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ABSTRACT

Light field (LF) imaging provides rich spatial and angular information, but is problematic in low-light environ-
ment as the images suffer from low contrast and visibility. In this paper, we present a learning-based method
to enhance low-light LF images. A high-dimensional convolutional neural network (CNN) is introduced to ex-
tract the spatio-angular features from the LF. The network operates directly on the four-dimensional LF data
rather than on individual sub-aperture images, avoiding the loss of geometric information. Color compensation
is then performed on the enhanced LF images coming from the high-dimensional CNN to reduce color distor-
tion. The experimental results show that the proposed method achieves noticeable improvement compared with
state-of-the-art low-light image restoration techniques in both visual inspection and objective assessments.
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1. INTRODUCTION

Light field (LF) imaging has shown to be a promising technology to capture a 3D view within a single photographic
exposure.1–3 Unlike traditional photography that captures the scene only in two dimensions, LF records the
light distribution in 3D space. Taking advantage of this rich spatio-angular information, LF provides powerful
capabilities such as depth estimation,4–6 post-capture refocusing,2 3D rendering,7 and autonomous navigation.8

However, in the typical design of LF camera, digital sensor is divided by a microlens array, resulting in low light
intensity for every sub-aperture image. The photon budget is even more challenging when light level is low,
such as night-time or in-door environment. The whole scene provides poor illumination condition, resulting in
degradation in both brightness and contrast.

The straightforward solution for low-light imaging is either to apply high ISO, which increases brightness but
also amplifies noise, or to extend exposure time, which effectively increases the signal-to-noise ratio (SNR) but
also induces motion blur.9–12 A variety of techniques have been developed to solve this problem based on inverse
dark channel prior,13 the wavelet transform14 and illumination map estimation15 to mention a few. Recently, deep
learning-based methods for image restoration have also been investigated. Lore et al.16 proposed a deep-learning
method called LLNet, which uses deep auto-encoders to denoise and enhance the image contrast simultaneously.
Fully convolutional network can also replace the conventional image processing pipeline (ISP) with a learnt
mapping function from raw images taken in extreme low-light conditions.17,18 However, when considering LF
with high-dimensional information, these methods mentioned above cannot fully utilize the geometric feature of
LF and processing massively on every single sub-aperture image also restricts their performances.

Recent work has shown that 3D imaging can be applied to allow a scene to be visualized in low-light illumi-
nation 19–22 and various denoising techniques have been proposed to eliminate noise in LF images.23,24 However,
how to effectively utilize the 3D features for low-light restoration remains an unsolved issue. High-dimensional
convolutional neural network (CNN) has been investigated to explore the geometric details of LF.25–29 The
structural information can be modeled using a high-order CNN by considering both spatial correlation with
angular relations and the geometric features which preserve the correlation properties can also be extracted by
high-dimensional convolutional layers. Such features encoded in the LF data can further contribute to recovering
the whole scene. We extend this work and investigate such method for low-light imaging.
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Figure 1: Block diagram of the proposed low-light LF image restoration algorithm. The proposed architecture
directly takes the 4D LF data as input to 4D CNN, the enhanced LF images are then color compensated to
reduce color distortion.

2. METHOD

The block diagram of the proposed algorithm is shown in Fig. 1. Our framework consists of two phases, the
4D CNN first enhances the brightness of the entire LF based on the low-light input image, and the enhanced
intermediate output is then fed into the color assignment network for recovery of realistic colors. The 4D
CNN network matches with the 4D LF data and learns the geometry information in both spatial and angular
dimensions.

The architecture of proposed 4D CNN is illustrated in Fig. 2 where all the convolutional layers, batch
normalization layers and activation layers are all operated directly in 4D space. The network contains five
residual blocks with dense residual connections. The kernel size of the convolutional layer is 3× 3× 5× 5, which
represents 3×3 convolution in the spatial domain and 5×5 in the angular domain. Taking advantage of applying
4D convolution, the network could learn the correlations both in angular and spatial domain. The operation of
high-order convolution in the ith hidden layer Hi is implemented as

Hi = σ (Wi ? Hi−1) , (1)

where the operator ? denotes the cross-correlation between the feature map and the filter, Wi represents the
weight of the ith layer with size s1 × s2 × a1 × a2 × c, in which s1 × s2 is the spatial filter size, a1 × a2 is the
angular filter size, and c is the channel number of the filter. σ(·) is the activation function, which is implemented
as a leaky rectified linear unit (LeakyReLU):

σ(z) =

{
z z > 0
αz z ≤ 0

, (2)

where α represents the slope. The value at position (x, y, s, t) of the ith hidden layer can be expressed as

hi(x, y, s, t) =

c−1∑
k=0

s1−1∑
m=0

s2−1∑
n=0

a1−1∑
p=0

a2−1∑
q=0

[wi,k(m,n, p, q) · hi−1(x+m, y + n, s+ p, t+ q)], (3)

where wi,k(m,n, p, q) is the filter weight connecting the kth channel of layer i and (i − 1). By convolving a 4D
kernel with a tensor formed by cascading multiple neighboring views together in the angular dimensions, the
feature maps are connected to adjacent views from the previous layer, thus capturing the structural property.
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Figure 2: The architecture of the proposed 4D CNN network. The notation “n3/64s1” means that for the
convolution process, there are 3 input channels, 64 output channels, and the stride step is 1. Other cases are
similar.

This proposed 4D CNN network is designed to learn the geometrical properties from LF. The learnt features
contain not only the spatial details like objects and high-frequency textures but also the correlations between
adjacent views. As a result, such geometric features can preserve both spatio-angular relation and angular
correlations simultaneously for further LF restoration.

Color assignment is then performed to address the color bias problem, so as to reduce the unwanted color
distortion introduced by the CNN. The color distortion can be compensated by estimating the global luminance
and calculating the mean brightness.30 The color assignment process is implemented individually on every color
channel and can be expressed as

AR,G,B =

(
CR,G,B

IY

)p

·DY , (4)

where AR,G,B is the separate R,G,B channel of the color assignment result, DY is the luminance channel of the
original dark image, IY is the luminance channel of the image that outputs from 4D CNN network, p is a ratio
that adjusts the dynamic range, and CR,G,B is the separate R,G,B channel from the compensated image. We
define the sigmoid function S(·) as

S(z) =
1

1 + exp (λ(z − z))
, (5)

where z denotes the mean value. CR,G,B can be represented as

CR,G,B = IR,G,B + δ (1 − S(IR,G,B)) · max(IR,G,B), (6)

where max(IR,G,B) represents the maximum intensity of each R, G, B channel and the function δ(·) is the color
compensation ratio which is set according to the mean brightness and is described as

δ =
max

(
IR,G,B

)
IR,G,B

− 1. (7)

3. EXPERIMENTS AND RESULTS

We synthesize the dark scene based on the Stanford Lytro Archive dataset31 using Retinex model.32 In our
experiment, we choose 9 and 3 scenes respectively for training and validation with spatial resolution of over
512 × 512.The angular resolution is reduced to 5 × 5 (i.e., each scene contains 25 sub-aperture images) in order
to reduce the computation consumption. A random variable with uniform distribution of γ ∼ [0.05, 0.15] is
generated to darken the LF images to a varying degree. In the training stage, each LF image is cropped to a
smaller patch of size 96 × 96 × 5 × 5 × 3, which represents 96 × 96 spatial resolution, 5 × 5 angular resolution
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Figure 3: Visual comparison of the proposed low-light LF image restoration algorithm on “kitchen”: (a) Low-light
input. (b) WVM. (c) LIME. (d) LLNet. (e) Proposed. (f) Ground truth.

with 3 color channels. In each training iteration, the network receives a LF patch and the corresponding ground
truth as input. The proposed network is implemented using Tensorflow and trained from scratch with Adam
optimizer to optimize the loss function based on Mean Square Error (MSE). The computation is performed with
Intel(R) Xeon(R) CPU @ 2.30GHz and Tesla K80 GPU with 12GB of RAM.

We test the performance of our proposed method using HCI dataset.33 Four low-light image restoration
algorithms including Weighted Variational Model (WVM),34 Low-light Illumination Map Estimation (LIME),15

and LLNet16 are tested to demonstrate the feasibility of our proposed method. Visual comparison of the “kitchen”
scene is shown in Fig. 3. Only one sub-aperture image of the whole LF is presented for simplicity. LIME method
has gray veiling on the result (e.g., the black handle indicated in green box). WVM method gets dim results
as the illumination condition is too low and exceeds its operating conditions. LLNet method over-enhances the
image and loses texture (e.g., the wall marks indicated in red box). Overall, among all the compared methods,
our method enhances the visibility of low-light LF with pleasing appearance and maintains the 3D structure.

We also evaluate the quality of the enhanced images using objective image quality assessment metrics including
peak signal-to-noise ratio (PSNR), structural similarity (SSIM) and mean square error (MSE). The higher score
of the PSNR, SSIM and the lower score of MSE represent better image quality, respectively. The averaged
quantitative results are summarised in Table 1. From the quantitative comparison, our proposed algorithm
achieves the highest PSNR, SSIM and lowest MSE which indicates the superiority of our proposed algorithm
over other methods. One major benefit of using the 4D convolution lies in its capacity to maintain the highly-
correlated property among different views and to propagate such property to the output, and the correlation
among adjacent views will also increase the performance of one single sub-aperture image.
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Table 1: Comparison of average PSNR, SSIM and MSE results of different methods

Methods PSNR SSIM MSE
WVM34 11.8048 0.623 4594.2
LIME15 12.5074 0.5667 3977.7
LLNet16 16.3145 0.6565 2009.8
Proposed 17.2856 0.6895 1862.6

4. CONCLUSION

In this paper, we propose a LF image processing pipeline that addresses the challenges of LF image restoration
in low-light environment via a data-driven approach. The proposed algorithm first enhances the luminance of
the input LF image using 4D CNN, then color compensation is performed to minimize the color distortion. The
superior experimental results in both visual comparison and numerical evaluations demonstrate that the proposed
4D CNN can effectively utilize the geometric information and therefore improves the restoration performance.

ACKNOWLEDGMENTS

This work was supported in part by the Hong Kong Research Grants Council, under Projects GRF 17203217,
17201818, 17200019, and by the University of Hong Kong under Projects 104005009, 104005438.

REFERENCES

[1] Javidi, B., Carnicer, A., Arai, J., Fujii, T., Hua, H., Liao, H., Mart́ınez-Corral, M., Pla, F., Stern, A.,
Waller, L., Wang, Q.-H., Wetzstein, G., Yamaguchi, M., and Yamamoto, H., “Roadmap on 3D integral
imaging: Sensing, processing, and display,” Optics Express 28, 32266–32293 (October 2020).

[2] Ng, R., Levoy, M., Brédif, M., Duval, G., Horowitz, M., Hanrahan, P., et al., “Light field photography with
a hand-held plenoptic camera,” Computer Science Technical Report CSTR 2, 1–11 (April 2005).

[3] Lam, E. Y., “Computational photography with plenoptic camera and light field capture: Tutorial,” Journal
of the Optical Society of America A 32, 2021–2032 (October 2015).

[4] Sun, X., Xu, Z., Meng, N., Lam, E. Y., and So, H. K.-H., “Data-driven light field depth estimation using
deep convolutional neural networks,” in [2016 International Joint Conference on Neural Networks ], 367–374
(July 2016).

[5] Chen, N., Zuo, C., Lam, E. Y., and Lee, B., “3D imaging based on depth measurement technologies,”
Sensors 18, 3711 (October 2018).

[6] Chen, N., Ren, Z., Li, D., Lam, E. Y., and Situ, G., “Analysis of the noise in backprojection light field
acquisition and its optimization,” Applied Optics 56, F20–F26 (May 2017).

[7] Mildenhall, B., Srinivasan, P. P., Ortiz-Cayon, R., Kalantari, N. K., Ramamoorthi, R., Ng, R., and Kar, A.,
“Local light field fusion: Practical view synthesis with prescriptive sampling guidelines,” ACM Transactions
on Graphics 38, 1–14 (July 2019).

[8] Eisele, J., Song, Z., Nelson, K., and Mohseni, K., “Visual-inertial guidance with a plenoptic camera for
autonomous underwater vehicles,” IEEE Robotics and Automation Letters 4, 2777–2784 (May 2019).

[9] Zhang, X., Shen, P., Luo, L., Zhang, L., and Song, J., “Enhancement and noise reduction of very low
light level images,” in [Proceedings of the 21st International Conference on Pattern Recognition ], 2034–2037
(February 2012).

[10] Remez, T., Litany, O., Giryes, R., and Bronstein, A. M., “Deep convolutional denoising of low-light images,”
arXiv preprint arXiv:1701.01687 (2017).

[11] Wang, S., Zheng, J., Hu, H.-M., and Li, B., “Naturalness preserved enhancement algorithm for non-uniform
illumination images,” IEEE Transactions on Image Processing 22, 3538–3548 (May 2013).

[12] Chen, S.-D. and Ramli, A. R., “Contrast enhancement using recursive mean-separate histogram equalization
for scalable brightness preservation,” IEEE Transactions on Consumer Electronics 49, 1301–1309 (November
2003).

Proc. of SPIE Vol. 11525  115251H-5
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 17 Nov 2020
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



[13] Dong, X., Wang, G., Pang, Y., Li, W., Wen, J., Meng, W., and Lu, Y., “Fast efficient algorithm for
enhancement of low lighting video,” in [2011 IEEE International Conference on Multimedia and Expo ], 1–6
(September 2011).

[14]  Loza, A., Bull, D. R., Hill, P. R., and Achim, A. M., “Automatic contrast enhancement of low-light images
based on local statistics of wavelet coefficients,” Digital Signal Processing 23, 1856–1866 (December 2013).

[15] Guo, X., Li, Y., and Ling, H., “Lime: Low-light image enhancement via illumination map estimation,”
IEEE Transactions on Image Processing 26, 982–993 (December 2016).

[16] Lore, K. G., Akintayo, A., and Sarkar, S., “LLNet: A deep autoencoder approach to natural low-light image
enhancement,” Pattern Recognition 61, 650–662 (January 2017).

[17] Schwartz, E., Giryes, R., and Bronstein, A. M., “DeepISP: Toward learning an end-to-end image processing
pipeline,” IEEE Transactions on Image Processing 28, 912–923 (October 2018).

[18] Chen, C., Chen, Q., Xu, J., and Koltun, V., “Learning to see in the dark,” in [Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition ], 3291–3300 (June 2018).

[19] Markman, A., O’Connor, T., Hotaka, H., Ohsuka, S., and Javidi, B., “Three-dimensional integral imag-
ing in photon-starved environments with high-sensitivity image sensors,” Optics Express 27, 26355–26368
(September 2019).

[20] Stern, A., Aloni, D., and Javidi, B., “Experiments with three-dimensional integral imaging under low light
levels,” IEEE Photonics Journal 4, 1188–1195 (June 2012).

[21] Markman, A., Shen, X., and Javidi, B., “Three-dimensional object visualization and detection in low light
illumination using integral imaging,” Optics Letters 42, 3068–3071 (August 2017).

[22] Lamba, M., Kumar, K., and Mitra, K., “Harnessing multi-view perspective of light fields for low-light
imaging,” arXiv preprint arXiv:2003.02438 (2020).

[23] Alain, M. and Smolic, A., “Light field denoising by sparse 5D transform domain collaborative filtering,” in
[2017 IEEE 19th International Workshop on Multimedia Signal Processing ], 1–6 (December 2017).

[24] Chen, J., Hou, J., and Chau, L.-P., “Light field denoising via anisotropic parallax analysis in a CNN
framework,” IEEE Signal Processing Letters 25, 1403–1407 (July 2018).

[25] Meng, N., So, H. K.-H., Sun, X., and Lam, E., “High-dimensional dense residual convolutional neural
network for light field reconstruction,” IEEE Transactions on Pattern Analysis and Machine Intelligence
(2019).

[26] Meng, N., Zeng, T., and Lam, E. Y., “Spatial and angular reconstruction of light field based on deep
generative networks,” in [2019 IEEE International Conference on Image Processing ], 4659–4663 (September
2019).

[27] Zhu, Y., Yeung, C. H., and Lam, E. Y., “Digital holography with deep learning and generative adversarial
networks for automatic microplastics classification,” in [Holography, Diffractive Optics, and Applications
X ], 11551, 115510A (October 2020).

[28] Wang, Y., Liu, F., Zhang, K., Hou, G., Sun, Z., and Tan, T., “LFNet: A novel bidirectional recurrent convo-
lutional neural network for light-field image super-resolution,” IEEE Transactions on Image Processing 27,
4274–4286 (May 2018).

[29] Meng, N., Ge, Z., Zeng, T., and Lam, E. Y., “LightGAN: A deep generative model for light field recon-
struction,” IEEE Access 8, 116052–116063 (June 2020).

[30] Ko, S., Yu, S., Kang, W., Park, C., Lee, S., and Paik, J., “Artifact-free low-light video enhancement using
temporal similarity and guide map,” IEEE Transactions on Industrial Electronics 64, 6392–6401 (March
2017).

[31] “Stanford light field archive.” http://lightfield.stanford.edu/lfs.html.

[32] Rahman, Z.-u., Jobson, D. J., and Woodell, G. A., “Multiscale retinex for color rendition and dynamic
range compression,” in [Applications of Digital Image Processing XIX ], 2847, 183–191 (November 1996).

[33] Honauer, K., Johannsen, O., Kondermann, D., and Goldluecke, B., “A dataset and evaluation methodology
for depth estimation on 4D light fields,” in [Asian Conference on Computer Vision ], (March 2016).

[34] Fu, X., Zeng, D., Huang, Y., Zhang, X.-P., and Ding, X., “A weighted variational model for simultaneous
reflectance and illumination estimation,” in [Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition ], 2782–2790 (June 2016).

Proc. of SPIE Vol. 11525  115251H-6
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 17 Nov 2020
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use


