al. [17] started with EPI to obtain richer angle and par-
allax information. They used the “blur-restoration-deblu” framework to achieve
LF reconstruction. In order to reconstruct scenes with larger parallaxes, [18] pro-
posed a method that incorporates sheared EPIs to continue the improvement of
the previous method. With the improvement of Wu et al., the algorithm is able
to adapt to sparse LF data with larger parallax. Despite the increased parallax,
they only considered 2D EPI, and there are still some deficiencies in the fusion of
angular information. Wang et al. [19] proposed to combine EPI and EPI volume
representation of 4D LF for LF angle reconstruction. They combine 2D convo-
lutional operations and 3D convolutional operations to construct a pseudo-4D
CNN. Yeung et al. [20] proposed an end-to-end network for densely sampled LF
reconstruction. Exploring the relationship between subaperture images (SAI)
and pseudo-4D filters, the method achieves state-of-the-art performance in a
large number of real scenes captured by Lytro cameras. The above methods use
2D or pseudo-4D convolutional neural network (CNN) to extract features when
training the network, instead of using a real 4D CNN. The complexity of 4D LF
data may lead to less comprehensive information obtained by their algorithms,
and can also lead to inefficiency of the algorithms. Meng et al. [21] proposed to
use a high-dimensional dense residual CNN to recover LF. The method takes
each SAT of LF as input and captures the association relationship between the
views by 4D convolution. After experiments this paper founds that the algorithm
[21] still has room for improvement in terms of training preprocessing, network
modules, and activation functions. Therefore, this paper improves and adjust
the structure and modules of the network to make it have better performance.

It is well known that the images obtained by LF cameras such as Lytro are
of low brightness. The decoded images have more bad points and more noise in
the edge SAIL Directly using the decoded images for training will greatly affect
the training effect of the network. To solve this problem, this paper performs
block threshold square reinforcement (BTSR) on the images before angle SR.
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This method equalizes the grayscale values within each block and smoothes out
the extreme pixel values in the image, making the texture more visible.

In order to keep the integrity and consistency of the reconstructed image
with ground truth in terms of structure and pixels, respectively. 4D CNN can
achieve better SR for LF images, but it is still not sufficient to grasp the impor-
tance of semantic information in the feature map. Many researchers keep increas-
ing the sensory field to obtain the semantic information of the scene in order
to extract the image global information more comprehensively. Although the
semantic information of the network becomes rich, it is not differentiated and
processed separately according to the importance of the information. This not
only leads to the loss of low-level image texture information, but also makes
the important information regions not better processed, which in turn affects
the quality of the generated new views. Therefore, this paper first improves
the attention mechanism CBAM by extending its input dimension to become
a high dimensional attention module (HDAM). This module can adapt to high
dimensional feature maps and infer the attention map along the high dimen-
sional feature information. By introducing an attention mechanism, it focuses
on the information that is more critical to the current task among the many
input information. Reducing the attention to other information and even fil-
tering out irrelevant information. This solves the information overload problem
and improves the efficiency and accuracy of task processing. In addition, this
paper also replaced the activation function from LeakyReLU to GELU, which
suppresses the generation of pixels with large negative values in the prediction
process and gives the network a higher reconstruction effect.
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Fig. 2. The overview of the proposed model. Green arrows indicate convolution, blue
arrows indicate activation functions, yellow arrows indicate normalization operations,
and pink arrows indicate upsampling. (Color figure online)
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In this paper, we propose an improved 4D convolutional angular SR network
incorporating an attention mechanism. As shown in Fig.2, the image is first
preprocessed for enhancement, and the enhanced image needs to be converted
from RGB to YCbCr format. The Y channel of the image is used as the input,
and the 4D convolution is used to extract the image features, and the HDAM is
used to guide the network to focus on the important regions. Finally, the feature
map is upsampled to the same number of views as the ground truth to achieve
angular SR.

2 Proposed Method

In this section, this paper will address three aspects of image enhancement pre-
processing, attention mechanism, and GELU activation function in detail. The
exposition includes the principle of the module and how the data operates in the
module.

2.1 Image Enhancement Preprocessing

The LF subviews obtained by decoding the images captured by the LF cam-
era have different luminance ranges from the edges to the center, and the edge

RGB Image

Enhanced-image(Y channel)

Image(Y channel)

Fig. 3. The original image is compared with the enhanced image. The left side shows
the RGB and Y channels of the original image, and the right side shows the RGB and
Y channels of the enhanced image.
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subviews will be dark. If the decoded image is directly used as the input, it will
affect the reconstruction result of the network. This is because in the darker
images, the texture information will be suppressed and it is difficult for the net-
work to extract useful features from them. In particular, the high frequency parts
of the image will become blurred due to the lower luminance. The boundaries
between different objects become blurred, resulting in multiple objects being
blended together. This causes distortion and ghosting in scene reconstruction in
the presence of occlusion and complex textures. To avoid these problems, this
paper uses BTSR to enhance the image, increasing the contrast between objects
and making textures more visible.

In a single image, the correlation between pixels is inversely proportional
to their distance in space. Therefore, the image I(z,y) is first partitioned into
k small blocks of N x N before image enhancement to obtain the set of local
regions R = {R1, Ra, ..., R}, where k is the number of local regions. Histogram
equalization enhancement is applied to each block to obtain the enhanced local
regions. The expression of enhancement as,

Ez(x>y) = T(Rz(xvy))’ (1)

where T is the mapping function that represents the mapping of the pixel value
at position (z,y) in the local region R; to the new pixel value E;(z,y). In order
to avoid excessive increase in contrast, it is necessary to apply a contrast limit
to each local area. The formula for the contrast limit is as follows:

Ei(z,y),ifo; <H

where o; is the standard deviation of the pixel values in the local region E; and
H is the specified threshold value. Finally this paper recombines the contrast-
limited enhanced local region C'E; into the final enhanced image as,

_ CEz (.T, y)7 if(Xa y) € Ri
Flz,y) = {I(m, y), otherwise '

3)

To simplify the training, this paper convert the enhanced RGB image into
the format of YCbCr. Y denotes the intensity and brightness of the image, while
Cb and Cr denote the blue chromaticity and red chromaticity of the image,
respectively. The Y channel of the image has all the texture information of the
original image, and this paper only need to use the Y channel image as the input
during training. The effect of image enhancement is shown in Fig. 3, with the
unenhanced image on the left and the enhanced image on the right. It can be
clearly seen that the texture of the enhanced image is more obvious, both RGB
and Y channel images.

2.2 HDAM

The core of the attention mechanism is resource allocation, which adjusts the
allocation of resources according to the importance of the target in order to
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Fig. 4. Schematic diagram of each attention submodule. As shown in the figure, the
channel attention utilizes the maximum pooled output and the average pooled output
of the shared network. Spatial attention utilizes two similar outputs pooled along the
channel axis and forwards them to the convolutional layer.

focus more on the important objects. In CNN, the attention mechanism adjusts
the allocation of weight parameters. By allocating more weight parameters to
the objects of attention, the representation of these objects is enhanced dur-
ing feature extraction. Introducing the attention mechanism into the viewpoint
synthesis task can improve the representation ability of the model and reduce
the interference of irrelevant targets. Enhancing the reconstruction effect on the
objects of attention and consequently improving the overall visual effect.

This paper introduces HDAM, an attention mechanism for CNN performance
enhancement, into the network. It improves the expressive and perceptual capa-
bilities of the model by introducing channel attention and spatial attention at
different levels of the CNN.

As shown in the upper part of Fig. 4, channel attention is used to weight the
feature maps of each channel to enhance the representation of important features.
It converts each channel’s feature map into a scalar by a global averaging pooling
operation, and then learns it through two fully connected layers. Finally, the
weighting factor is restricted between 0 and 1 using a Sigmoid function. In this
way, the feature maps of each channel are multiplied by an attention weight to
highlight the important features.

As shown in the lower part of Fig. 4, spatial attention is used to weight the
different spatial locations of the feature maps to enhance the representation of
important regions. It obtains two feature maps by performing maximum pool-
ing and average pooling operations on each channel. Then they are connected
and learned by a convolutional layer. Finally the weighting factor is restricted
between 0 and 1 using a Sigmoid function. In this way, the features at each
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spatial location are multiplied by an attention weight to highlight the important
regions.

HDAM invokes channel attention and spatial attention sequentially along the
output of the 4D convolutional feature map. The network is instructed to assign
different attention to each feature module. Note that we place HDAM before
upsampling, which ensures that the network’s receptive field is large enough. It
also balances the weight ratio between the perceptual field and the number of
channels to a certain extent. The adaptive modification of the feature modules
by HDAM allows for better retention and processing of important scenes in the
image during upsampling.

2.3 GELU

During the training process, some pixels may be predicted to have negative
values. Since all pixel values in the image should be greater than or equal to 0,
this paper need to deal with the negative values that appear in the prediction.
Generally, we think that negative-valued pixels around 0 still contribute to the
image and this paper should keep them. On the other hand, negative pixels far
from 0 should be excluded because they do not contribute much. Therefore, this
paper chooses to use GELU as the activation function of the network, and its
expression as,

GELU(X)=05-z-(1+ tanh(\/z(x +0.0447152%))). (4)

Starting from the characteristics of the function itself, it treats pixel values in
the way we expect. the GELU function is derivable throughout the real number
domain and has continuous, smooth properties. This makes it easier to optimize
in training and can provide faster convergence. Compared to LeakyReLU, GELU
has a larger gradient in the region close to zero. This property makes GELU more
advantageous in mitigating the gradient disappearance problem and facilitating
gradient propagation. At the same time, the nonlinear property of GELU enables
it to introduce more nonlinear transformations, thus providing stronger feature
representation.

3 Experimental Results

Comprehensive experiments were conducted on real-world [22] and synthetic [23]
scenes to verify the effectiveness of the proposed method. The 9 x 9 dense LF
was reconstructed with 3 x 3 subviewpoint maps on the reconstruction task.
the proposed method was compared with two LF angle reconstruction methods
(HDDRNet and M-HDDRNet) proposed by Meng et al. [21]. This paper used
the average PSNR and SSIM of the reconstructed SAI with its corresponding
ground truth as performance criteria. For the proposed and compared methods,
the positions of the input sparse 3 x 3 SAIs are shown in the red cells in the
grid diagram.
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3.1 Real-World Scenes

Table 1 shows the quantitative comparison results of our algorithm with HDDR-
Net and M-HDDRNet on the real-world dataset. As can be seen from the table,
our proposed LF perspective SR network performs better in terms of target
quality. Our method shows significant improvement in both the average PSNR
metrics and also obtains consistent results on the average SSIM for all tested
LF datasets. This is mainly due to the attention module we introduced during
the network training process to guide the network to focus the reconstruction
on scene features useful for SR. By using a more targeted reconstruction app-
roach, we are able to obtain better reconstruction quality, especially in some
fine-texture regions.

Figure 5 shows the visual comparison results of three real-world scenes recon-
structed by SAI using three different methods. Reflective_29 is occupied by
some reflective surfaces, Occlusions_9 contains many occluded regions, and scene
Cars_7 has complex textures and large chromatic aberrations. As can be observed
in Fig. 5, our proposed method is able to achieve a better perceptual quality of
SAI reconstruction than the other two methods. Since the quality is susceptible

HDDRNet Thi Wr

i

|
‘\

Reflective 29

Occlusions_9

Fig. 5. A visual comparison of the three methods for the real-world perspective SR. The
comparison shows the ground truth SAI, the error map of the Y-channel reconstructed
SAI, the close-up version of the SAI part in the red and green boxes, and the EPI
extracted at the blue line and its close-up. (Color figure online)
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Table 1. Quantitative comparison of three algorithms for LF dataset Reflective, Occlu-
sions and Cars reconstructions (PSNR/SSIM).

Algorithm Reflective_29 | Occlusions_9 | Cars_7

HDDRNet 35.969/0.975 | 36.235/0.942 | 34.164,/0.964
M-HDDRNet | 36.021/0.976 | 36.276/0.943 | 34.219/0.964
This work 41.195/0.989 | 40.676/0.962 | 38.315/0.979

to parallax variations, it can be observed from the close-up images and error
maps that HDDRNet and M-HDDRNet introduce blurring and ghosting arti-
facts. In contrast, our proposed method not only performs better in terms of
reconstruction quality, but also has good results in processing and recovering
details.

3.2 Synthetic Scenes

Table 2. Quantitative comparison of three algorithms for LF dataset Cotton, Dino
and Tomb reconstruction (PSNR/SSIM).

Algorithm Cotton-29 Dino-9 Tomb_7

HDDRNet 38.700/0.953 | 34.472/0.913 | 36.405/0.852
M-HDDRNet | 38.822/0.955 | 34.615/0.916 | 36.468,/0.855
This work 43.368,/0.973 | 39.215,/0.949 | 39.088,/0.900

In order to verify the effectiveness of our proposed method in synthetic scenes,
this paper conducted experiments and selected three synthetic scenes from the
HCI dataset. These three scenes are Cotton, Dino and Tomb, which have dif-
ferent texture characteristics. The Cotton scene contains complex shadows and
reflections, the Dino scene is rich in line textures, and the Tomb scene contains
complex noise-like textures. We present the quantitative comparison results of
the three methods in Table 2.

As can be observed from the table, our proposed method achieves higher
PSNR than the other two methods in all scenes. Especially for Cotton scenes,
our method achieves an average PSNR gain of up to 4.668 dB. This shows that
our method performs well in LF synthetic scenes with smooth surfaces with
self-obscuring shadows and reflections. For the Dino scene, this paper obtained
consistent experimental results. This is due to the enhanced preprocessing we
used during the network training process, which allows the network to perceive
more texture details. In the Tomb scene, our method achieves a PSNR gain
of 2.683 dB. This also indicates that our method has stronger resistance to
interference for scenes with noisy textures.



118 Q. Liu et al.

Ground Truth HDDRNet M-HDDRNet This Work

Cotton

Tomb

Fig. 6. A visual comparison of the three methods for the synthetic scene angle SR. The
comparison shows the ground truth SAI, the error map of the Y-channel reconstructed
SAI the close-up version of the SAI part in the red and green boxes, and the EPI
extracted at the blue line and its close-up. (Color figure online)

Figure 6 shows more visually the differences between the three methods in the
reconstruction. Especially for the Tomb scene, this paper can clearly find that
HDDRNet and M-HDDRNet do not reconstruct well at high frequencies and
tend to lose high-frequency textures. And our proposed method achieves the
recovery of many high-frequency detailed textures by exploring more texture
information. Further observing the close-up images and error maps, we find that
our method is also applicable to Dino and Cotton scenes, and especially performs
well in the reconstruction of some textures and edge regions.
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4 Conclusion

In this paper, we improve and replace some modules of 4D CNN in paper [21].
We enhance the image pre-processing in the pre-training stage, which enhances
the image contrast and makes the texture clearer. The attention mechanism
HDAM is introduced, and this module can be applied to 4D convolution to
build the attention map along the direction of the original activation function
is replaced to make the network converge faster. Finally, after an experimental
comparison, our proposed method leads to a better performance of the network.
In subsequent work we will consider lightweighting the model so that it can be
applied to real-time tasks.
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