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Abstract—Light field (LF) images can record the scene from
multiple directions and have many applications, such as refo-
cusing and depth estimation. However, these applications can
be heavily influenced by poor light condition and noise. This
work aims to recover the high-quality LF images from their low-
light detection. First, a decomposition network is employed to
decompose each LF image into its reflectance and illumination
with the Retinex theory. Then, two enhancement networks are
designed to denoise the reflectance and enhance the illumina-
tion, respectively. They adopt alternate spatial-angular feature
extractions and process all the views synchronously with high
efficiency. A parallel dual attention mechanism is integrated
to both the spatial and angular feature extractions, to encode
more important information. Moreover, a discriminator is in-
troduced during the training to generate more realistic LF
images by making judgment according to both the spatial and
angular characteristics. Experimental results have demonstrated
the superior performance of our method, which can restore the
content, luminance, color and geometric structures of LF images
effectively.

I. INTRODUCTION

Light field (LF) cameras have the advantage of recording
not only intensities but also directions of the light rays to
generate LF images with the spatial-angular information [1]-
[3]. Each LF image comprises of multiple sub-aperture images
(SAIs), each of which captures the scene from a different
viewpoint. LF images have many applications, such as depth
estimation [4]-[6], post-capture refocusing [7], [8] and novel
view synthesis [9]-[11]. Usually, there is a trade-off between
the spatial resolution and angular resolution, and dense angular
sampling may lead to low resolution of each SAIL. Thus, many
researches about LF focus on the super-resolution [12]-[18].
In common with the conventional images, LF images may also
be subjected to various degradations, such as noise and poor
illumination, which are either due to the physical limitations
of the LF camera or inadequate light during image acquisition.
These degradations can seriously affect the applications of
LF. Therefore, recovering the high-quality contents from the
degraded LF images is significant for their better applications.

The techniques of denoising [19], [20], low-light enhance-
ment [21]-[23] or other low-level computer vision tasks [24]-
[26] for the conventional images can also be applied to the
LF images. Moreover, the geometric structures of LF images
should be fully exploited to assist restoration. There are mainly
two approaches to address the multi-view information. The
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first approach is to handle one view at each forward process by
utilizing multiple auxiliary views, and the second approach is
to handle all the views synchronously at each forward process
with joint spatial-angular feature encoding.

So far, several methods have been proposed to restore
low-light LF images. Ge et al. [27] developed a deep neu-
ral network by using 4D convolutions with a color com-
pensation sub-module to brighten the LF images. However,
4D convolutions involve large computational cost with high
GPU memory consumption. Lamba et al. [28] proposed a
framework, which restores the central view each time by
incorporating its surrounding views, and incorporates a global
representation block for encoding the LF geometries. Zhang
and Lam [29] developed a two-stage framework to restore the
raw LF images, where a multi-to-one network first restores
each view individually by exploiting the features of its neigh-
boring views, and then an all-to-all network further refines the
contents of all the views synchronously while improving the
angular geometries. They extended their work to restore RGB
LF images in low-light environment [30] by a decomposition-
enhancement approach, which can effectively restore the LF
images but involves relatively complex network architecture.

In this paper, we aim to restore LF images with poor light
conditions and severe noise. It may be difficult to learn a
direct mapping from the low-light noisy LF images to the
normal-light clean LF images. Thus, we divide this task into
several sub-tasks by utilizing the Retinex theory [31]. We
design different networks, each of which solves a particular
sub-task. More specifically, there is a Decomposition network
(DecomNet) [30] to first decompose the input LF image
into its corresponding reflectance and illumination. Then, the
reflectance is denoised by an RENet and the illumination is
adjusted by an IENet. The final restored LF image is obtained
by multiplying the enhanced reflectance and illumination. In
order to achieve fast inference, all these networks adopt a
synchronous approach to handle all the SAIs through one
forward process. We design an efficient spatial-angular resid-
ual module to extract the spatial features and angular features
alternately. Considering the severity of noise handled by the
RENet, we introduce an attention mechanism to the original
modules, which integrates parallel dual attention applied to
both the spatial and angular features to encode more important
information. Furthermore, a discriminator is employed during
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the joint training of RENet and IENet to produce more visually
compelling LF images by making judgment in terms of
both the spatial and angular aspects. Comparison experiments
and ablation studies are performed, and the quantitative and
qualitative results demonstrate the superior performance of our
method for low-light LF restoration. In addition, our network
architecture is simpler and more lightweight than that in [30],
but can achieve comparable performance with it.

II. PROPOSED METHOD

SAl-array image

Macro-pixel image

Fig. 1. SAl-array image and macro-pixel image.
An LF image is represented as L € RUYXV>HXW " yith
angular dimensions U and V, and spatial dimensions H and
W. It can be displayed by two patterns, as shown in Fig. 1, a
U xV SAI array, where each SAI with a shape H x W provides
one view of the scene, and a macro-pixel image, consisting of
H x W macro-pixels, each of which has a shape U x V.

A. Network architecture

The degraded LF images we deal with are under extreme
low-light conditions and also corrupted by severe noise. There-
fore, it is a challenging task that involves luminance recovery,
noise suppression and color correction. Considering the com-
plexity of our task, a single end-to-end network may not be
effective to achieve complete restoration. Thus, we use the
Retinex theory to resolve this complex task into several smaller
tasks, each of which are handled by a separate network.
The Retinex theory supposes that any RGB image can be
decomposed into its reflectance that describes the intrinsic
properties, and illumination that reflects the light distribution.
It is also applicable to the LF images by decomposing each
SAI The overview of our method is depicted in Fig. 2. A low-
light LF images L; is first decomposed into its reflectance
R; and illumination I; by the DecomNet [30]. Then, the
reflectance is fed to the RENet for denoising, and the illu-
mination passes through the IENet for luminance adjustment.
Finally, the enhanced reflectance R. and illumination I, are
multiplied together to obtain the restored LF image L.. We
also introduce a discriminator during the training aiming to
produce more realistic LF images. These networks process all
the SAIs synchronously to preserve better angular geometries
and also realize more efficient inference.

The DecomNet, RENet and IENet all adopt an encoder-
decoder architecture. The main components of the DecomNet
and IENet are the spatial-angular modules. For the RENet,

we introduce an attention mechanism to the original modules
since it needs to address severe noise, a more difficult sub-
task compared with others. Here, we mainly introduce the
architecture of RENet, as shown in Fig. 3. Its main components
are the spatial-angular attention modules (Fig. 4), where the
feature maps with the SAl-array pattern are first input to a spa-
tial attention residual block for spatial feature extraction, and
then fed to an angular attention residual block after converting
to the macro-pixel pattern for angular feature extraction. The
features with macro-pixel pattern need to be transformed to
the SAl-array pattern again before passing through the next
module. Each residual block contains two 3 X 3 convolution
layers and uses leaky ReLU (LReLU) activation function.
For extracting more useful features, we design an attention
mechanism applied to both the spatial and angular features.
It integrates dual attentions in parallel to encode important
features along both the spatial and channel dimensions. The
spatial attention map is obtained by two convolution layers and
a sigmoid activation function, and the channel attention vector
is obtained by the squeeze and excitation operations [32] with
global average pooling (GAP), two fully-connected (FC) layers
and the sigmoid activation. The features after multiplying with
the dual attentions are added together to obtain the calibrated
features.

Throughout the network, the spatial and angular features
are extracted alternately to fully explore the spatial-angular
information. The resolution of the feature maps for each
SAI is gradually reduced during the encoding process, and is
recovered to the original size during the decoding stage. Skip
connections are employed to fuse the more precise features
in the encoder and more abstract features in the decoder.
Our network design for processing LF is more efficient than
4D CNN [16] and decoupled spatial-angular branches [17] in
terms of GPU memory consumption and inference speed.

In order to generate more realistic LF images, we introduce
a discriminator D during training. The discriminator is built by
several spatial-angular modules, which enable it to make judg-
ment according to both the spatial and angular characteristics.
Within the network, the resolution of the spatial features is
gradually reduced, and the final layer uses the mean operation
to calculate the output that measures the quality of the restored
LF image.

B. Loss function

The DecomNet takes as input the paired low-light LF L;
and normal-light LF L, during training. Their decomposed
reflectances are expected to be consistent, leading to the
consistency loss

gc:HRl*Rnnlv (1)

where || - || is the £; norm.

The illuminations are expected to be smooth while retaining
the boundary structures of objects. Thus, smoothness loss is
required to constrain /; and [,,, with

by = |VI| x exp(—n|VRy|) + |[VIL,| x exp(—n|VR,]|), (2)
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Fig. 2. The overall pipeline of our method, with the DecomNet for decomposition, the RENet and IENet for reflectance and illumination enhancement, and
a discriminator during training to make judgment.

| 1
3 / f |
7 f |
el f :
| ._:_> ;
N / ( :
Spatial-angular Spatial-angular
attention modules attention modules

Fig. 3. The encoder-decoder architecture of the RENet, with spatial-angular attention modules for fully extracting the spatial and angular features.

__________ Spatial _______ Amgular Furthermore, the decomposed reflectance and illumination
) need to reconstruct the original LF image, introducing the
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The full loss to train the DecomNet is expressed as
Lpecom = Lr + a1 ls + agle, “4)

where «; and oo are the coefficients of smoothness loss and

consistency loss, respectively.

5 The reflectance and illumination of the normal-light LF can

L §_. E a be treated as the ground truths of the RENet and IENet, and
© C4a their respective losses are written as

lp = HRe*RnHla )

Fig. 4. The structure of spatial-angular attention module. 0 = H I I ” (6)
- e — Infll-

These two networks are also jointly trained by the ¢; loss,
where V means calculating the gradients along both the SSIM [33] loss and adversarial loss.
horizontal and vertical directions, and 7 is a hyper-parameter
to control the degree of retaining structures by referring to the

reflectances. lioint = [[Le — Linll1 + (1 = SSIM(Le, Ly,)) — BD(Le), (7)
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where L. = R, x I, and —D(L,) is the adversarial loss
with coefficient 3, which aims to maximize the output of L.
passing through the discriminator so that the restored LF could
be indistinguishable with the real LF.

The discriminator D is trained by the hinge loss [34],
expressed as

¢p =max(0,1 — D(L,)) + max(0,1 + D(L.)). (8)

It aims to maximize the margin between the generated LF
images and real LF images, and can make the training more
stable.

III. EXPERIMENTS
A. Datasets and implementation details

We synthesize low-light LF images by simulating the imag-
ing process with the Kalantari [9] and Stanford [35] LF
datasets. The synthetic method is formulated as

LBayer ) ]
—— X p) +n.|, ©)
Mean(Lgayer) P

where Lpayer is the Bayer pattern of the original LF image L,
‘Poisson’ means the Poisson process of photon arrival, leading
to the shot noise, n,. is the readout noise following Gaussian
distribution, p can be tuned to control the light levels, and K
means scaling operation. Moreover, a demosaicing operation
is leveraged to yield the RGB LF images, which are corrupted
by Gaussian-Poisson mixed noises. The range of p was set to
0.5 ~ 1.5, and the central 7 x 7 SAls were preserved in the
experiments.

We first trained the DecomNet for decomposition. During
the training, each input LF was synthesized from the ground
truth with a random p between 0.5 and 1.5, and all the SAIs
were cropped into 128 x 128 patches randomly. The weights
o1 and ag in (4) were set to 0.1 and 0.01, respectively.
The learning rate was set to 5 x 10~ initially and gradually
decreased by multiplying 0.9 after every 20 epochs. The
DecomNet was trained for 100 epochs with a batch size of
1.

Next, the RENet was trained for reflectance denoising by
taking the low-light reflectance as input and the normal-light
reflectance as ground truth, with the loss in (5). The initial
learning rate was 1 x 1072 and decayed by multiplying 0.8
every 30 epochs. The training stopped after about 150 epochs
when the validation performance was not improved anymore.
The SAIs were also cropped to 128 x 128 and batch size was
still 1 during the training.

Then, we trained the IENet with the loss in (6) and fine-
tuned the RENet with a smaller learning rate 1 x 10~*
meanwhile. The two networks are jointly trained by (7), where
B was set to 0.1. This training process lasted for about 200
epochs. The initial learning rate of the IENet was 1 x 1073
and decreased by a decay rate 0.8 every 40 epochs. Adam
optimizer were used in all the training stages.

The DecomNet has 0.909M parameters, and the RENet
and IENet have 1.030M and 0.954M parameters, respectively.
Thus, our framework only has 2.893M parameters in total,
indicating its lightweight characteristic.

Li=K {Poisson(

TABLE I
THE QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE
KALANTARI TEST SET

Method ‘ Light level | PSNR  SSIM
0.5 1990 0.6272
KinD [22] 1.0 20.19  0.6314
1.5 20.22 0.6677
0.5 22.71 0.7291
LFSAS [15] 1.0 2348  0.7279
1.5 23.94  0.7446
0.5 22.01 0.7541
LFInterNet [17] 1.0 2298  0.7931
1.5 23.38  0.7992
0.5 26.57  0.8230
LFLowLight [30] 1.0 27.12  0.8581
1.5 27.72  0.8540
0.5 26.64 0.8214
Ours 1.0 26.85 0.8534
1.5 27.54 0.8572

B. Experimental results

First, we present some intermediate and final outputs by our
method, as depicted in Fig. 5, including the decomposed low-
light reflectances R; and illuminations /; by the DecomNet, the
enhanced reflectances R, and illuminations /. by the RENet
and IENet, and the final restored LF images. The central
SAIs and epipolar-plane images (EPIs) that imply the angular
geometries are shown to represent the LFs. We can see that
the input LF images with p = 1.0 and 1.2 are under very
poor light conditions and corrupted by severe noise. After
decomposition, the noises are displayed on the reflectances,
and the low light levels are reflected on the illuminations.
The RENet can effectively suppress the noises to obtain clean
reflectances, and the IENet can brighten the illuminations to
recover the light levels. The final restored LF images have
good visual qualities while preserving the angular geometries
well.

Then, we make comparison with several other methods for
low-light or LF enhancement, including KinD [22], which
is based on the Retinex theory but operates on the single
images, LFSAS [15] and LFInterNet [17], which are end-to-
end networks and achieve good performance on the LF super-
resolution task, and LFLowLight [30], which also applies
the Retinex theory to LF but with more complex network
architecture. We modify the network structures and hyper-
parameters of LFSAS and LFInterNet slightly in order to adapt
to our task. Then, we test different methods on the Kalantari
and Stanford test sets, and the quantitative results are recorded
in Table I and II. The metrics used for evaluation are the PSNR
and SSIM, and the light levels for testing are 0.5, 1.0 and
1.5. Tt can be seen that our method can achieve comparable
performance with LFLowLight [30], and obviously outperform
the other methods at various light levels on these two test sets.

Some visual results of different methods are presented
in Fig. 6 for qualitative comparison. The input LF images
are under different light levels with p = 0.7,1,0 and 1.5,
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Input (p = 1.0)

Input (p = 1.2)

Iy

Restored LF

Fig. 5. The intermediate and final outputs by our method at p = 1.0 and 1.2, including the decomposed low-light reflectances and illuminations by the
DecomNet, the enhanced reflectances and illuminations by the RENet and IENet, and the final restored LF images.

TABLE I
THE QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE STANFORD
TEST SET
Method ‘ Light level | PSNR  SSIM
0.5 20.44  0.6461
KinD [22] 1.0 21.38  0.6572
1.5 2152 0.6862
0.5 23.16  0.7310
LFSAS [15] 1.0 23.63  0.7449
1.5 24.01  0.7513
0.5 23.03  0.7832
LFInterNet [17] 1.0 2397  0.8147
1.5 2489  0.8275
0.5 2698  0.8353
LFLowLight [30] 1.0 27.66  0.8577
1.5 27.76  0.8705
0.5 27.14  0.8345
Ours 1.0 27.46  0.8623
L5 27.67  0.8719

respectively. Two cropped patches are enlarged to display
the details more clearly. As the KinD restores each SAI
separately without handling any angular information, it can
not preserve the angular geometries effectively, as depicted in
its EPIs. Moreover, its noise suppression effect is not good,
leading to poor visual qualities. The LFSAS and LFInterNet
can recover relatively better geometric structures since they
both incorporate angular feature extractions. However, their
restored LF images suffer from obvious color distortion, and
the zoomed patches also show the residual noises. The reason
may be that it is difficult for a single network to learn
multiple tasks, including denoising, luminance recovery and
color correction. In contrast, our method and LFLowLight
[30], both of which are based on the Retinex theory, can
achieve better noise suppression, color and luminance recovery
with accurate angular geometries, and therefore obtain higher-
quality LF images.

In addition, we compare the network parameters and av-

erage run time of different methods, as shown in Table. III.
All the methods were implemented on a NVIDIA Tesla P100
GPU to obtain the average complete inference time of each
7x7x384 %512 LF image. We can find that our framework is
more or equivalently lightweight and efficient compared with
others. In particular, we can achieve comparable performance
with LFLowLight [30] but with fewer network parameters and
faster inference speed.

TABLE III
COMPARISON OF NETWORK PARAMETERS AND AVERAGE RUN TIME OF
DIFFERENT METHODS.

Method ‘ Parameters  Run time (s)
KinD [22] 2.006M 5.473
LFSAS [15] 2.226M 3.443
LFInterNet [17] 4.706M 8.022
LFLowLight [30] 4.012M 5.926
Ours 2.893M 3.704

We also validate our method design by performing several
ablation studies. We train another two models by removing
the adversarial loss and attention mechanism, respectively.
From Table IV, we can observe that their corresponding
quantitative results on the test LF images are worse than our
default configurations. Therefore, introducing adversarial loss
contributes to obtaining higher-quality LF images, and the
attentions for spatial and angular features also help to improve
the restoration performance.

IV. CONCLUSION

In this paper, we propose a deep Retinex framework to
restore LF images under low-light conditions. The LF images
that we deal with are degraded severely with noises, poor
luminance and color distortion. To reduce learning difficulty,
we resolve this complicated task into several sub-tasks by
designing different networks, including a DecomNet for de-
composition, a RENet for reflectance denoising, and an IENet
for illumination enhancement. All these networks adopt al-
ternate spatial-angular feature extractions to handle all the
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Input (p = 0.7)

LFInterNet

LFLowLight

Fig. 6. The qualitative results of different methods at p = 0.7,1.0 and 1.5, with central SAIs, EPIs and zoomed patches.

ABLATION STUDY

TABLE IV

Methods Light level | PSNR  SSIM
0.5 26.79  0.8253
Ours 1.0 27.03  0.8561
1.5 27.58 0.8616
0.5 26.05 0.8188
w/o adversarial loss 1.0 26.29  0.8430
1.5 26.52  0.8557
0.5 26.08  0.8201
w/o attention 1.0 26.18  0.8409
1.5 26.37  0.8520

[1]

[2]

[3]

[4]

[5]

[6]

views synchronously. A parallel dual attention mechanism is
designed to encode more useful spatial and angular features. In
addition, we introduce a discriminator during the joint training [/}
of the RENet and IENet to produce more realistic LF images.
The experimental results have demonstrated that our method  [8]

can achieve superior performance on the LF restoration.
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