
Neurocomputing 456 (2021) 76–87
Contents lists available at ScienceDirect

Neurocomputing

journal homepage: www.elsevier .com/locate /neucom
Learning to restore light fields under low-light imaging
https://doi.org/10.1016/j.neucom.2021.05.074
0925-2312/� 2021 Elsevier B.V. All rights reserved.

⇑ Corresponding author at: Department of Electrical and Electronic Engineering,
The University of Hong Kong, Pokfulam, Hong Kong.

E-mail addresses: sszhang@eee.hku.hk (S. Zhang), elam@eee.hku.hk (E.Y. Lam).
Shansi Zhang ⇑, Edmund Y. Lam
Department of Electrical and Electronic Engineering, The University of Hong Kong, Pokfulam, Hong Kong
a r t i c l e i n f o

Article history:
Received 1 February 2021
Revised 1 April 2021
Accepted 21 May 2021
Available online 25 May 2021
Communicated by Zidong Wang

Keywords:
Light field restoration
Low-light imaging
Auxiliary feature fusion
Spatial and angular residual blocks
a b s t r a c t

Light Field (LF) images have the unique advantage of recording scenes from multiple viewpoints, which
provides many applications, such as refocusing and depth estimation. However, low-light conditions can
severely influence these applications. In this paper, we propose a two-stage deep learning framework for
the LF restoration under low-light imaging. First, there is a multi-to-one (MTO) network, which restores
each view separately by utilizing multiple auxiliary views. All the views share the same feature extractor,
with an efficient spatial-channel attention mechanism to extract more informative features. A channel-
attention feature fusion (CAFF) module is designed to selectively fuse more useful complementary infor-
mation from the auxiliary views, with a learnable global scalar to adjust the importance of the auxiliary
features. Then, the outputs of the MTO network are further enhanced by an (all-to-all) ATA network,
which uses spatial and angular residual blocks to process all the views synchronously for fully encoding
the spatial-angular information. Extensive experiments have been conducted to demonstrate the supe-
rior performance and robustness of our method, i.e., it can restore the luminance, spatial details and
angular geometries of the LF images under various light levels effectively.

� 2021 Elsevier B.V. All rights reserved.
1. Introduction

Different from conventional cameras, a light field (LF) camera
can record both the intensities and directions of the light rays
[1,2], generating 4D LF images that record the scene from multiple
viewpoints. This property of LF camera enables many applications,
such as post-capture refocusing [3–5], depth estimation [6–8], 3D
reconstruction [9], and de-occlusion [10]. The LF images may face
similar degradations with the images captured by the conventional
cameras, which are either due to the physical limitations of the LF
cameras or the improper light conditions. In particular, low-light
environment can seriously degrade the quality of the LF images
by introducing noise, color distortion and loss in detail, and there-
fore affect the LF applications. The commonly used solution for
low-light imaging is to adopt high ISO or increase the exposure
time. However, high ISO may amplify the noise level and long
exposure time may cause motion blur. Our target is to develop a
learning-based framework for low-light LF restoration to alleviate
these problems.

As LF image can capture multiple views of the scene, exploiting
its multi-view advantage is the main research direction for LF
enhancement. Some methods [11–13] process each view of the
LF individually by utilizing the information from some or all the
views. Some methods [14–16] process all the views of the LF syn-
chronously through one feedforward process. For the low-light
image enhancement, most methods operate on the single images,
mainly divided into two categories: direct image-to-image map-
ping approach [17–20] and illumination estimation-based
approach [21–23]. The former outputs the enhanced image directly
from the low-light image or raw image, and the latter contains the
estimation of illumination map, which needs to be recovered to a
normal light level for the image restoration. In this paper, we study
on the LF restoration under low-light imaging by fully utilizing the
multi-view advantage of the LF. We propose a two-stage deep
learning framework, which consists of a multi-to-one (MTO) net-
work for luminance recovery and noise suppression, and an all-
to-all (ATA) network for the enhancement of spatial details and
angular geometries. The main contributions of this paper are as
follows:

� We synthesize raw low-light LF images with Poisson-Gaussian
mixed noise at various light levels by simulating the imaging
process.

� We develop a MTO network to restore each view of the LF sep-
arately by utilizing the complementary information frommulti-
ple auxiliary views. There is a shared feature extractor (FE), with
an efficient spatial-channel attention mechanism for extracting
more informative features for all the views. We design a
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channel-attention feature fusion (CAFF) module to selectively
aggregate more useful auxiliary information, with a global sca-
lar learned by a fully-connected (FC) layer for adjusting the
importance of the auxiliary features relative to the main
features.

� We develop a lightweight ATA network, which takes the out-
puts of the MTO network as inputs, to further enhance the spa-
tial details and angular geometries. It adopts global residual
learning and processes all the views of the LF synchronously,
with spatial and angular residual blocks for fully extracting
the spatial-angular information.

� Extensive experiments are conducted to demonstrate the effec-
tiveness and robustness of our method. It can achieve promising
restoration performance under various light levels.

2. Related work

2.1. LF image enhancement

LF images may suffer from similar degradations as common
images, such as low resolution, low light and noise. Recently,
deep-learning based methods have achieved superior performance
than the traditional methods in the image enhancement tasks.
Deep convolutional neural network (CNN) is also applicable to pro-
cess the 4D structure of LF. Many researches focus on the LF super-
resolution (SR). Some methods super-resolve one view or part of
the views of the LF at each feedforward process. For example,
Zhang et al. [11] proposed resLF, which adopts multiple branches
to process the stacked SAIs from different angular directions for
super-resolving the central view. However, this stacked approach
and multi-branch architecture may be inefficient, with only partial
angular information incorporated. Jin et al. [12] proposed an all-to-
one network to super-resolve each view separately by utilizing all
the views, and a structural consistency regularization module to
preserve the parallax of the scene. However, such a network may
extract much redundant information and therefore increase the
computation. Moreover, Wang et al. [24] developed LFNet, which
super-resolves one-row or one-column views each time by using
a bi-directional recurrent CNN, with a horizontal and a vertical
sub-network combined to yield the final outputs. This architecture
still only utilizes limited angular information. In general, these
asynchronous methods can ease the network learning and save
GPU memory during training, but may not preserve the angular
geometries well.

Some methods super-resolve all the views synchronously
through one feedforward process. For example, Yeung et al. [14]
proposed spatial-angular separable (SAS) convolution and 4D con-
volution for extracting both the spatial and angular features. The
SAS convolution is very efficient to process LF images with good
performance. Meng et al. [15] developed a high-dimensional resid-
ual network for LF reconstruction by using 4D convolutions, and
they extended their work [25] by introducing generative adversar-
ial network (GAN) to improve the performance. However, 4D con-
volution has a high computational cost, which may limit its
applications. Wang et al. [16] developed a spatial-angular interac-
tive network to fuse the decoupled spatial and angular features,
which provides a novel approach for spatial-angular information
exchange. Generally, these synchronous methods can preserve bet-
ter geometric structures, but may cause learning difficulty and
large GPU assumption.

LF restoration under low-light conditions can adopt the similar
processing methods with LF SR. Lamba et al. [13] proposed L3Fnet,
which utilizes the surrounding views to restore the central view,
and integrates a global representation block to encode the LF
geometry. Ge et al. [26] developed a 4D CNN architecture to
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recover the brightness of LF images, with a color compensation
module to reduce color distortion.

2.2. Low-light image enhancement

Existing methods for low-light image enhancement with deep
learning are mainly for single images. For the direct image-to-
image mapping approach, some methods [17,20] operate on the
raw images, i.e. Bayer pattern array, so that the networks also need
to learn the demosaicing operation, which may increase the learn-
ing difficulty. Other methods take the RGB images as input. For
example, Lv et al. [18] proposed MBLLEN, which adopts multiple
branches to extract features at different levels, with a feature
fusion module to achieve multi-branch fusion. Yang et al. [27] pro-
posed a GAN-based method, which can learn from both the paired
and unpaired data, to perform end-to-end low-light enhancement
and noise reduction simultaneously.

For the illumination estimation-based methods, Wei et al. [21]
proposed deep Retinex-Net, which contains a Decom-Net to
decompose the input image into reflectance and illumination
based on the Retinex theory, and an Enhance-Net to increase the
illumination, which is then multiplied with the denoised reflec-
tance to obtain the enhanced image. Zhang et al. [23] developed
KinD, which also utilizes the Retinex theory for decomposition,
and includes a reflectance restoration network to remove the
degradations, and an illumination adjustment network to adjust
the luminance. These decomposition-based methods introduce
several sub-networks, which may increase the model complexity
and training difficulty. Wang et al. [22] proposed an underexposed
image enhancement method, which learns an image-to-
illumination mapping. The learned illumination map is multiplied
with the input image to obtain the enhanced image. However, this
method is not applicable to the noisy images, as the direct multi-
plication with input image may amplify the noise.
3. Proposed methods

An LF image can be represented as a 4D tensor, L 2 RU�V�H�W ,
where U and V denote the angular dimensions, and H andW denote
the spatial dimensions. The 4D LF can be regarded as a U � V array
of sub-aperture images (SAIs), each of which has a spatial resolu-
tion of H �W and provides one view of the scene, as shown in
Fig. 1(a). The SAI array can be transformed to a UH � VW macro-
pixel image shown in Fig. 1(b), where the pixels with the same rel-
ative position in each SAI are put together to form a U � V macro-
pixel.

As the raw LF images under low-light conditions are corrupted
by severe degradations, it is a challenging task to directly restore
all the views of the LF through one feedforward process. Instead,
we design a two-stage framework, which consists of a MTO net-
work and an ATA network. The former exploits the complementary
information frommultiple auxiliary views to restore the main view
by recovering luminance and suppressing noise. The latter aims to
further enhance the spatial details and geometric structures by
fully encoding the spatial-angular information with synchronous
approach. In what follows, we provide the details of the two
networks.

3.1. Multi-to-one network

The MTO network consists of three main components: a feature
extractor (FE), a channel-attention feature fusion (CAFF) module,
and a decoder, as shown in Fig. 2. The main view (red-framed) is
restored by utilizing the information from its 8 neighboring auxil-
iary views (green-framed). Let Lm denote the main view, and



Fig. 1. SAI array pattern and Macro-pixel pattern.

Fig. 2. The overall architecture of MTO network, which consists of a FE, a CAFF module and a decoder. It restores each view (red-framed) separately by utilizing multiple
auxiliary views (green-framed).
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L1; L2; � � � ; L8 denote the auxiliary views. Thus, the restored main
view Lrem by the MTO network fMTO is formulated as

Lrem ¼ fMTO Lm; L1; L2; � � � ; L8ð Þ: ð1Þ
The components of the MTO network will be introduced sepa-

rately below.
3.1.1. Feature extractor
The FE, as shown in Fig. 3, is shared by all the views. Each view,

including the main view and the auxiliary views, is first fed to the
FE to obtain the deep features separately. Several 3� 3 convolution
layers with stride ¼ 2 are used to gradually reduce the spatial res-
olution of the feature maps and increase the receptive field for cap-
turing multi-scale information. In order to extract more
informative features, we design a spatial-channel attention resid-
ual block (SCARB) following each convolution layer. Different from
the serial attention in [28,29], our attention mechanism adopts
parallel spatial attention and channel attention for preserving the
important spatial features and channel features concurrently, and
avoiding excessive suppression for some features. The detailed
structure of SCARB is depicted in Fig. 3. The input features first pass
through two 3� 3 convolution layers to yield feature maps
M 2 RC�H�W . Given M, spatial attention is to generate a spatial
attention map m 2 R1�H�W by two 3� 3 convolution layers and a
sigmoid activation, which guarantees each attention value is
between 0 and 1. The spatial attention map m is then multiplied
with M to retain more important spatial features. Channel atten-
tion adopts the squeeze and excitation (SE) [30] operations to
obtain the relative importance of different channels. The squeeze
operation applies global average pooling (GAP) to M for encoding
global information g 2 RC�1�1. The excitation operation uses two
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fully-connected (FC) layers followed by a sigmoid activation to
derive the scaled factor n 2 RC�1�1, which is multiplied with each
channel of M to preserve more informative channel features. The
feature maps calibrated by the spatial attentionM �m and channel
attention M � n are added together to yield the enhanced features,
which are added with the input features to form the residual
connection.

3.1.2. Channel-attention feature fusion
Auxiliary feature fusion is important in our task, to provide

effective complementary information for the restoration of the
main view. The commonly used feature fusion methods include
direct concatenation and summation. However, the concatenation
of the features from all the auxiliary views may cause excessive
GPU memory consumption, and the simple summation of the fea-
tures cannot highlight more important features and suppress less
useful features. Motivated by [31], we design a channel
attention-based auxiliary feature fusion method, named as CAFF,
to adaptively adjust the channel-wise weights for all the auxiliary
features, as shown in Fig. 4. The pipeline can be formulated as

Ffuse ¼ f CAFF f FE L1ð Þ; f FE L2ð Þ; � � � ; f FE L8ð Þð Þ; ð2Þ

where f CAFF denotes the CAFF module, f FE denotes the FE, and Ffuse is
the fused auxiliary features.

All the auxiliary features F1; F2; � � � ; F8 are first aggregated by
summation: Fs ¼ F1 þ F2 þ � � � þ F8. Similar to the SE operation,
GAP is applied to Fs 2 RC�H�W to obtain the channel-wise statistics
s 2 RC�1�1, followed by a FC layer to produce a compact feature
vector s0 2 RC0�1�1 C0 < Cð Þ with fewer channels. Then, s0 is fed to
different FC layers in multiple branches to generate feature vectors,
each of which corresponds to one auxiliary view. Channel-wise



Fig. 3. The architecture of FE and SCARB. The FE consists of several convolution layers and SCARBs. The SCARB adopts parallel spatial attention and channel attention for
extracting more informative features.

Fig. 4. The architecture of CAFF module. It learns the weights of the auxiliary features based on the channel attention, with a global scalar to adjust the importance of the
auxiliary features relative to the main features.
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softmax operations are then applied to these feature vectors to
yield the weight vectors k1; k2; � � � ; k8 kn 2 RC�1�1� �

for each chan-
nel of the auxiliary feature maps. Another FC layer is introduced
after s0 to derive a global scalar c cP 1ð Þ, which is multiplied with
the weight vectors. Thus, the final weights for the auxiliary fea-
tures become ck1; ck2; � � � ; ck8. This global scalar can adaptively
adjust the importance of the auxiliary features relative to the main
features while maintaining the relative importance among the
auxiliary features. ckn is clipped to 0;1½ � to guarantee the weights
of the auxiliary features does not exceed the weights of the main
features. Hence, the fused auxiliary features are obtained by

Ffuse ¼ F1 � ck1 þ F2 � ck2 þ � � � þ F8 � ck8 ð3Þ
79
3.1.3. Encoder-decoder architecture
After introducing the auxiliary feature fusion, we can build the

encoder-decoder architecture for restoring the main view, as
shown in Fig. 5. The FE can be treated as the encoder to extract
multi-scale contextual information. The extracted features of the
main view are then added with the fused auxiliary features by
the CAFF module, followed by a convolution layer for further fea-
ture aggregation. The decoder is to gradually recover the feature
maps to the input resolution through several bilinear upsampling
operations. Skip connections are used to concatenate the upsam-
pled features in the decoder and the corresponding features in
the encoder, followed by the residual blocks, to fuse the features
with high-level semantic information and high resolution for more



Fig. 5. The encoder-decoder architecture for restoring the main view. The fused auxiliary features are added to the main features extracted by the FE. The decoder gradually
recovers the spatial resolution of the feature maps through bilinear upsampling, with skip connections to fuse the features with high-level semantic information and high
resolution.
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precise restoration. The restored main view by this encoder-
decoder architecture can be formulated as

Lrem ¼ f DE f c f FE Lmð Þ þ Ffuse

� �� �
; ð4Þ

where f c denotes the convolution layer after the summation of the
main features and the fused auxiliary features, and fDE denotes the
decoder.

3.2. All-to-all network

In order to further improve the restoration performance, we
design a lightweight ATA network shown in Fig. 6, which takes
the outputs of the MTO network as inputs, and enhances all the
views synchronously through one feedforward process.

The information flow of the ATA network is described as fol-
lows. The LF image output from the MTO network with SAI array
pattern Lre 2 RUV�C�H�W first pass through a 2D spatial convolution
layer to extract spatial features for each SAI. Then, several spatial-
angular modules, each of which consists of a spatial residual block
and an angular residual block, are used to fully extract the spatial
and angular features. Each spatial residual block contains two 3� 3
spatial convolution layers and each angular residual block contains
two 3� 3 angular convolution layers. Besides the convolution
operation, the first convolution layer includes group normalization
[32] and leaky ReLU activation, and the second convolution layer
only includes group normalization, the output of which is added
with the input followed by a leaky ReLU activation. When extract-
ing the angular features, the feature maps with SAI array pattern
need to be converted to the macro-pixel pattern Fmp 2 RHW�C�U�V ,
and then 2D angular convolutions are applied to operate on every
macro-pixel. After the angular residual block, the macro-pixel pat-
tern is converted to the SAI array pattern again, followed by the
Fig. 6. The architecture of ATA Network. It mainly consists of spatial residual blocks and a
global residual learning to focus on the high-frequency details.
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next spatial-angular module. The output of the last spatial-
angular module is fed to the final spatial convolution layer to pro-
duce the residual output, which is added to the input SAI array to
yield the final restoration result. This global residual learning can
ease the network learning by concentrating on the high-
frequency details. The final enhanced LF can be formulated as

Len ¼ Lre þ f ATA Lreð Þ; ð5Þ
where Lre is the restored LF from the MTO network and f ATA denotes
the ATA network.

3.3. Loss function

The loss function used for training the MTO and ATA networks
is a mixture of MSE loss, structural similarity (SSIM) [33] loss and
perceptual loss [34] between the restored results and ground
truths. The loss of the ATA network is calculated by averaging all
the views.

The MSE loss is defined as

‘MSE ¼ Len � bL��� ���2

2
; ð6Þ

where bL is the ground truth LF image.
The SSIM loss between any two images X and Y is defined as

‘SSIM X;Yð Þ ¼ 1� 2lXlY þ c1
� �

2rXY þ c2ð Þ
l2

X þ l2
Y þ c1

� �
r2

X þ r2
Y þ c2

� � ; ð7Þ

where lX and lY are the averages of pixel values, r2
X and r2

Y are the
variances, rXY is the covariance, and c1 and c2 are two constants.
Thus, the SSIM loss between the restored LF and ground truth is

expressed as ‘SSIM Len; bL� �
.

ngular residual blocks to extract spatial and angular features alternately, and adopts
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The perceptual loss is defined as the difference of the features
extracted by the pretrained VGG-19 [35] network

‘percept ¼ /ij L
enð Þ � /ij

bL� ���� ���2

2
; ð8Þ

where /ij means the features after the jth convolution and before
the ith maxpooling layer.

The overall loss function is the weighted sum of the three loss
terms

‘total ¼ w1‘MSE þw2‘SSIM þw3‘percept; ð9Þ

where w1;w2 and w3 are their corresponding weights.
4. Experiments

In this section, we first introduce the synthetic method of low-
light LF images and then the implementation details. After that, we
Fig. 7. Central views of the synthetic

Table 1
Quantitative results of different configurations for the MTO network on the test sets at k

Model Light level PSNR"
w/o CAFF 0.5 22.68

Direct summation 0.5 23.90
w/o global scalar 0.5 23.64

w/o SCA 0.5 24.08
Serial SCA 0.5 23.91
Our MTO 0.5 24.11

w/o CAFF 1.0 24.10
Direct summation 1.0 25.28
w/o global scalar 1.0 25.16

w/o SCA 1.0 25.41
Serial SCA 1.0 25.27
Our MTO 1.0 25.56

w/o CAFF 1.5 24.62
Direct summation 1.5 25.90
w/o global scalar 1.5 26.01

w/o SCA 1.5 26.06
Serial SCA 1.5 25.99
Our MTO 1.5 26.10

Fig. 8. Parallel and serial a
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perform ablation study and comparison experiments to verify the
effectiveness of our method.
4.1. Synthesis of raw low-light LF images

Image formation is based on the Poisson process that describes
the arrival of photons from scene to sensor [36]. By considering
various distortions, the observed image can be represented as:

xobserve ¼ ADC a � Poisson xscene þ ndð Þ þ nr½ �: ð10Þ

where nd is the dark current due to the random generation of elec-
trons and holes within the depletion region, nr is the readout noise
caused by the electron readout and voltage amplification, a is the
sensor gain to obtain voltage at each pixel, and ADC is to convert
the voltages to the pixel values. The photon arrival follows a Poisson
distribution, which results in the shot noise. The dark current fol-
lows a Poisson distribution and the readout noise follows a Gaus-
sian distribution.
low-light LFs at k ¼ 0:5;1:0;1:5.

¼ 0:5;1:0;1:5.

SSIM" LPIPS#
0.6475 0.2236
0.6807 0.1981
0.6799 0.2103
0.6861 0.1975
0.6865 0.2014
0.6947 0.1912

0.7085 0.1883
0.7390 0.1607
0.7382 0.1695
0.7428 0.1591
0.7423 0.1618
0.7508 0.1581

0.7368 0.1644
0.7664 0.1415
0.7681 0.1471
0.7701 0.1398
0.7686 0.1406
0.7752 0.1383

ttention mechanisms.
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In our simulation, each ground truth LF image is first divided by
its mean pixel value and multiplied by a factor k. Then, Poisson
process is applied to obtain the photon count at each pixel, and a
readout noise with standard deviation of 0:25e� is added. After
that, the pixel values are scaled to 0 � 255 to yield the raw low-
light LF images, which suffer from the Poisson-Gaussian mixed
noise. We ignore the dark current as it is usually very small com-
pared with other noises. Here, the factor k is used to control the
light levels, and can also be interpreted as the photons per pixel
(ppp) [37], which is the average number of photons each pixel
detects during exposure. We synthesize the low-light LF images
Fig. 9. The average weights of auxiliary views. The m

Fig. 10. Visual results of our MTO

Table 3
Params. and FLOPs of different configurations.

Model Params.

w/o CAFF 2.79 M
Direct summation 3.94 M
w/o global scalar 4.01 M

w/o SCA 3.90 M
Serial SCA 4.01 M
Our MTO 4.01 M

Our MTO + ATA 4.60 M

Table 2
Quantitative results of our MTO and ATA network on the test sets at k ¼ 0:5;1:0;1:5.

Model Light level

0.5
Our MTO + ATA 1.0

1.5
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by using k ¼ 0:5;1:0;1:5 based on the LF dataset from Kalantari
[38] and Stanford Lytro LF Archive [39].

We select 100 images for training and 30 images for testing
from the Kalantari dataset, and 200 images for training and 50
images for testing from the Stanford Lytro dataset. Each LF image
can synthesize multiple low-light LF images with different k val-
ues. We only retain the central 7� 7 SAIs for all the LF images.
Fig. 7 shows the central views of the synthetic low-light LFs at
k ¼ 0:5;1:0;1:5. As can be seen, the synthetic low-light images
are corrupted by noise, and the degradations become more severe
with the decrease of k.
ain views are red-framed and has weight of 1.

and ATA networks at k ¼ 0:5.

FLOPs

4.15G
19.83G
19.83G
18.94G
19.83G
19.83G
138.83G

PSNR" SSIM" LPIPS#
26.78 0.8126 0.1223
27.81 0.8519 0.1010
28.13 0.8682 0.0909
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4.2. Implementation details

In the MTO network, one 3� 3 convolution layer with stride ¼ 1
is first used for initial feature extraction, and four 3� 3 convolu-
tion layers with stride ¼ 2 are used for down-sampling. Each con-
volution layer is followed by a SCARB, so there are five SCARBs in
the FE, where the resolution of the feature maps is gradually
reduced by 16 times and the number of channels is increased from
16 to 256. Each convolution layer is the combination of convolu-
tion, group normalization with group number of 8 and leaky ReLU
activation. Considering the GPU memory capacity while avoiding
Fig. 11. Visual results of our MTO

Fig. 12. Visual results of our MTO

Table 4
Quantitative results of different methods on the test sets at various light levels.

Model Light level PSNR"
MBLLEN [18] 0.5 23.01

Improved LFSAS [14] 0.5 21.20
Ours 0.5 26.78

MBLLEN [18] 1.0 24.27
Improved LFSAS [14] 1.0 22.31

Ours 1.0 27.81

MBLLEN [18] 1.5 24.75
Improved LFSAS [14] 1.5 22.93

Ours 1.5 28.13
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extracting too many redundant features, we only choose the near-
est 3� 3 SAIs around the main view as the auxiliary views. The
MTO network, including the FE, CAFF and decoder, can be trained
end-to-end. For the ATA network, four spatial-angular modules
with 64 channels are used to build a lightweight architecture.

During the training of MTO network, each input low-light LF
was synthesized from the ground truth by a random k value, and
the SAIs of LFs were randomly cropped to 256� 256. The main
view was selected from each LF randomly. We used the Adam opti-
mizer with b1 ¼ 0:9 and b2 ¼ 0:999. The learning rate was initially
set to 1� 10�3 and decreased by a rate of 0:8 every 50 epochs. The
and ATA networks at k ¼ 1:0.

and ATA networks at k ¼ 1:5.

SSIM" LPIPS# NIQE#
0.6559 0.2112 7.080
0.7373 0.1767 6.327
0.8126 0.1223 5.298

0.7155 0.1745 6.904
0.7709 0.1438 6.172
0.8519 0.1010 4.911

0.7437 0.1514 6.762
0.7835 0.1306 6.158
0.8682 0.0909 4.766
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MTO network was trained for 300 epoch with batch size set to 6.
Then we used the trained MTO network to generate the prelimi-
nary restoration results for all the low-light LFs at
k ¼ 0:5;1:0;1:5, so each ground truth corresponded to three inter-
mediate results. During the training of ATA network, one of the
three intermediate results was chosen as the input and all the SAIs
were randomly cropped to 128� 128. We used Adam optimizer
with a initial learning rate of 1� 10�4 and a decay rate of 0:8 every
40 epochs. The ATA network was trained for 100 epochs with batch
size set to 1. Moreover, we used data augmentation of random flip-
ping during the training of the two networks. The weights of MSE
loss, SSIM loss and perceptual loss, which is defined by /54, were
set to 10;1 and 5, respectively. Our method was implemented by
PyTorch on Nvidia Tesla V100-SXM2 16 GB GPU. It took about
three days for training the two networks.
4.3. Ablation study

In this subsection, we investigate the effectiveness of our pro-
posed modules by comparing the performance of different config-
urations on the test sets at k ¼ 0:5;1:0;1:5. We use PSNR and SSIM,
along with learned perceptual image patch similarity (LPIPS) [40]
as the quantitative metrics to evaluate the performance, which
are calculated by averaging all the LF views over the whole test
sets. For the PSNR and SSIM, higher value is better, while for the
LPIPS, lower value is better.
Fig. 13. Visual results of different
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Firstly, we study the benefit of our CAFF module by removing it
from the MTO network. Thus, the network does not utilize any aux-
iliary view to incorporate the complementary information, which
is equivalent to the single image restoration. As shown in Table 1,
the configuration ‘w/o CAFF’ obtains much lower PSNR and SSIM,
and higher LPIPS than ‘Our MTO’ at various light levels, which indi-
cates that auxiliary feature fusion can significantly boost the
restoration performance. Moreover, we replace the CAFF module
with direct summation of auxiliary features (‘Direct summation’),
which means all the auxiliary features have the same importance.
As can be seen, it has worse quantitative results than ‘Our MTO’,
which may be because the direct summation can not highlight
more informative auxiliary features and even weaken the effect
of main features. Furthermore, we remove the global scalar from
the CAFF module (‘w/o global scalar’), and the resulting worse
quantitative results indicates that the reduced weights of auxiliary
features may also degrade the performance.

Next, we investigate the advantage of our parallel spatial-
channel attention mechanism. We first replace SCARBs with simple
residual blocks (‘w/o SCA’), which obtains worse quantitative
results than ‘Our MTO’. Then we compare the performance of par-
allel and serial attention mechanisms, the structures of which are
depicted in Fig. 8. In the serial attention mechanism (‘Serial
SCA’), the feature maps are calibrated by the channel attention
and spatial attention sequentially. It can be seen that the quantita-
tive results of ‘Serial SCA’ are also worse than ‘Our MTO’, which
may be because the serial attention weakens some features exces-
methods at k ¼ 0:5;1:0;1:5.
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sively by successive suppression. Therefore, our parallel spatial-
channel attention mechanism is more conducive to the important
feature extraction.

To check the learning results of CAFF, we visualize the weights
of auxiliary views corresponding to three main views, as shown in
Fig. 9. The main views are red-framed with weight of 1. The first
main view is in the first row of the SAI array and the third main
view is in the last column of the SAI array, so they are not in the
center of the 3� 3 SAIs. The weights of auxiliary views are calcu-
lated by averaging along all the 256 channels, which therefore
results in the approximate values. It still can be seen that the aux-
iliary views close to the main view tend to have larger weights
than the others, demonstrating the effect of adaptive learning for
the auxiliary weights.

Finally, we verify the effectiveness of our ATA network by using
the complete two-stage pipeline. As shown in Table 2, by introduc-
ing ATA network, PSNR is further improved, SSIM has significant
increase, and LPIPS has obvious decrease. Taking the MTO outputs
as inputs, the ATA network can learn more easily by focusing on
the high-frequency details and angular geometries. Therefore, our
two-stage learning framework is very effective for better restora-
tion performance.

The number of parameters (Params.) and FLOPs of different con-
figurations are recorded in Table 3. The FLOPs are calculated
according to the input size during training. Our MTO and ATA net-
works have 4:60M parameters in total. Specifically, the ATA net-
work is very lightweight with only 0:59M parameters. However,
it results in a significant increase of FLOPs, as it processes all the
views of LF synchronously with full resolution throughout the
feedforward process. Params. and FLOPs can be largely reduced
by excluding the auxiliary features at the expense of obvious per-
formance degradation. Moreover, our spatial-channel attention
mechanism only introduces additional 0:11M parameters, and
Fig. 14. Visual results of different methods on
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the other configurations for the MTO network have approximate
Params. and FLOPs with ‘Our MTO’ but with worse performance.

Some visual results of our MTO and ATA networks on the test
data at different light levels are shown in Fig. 10, 11 � Fig. 12. Only
the central views of LFs are presented, and two color-framed
patches are zoomed in for better visualization. The yellow lines
are the positions where epipolar-plane images (EPIs) are located.
Each EPI is obtained by fixing one spatial and one angular coordi-
nate of a LF image, which can indicate the LF parallax. It can be
seen that the MTO network can effectively restore the illumination
and suppress the noise, but some objects are still a little blurry and
the angular geometries are not preserved well. After refinement by
the ATA network, more spatial details and geometric structures are
recovered, which are attributed to the residual learning and
spatial-angular feature extraction. Therefore, our two-stage learn-
ing framework is capable of restoring the LFs under different light
levels, even the extreme low-light conditions, which verifies its
effectiveness and robustness.

4.4. Comparison with other methods

In this section, we make comparison with other methods
related to the low-light and LF enhancement. The networks of
other methods are re-trained by our dataset. As we use the direct
image-to-image mapping approach for low-light enhancement,
we choose MBLLEN [18], which adopts the same manner with us,
as the comparative object. To further verify the effectiveness of
our two-stage method, we compare with an improved version of
LFSAS [14], which restores all the views of LF synchronously by
one stage. As LFSAS is designed for super-resolution, we remove
the transposed convolution for adapting to our task. We also
replace its original spatial and angular convolution layers with
our spatial and angular residual blocks for better performance.
the other dataset at k ¼ 0:8 and k ¼ 1:2.
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The quantitative results of different methods on the test sets are
recorded in Table 4. In addition to the PSNR, SSIM and LPIPS, we
also adopt Natural Image Quality Evaluator (NIQE) [41], a no-
reference image quality assessment method, to evaluate the
restoration results, with lower value meaning better. It can be seen
that our method achieves much higher PSNR and SSIM, and lower
LPIPS and NIQE than other methods. Some comparative visual
results at various light levels are shown in Fig. 13. As can be seen,
the outputs of MBLLEN can not restore some object details and the
EPIs have confused structures. As MBLLEN is based on one-to-one
restoration without utilizing any angular information, it can not
recover the geometric structures effectively. The outputs of the
improved LFSAS can preserve relatively better spatial details and
geometric structures. However, the restored images lack smooth-
ness and still contain noise, which results in low PSNR. In compar-
ison, our method can obtain more natural LF images with fine
spatial details and angular geometries.

We also test these methods on the HCI dataset [42], which con-
sists of synthetic LF images, different from the real scenes in the
Kalantari and Stanford datasets that we used for training. Fig. 14
presents two visual results of different methods at k ¼ 0:8 and
k ¼ 1:2, which are different from the light levels used during train-
ing. Again, it can be seen that our method can restore the lumi-
nance, spatial details and angular geometries better than the
other methods, further demonstrating its good performance and
robustness.
5. Conclusion

In this paper, we propose a two-stage learning framework for
low-light LF restoration. The first stage is performed by the MTO
network which aims to recover luminance and suppress noise by
utilizing multiple auxiliary views. An efficient spatial-channel
attention mechanism is designed for extracting more informative
features. The auxiliary features are selectively fused by the CAFF
module, with a learned global scalar to adjust the importance of
auxiliary features with respect to the main features. In the second
stage, the outputs of the MTO network are input to the ATA net-
work, which aims to further enhance the spatial details and angu-
lar geometries by fully extracting the spatial-angular information.
The ATA network is very lightweight, but can improve the restora-
tion results significantly. Extensive experiments have been con-
ducted to demonstrate the superior performance and robustness
of our method.
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