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Abstract

Can a mobile camera see better through display? Under
Display Camera (UDC) is the most awaited feature in mobile
market in 2020 enabling more preferable user experience, however,
there are technological obstacles to obtain acceptable UDC image
quality. Mobile OLED panels are struggling to reach beyond 20%
of light transmittance, leading to challenging capture conditions. To
improve light sensitivity, some solutions use binned output losing
spatial resolution. Optical diffraction of light in a panel induces
contrast degradation and various visual artifacts including image
ghosts, yellowish tint etc. Standard approach to address image
quality issues is to improve blocks in the imaging pipeline including
Image Signal Processor (ISP) and deblur block. In this work, we
propose a novel approach to improve UDC image quality - we
replace all blocks in UDC pipeline with all-in-one network — UDC
d"Net. Proposed solution can deblur and reconstruct full resolution
image directly from non-Bayer raw image, e.g. Quad Bayer, without
requiring remosaic algorithm that rearranges non-Bayer to Bayer.
Proposed network has a very large receptive field and can easily
deal with large-scale visual artifacts including color moiré and
ghosts. Experiments show significant improvement in image quality
vs conventional pipeline — over 4dB in PSNR on popular benchmark
- Kodak dataset.

Introduction

Under Display Camera (UDC) enabling infinity display, with
larger screen to body ratio, is the most awaited and challenging
feature in mobile market in 2020.

What are the challenges we face with UDC imaging? First of
all, we are struggling to achieve desired image quality. Current
Organic Light-Emitting Diode (OLED) panels can only provide
transmittance ratio of up to 20%, so UDC image is captured in
lowlight conditions. To improve light sensitivity, conventional
solution uses binned output combining adjacent pixels, i.e., it can
only support less than a quarter of original image sensor resolution.

Another issue is optical diffraction from non-transparent panel
that can induce not only contrast loss, but also various visual
artifacts including ghosts, flare, color tints etc. (See Fig. 2). The
question is how can we overcome those challenges? Can we keep
full resolution and get artifacts-free UDC image?

Fig. 1. lllustration of notch-type and Under Display Cameras.
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Proposed UDC d”Net

Existing UDC deblur

Fig. 2. llustration of proposed solution: left — conventional UDC solution
output; right — proposed method output. One can clearly see that proposed
method can achieve superior artifacts-free details restoration at full resolution.

Recently, to enhance sensitivity with high resolution image
sensor, various types of non-Bayer pattern, such as Quad Bayer,
shown in Fig.3, are adopted. Such sensors can easily obtain high
sensitivity images under low-light condition using binning method.
Under normal light conditions, it requires remosaic function that
rearranges non-Bayer to Bayer, to achieve full resolution imaging.
The remosaic block is usually followed by Bayer Image Signal
Processor (ISP) and deblur block, all operating in different domains.
However, when applying this sequential hand-crafted pipeline, we
end up with blur image and more visual artifacts induced by
remosaic and ISP due to lack of spatial information. Image quality
can be improved by retuning ISP or deblur algorithm, however it
gives only marginal improvement in image quality while keeping
large-scale artifacts including zippering, ghosts, false colors etc.

In this work, we propose an end-to-end one-shot UDC
imaging solution, that can deblur and reconstruct raw UDC image
using one neural network — UDC d*Net. Due to hierarchical
structure, designed network has a large receptive field allowing to
extract more features from source image and handle large-scale
artifacts. Experiments show that proposed method outperforms
conventional algorithms by a large margin — by 4dB in PSNR on
Kodak dataset, for Quad Bayer CFA. Visual evaluation confirms
that it can reconstruct details better and does not produce visual
artifacts. Using proposed method, we can model any non-UDC ISP
pipelines with better image quality and less artifacts.
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Fig. 3. Quad Bayer Color Filter Array decomposition into R, G, B comp-onents.
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Contributions. To the best of our knowledge, this is first work
addressing a novel problem of Quad Bayer Raw Image
reconstruction for Under Display Cameras on mobile devices using
deep learning. Recently, there is a trend in high-resolution CMOS
sensors to adopt novel CFAs, for example Quad Bayer CFA. We
solve this challenging problem using deep learning in raw domain
by joint deblurring and demosaicing. Proposed solution achieves
better image quality, outperforming conventional methods by 4dB
in CPSNR and producing less visual artifacts.

Related works

In this work we focus mostly on demosaic and deblurring
algorithms, so we will briefly review related works.

Demosaicing of Bayer Color Filter Array (CFA) has been
extensively studied for several decades [1], [2], [6]. Various
demosaicing approaches are exploited, such as color difference
based interpolation [24], [25], edge directional interpolation [26],
frequency domain filtering [3], [4], [5], and reconstruction methods
[27], [28]. However, when it comes to new patterns, such as Quad
Bayer depicted in Fig. 3, there are only a few works that can be
applied to it. Unfortunately, hand-crafted algorithms are mainly
designed for most commonly used until recently Bayer CFA, so they
have to be redesigned to support any other CFA pattern. Universal
demosaicing algorithm, that can be easily extended to new type of
CFA pattern, was proposed in Zhang [7].

Deep learning approach to image demosaicing has been applied
in 2016 - see [8], [9], [10], [11]. Early works were also designed for
Bayer CFA, however recently there are two articles addressing Quad
Bayer CFA - Kim [12] and Stojkovic [13] . Compared to hand-
crafted algorithms, deep learning methods do not need to be
completely redesigned and can be adopted to support various CFA
patterns. However, for Quad Bayer CFA, learning method and
network architecture shall be also changed, to avoid artifacts that
cannot be seen in standard Bayer CFA.

Deep learning methods to image deblurring have been actively
studied in the last five years [12], [15]. Shuler used several networks
to model iterative optimization process in a “coarse-to-fine” manner
[16]. Nah [17] and Tao [18] introduced a multi-scale cascade of
networks that sequentially restores downscaled images. Zhang
adopted a method of dividing images into patches, performing
sequential restoration of small to large patches, using several
networks [20]. Most state-of-the-art methods uses a cascade of
networks to deblur a single image.

Image restoration for Under Display Camera, was studied in
[21] for Bayer CFA, for two types of OLED displays: T-OLED and
P-OLED and proposed to restore image from raw domain, showing
better performance compared to Wiener Filter and plain residual
networks.

Problem formulation
Demosaicing of each color channel can be treated as an
interpolation problem of each channel, however due to phase shift during
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color subsampling and inter-channel dependency, demosaicing
normally comes with various visually disturbing artifacts: color
moiré, false colors or zippering along edges. For irregularly
subsampled Quad Bayer pattern, aliasing increases and cause severe
artifacts compared to Bayer — see [12] for more detailed analysis.

a

Fig. 4. Under Display Camera OLED Panel pixel arrangement (from ZTE Axon

mobile phone).

When camera is placed under display, the amount of incident
light is considerably decreased. Due to specific UDC display
structure, the light cannot propagate freely —instead it has to pass
through tiny holes and smaller open area compared to conventional
cameras, see Fig. 4 for example. In addition, UDC display area is
not transparent—depending on materials, transparency can vary.
Insufficient amount of transmitted light creates challenging low-
light capturing conditions, non-transparent display often induces
specific color artifacts, like yellowish tint [21].

On top of that, since typical distance between pixels in UDC
panel is very small (100~200um), when light travels through slits
between pixels, diffraction of light occurs. Interference between
display pixels and light wave results in the higher order peaks of
light intensity, as depicted in Fig. 5. It affects captured image quality
by having excessive blur, loss of details and contrast and ghosts.

Depending on particular UDC display structure, Point Spread
Function (PSF) may have various sizes and shapes. In real
applications, we are limited in the size of support of corresponding
PSF, so in this work we used small size PSF.

Ghost

»

Display Lens Sensor
g(mn) P(mn) I(u,v)

Fig. 5. Under Display Camera Image formation: light propagates through tiny
holes in the UDC panel, undergoing diffraction [21].
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Proposed method

In conventional solution, we first apply remosaicing on raw non-
Bayer image, following by Bayer ISP processing and then apply
deblurring in RGB domain. The process is shown in the Fig. 6.

Our hypothesis is that deblurring in raw domain will be more
efficient and will allow to keep more details and avoid artifacts
propagation. In addition to this, we propose to perform deblurring
simultaneously with demosaicing.

— Remosaic — ISP — Deblur —

UDC Quad Bayer UDC Bayer Raw Final RGB image
Raw image image
Fig. 6. Block diagram of conventional solution.

We propose to replace one or more blocks in ISP and deblur block
with all-in-one neural network — UDC d”Net. Here d" stands for de-
blur, de-mosaic, de-noise, etc. Block diagram of the proposed

method is depicted in Fig. 7.
o g
RGB image

UDC Quad Bayer
Raw image
Fig. 7. Block diagram of the proposed method.

d*Net

In this work, we use standard image formation model (1).
Y=K+«MxX+n, (€))]

where N —noise, K — blur with kernel K, M — mosaic, X — original
image, Y — distorted observation.

Using deep learning, we can solve this ill-posed inverse
problem efficiently, without domain conversion. By using power of
big data, we can address this ill-posed inverse problem more
efficiently.

We learn end-to-end mapping function F from training samples
pairs by taking RGB images as ground truth and mosaicked blurred
images as observed images. We estimate model parameters & by
minimizing following loss function:

Loss(Q)) =L, 2

where L, is an Euclidean norm:

Ly = =¥ [F(x:.0) - ¥, - 3)

Network architecture

We design a neural network for image reconstruction — UDC
d"Net, inspired by the Duplex Pyramid Network architecture by
Kim [12], showing superior image quality for Quad Bayer image
demosaicing compared to other deep learning methods and
outperforming conventional algorithms.
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Inspired by hierarchical structure of network in [12], we can
extract image features at various levels, that will allow us to
reconstruct image details at various levels, as well recover large
scale artifacts. We assume, that such a hierarchical network
structure will allow to capture blur at various levels, avoiding using
a cascade of neural networks as in the state-of-the-art image
deblurring algorithms [17], [18].

We adopt backbone skeleton architecture and FEB (Feature
Extraction Block) that includes local residual block. D*2 network
architecture is shown in Fig. 6. Here FRB is Feature Reconstruction
Block, it includes one convolution and one ReLU. We use 3x3
convolutions at all levels.

Fig. 8. Block diagram of the proposed network - d"Net.

Experimental results

We conduct experiments by preparing pairs of distorted input
and ground truth images. The network was trained on MIT dataset
[8] on patches of size 128x128. We augmented input data with
random flip and rotation.

We trained our model with ADAM optimizer [22] with the

following settings: B1 = 0.9, 2= 0.999, £ = 1078, weight decay

= 1078 We set initial learning rate as 10™* and schedule learning
rate decrease at milestones [5, 10, 20], with decay = 0.1. The model
was implemented using Pytorch and trained on NVIDIA Volta
GPUs.

We used distortion model with estimated PSF of 11x11 from the
sample mobile OLED panel and Quad Bayer mosaic operator. We
tested our algorithm on Kodak dataset [23], in Color PSNR
(CPSNR), defined as below.

1
CPSNR =3 3 | PSNR(C)),where (4)

2b

PSNR(C;) = 10log,, 57

2
=1l Xi=Yill2

)

where C — color components, b — image bitwidth, n - number of
pixels, X — ground truth image, Y — reconstructed image.

Objective image quality evaluation results are provided in the
Table 1. For reference, we used universal demosaicing algorithm[7]
applied to Quad Bayer CFA pattern and iterative deblur algorithm
[19]. We can see that current algorithm outperforms conventional
approach by a large margin.
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Table 1. Image quality evaluation results, CPSNR [dB].

Algorithm Conventional Proposed
PSF1 [3x3] 36.3 40.0
PSF2 [11x11] 35.6 39.6

Subjective evaluation of experimental results show that we
could reconstruct image with more details and less artifacts as
compared to conventional approach. As illustrated in the Fig. 9, we
observed significant loss of high frequency details and various
artifacts: zippering and false colors — when using conventional
method, while we could achieve almost perfect image
reconstruction when using proposed method.

a)  Conventional b) Proposed ¢) Ground truth

Fig. 9. Examples of visual quality evaluation from Kodak dataset. One can
clearly see that proposed approach outperforms reference and can restore
details and textures close to ground truth.
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Next, we applied our method on real UDC image, captured by
sample mobile OLED panel. We trained our network using same
training dataset and performed visual evaluation of the results as
shown in Fig. 11. Proposed method efficiently removes blur and
ghosts, so it can be applied to real life scenario. Despite of having
only one neural network in the proposed solution as opposed to prior
state-of-the-art, we could achieve desired deblurring performance.
Proposed network architecture is computationally efficient so can
be deployed in mobile devices after optimization.
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a) Captured UDC image b) Result of proposed

method

Fig. 10. Examples of visual quality evaluation on real UDC images

Conclusion

In this work, we proposed a novel imaging solution for UDC
that can be adopted for mobile phones with infinity displays at full
resolution. Experiments show that it achieves better image quality,
reduced blur and other visually disturbing artifacts, outperforming
conventional solution for Quad Bayer image sensor. Proposed
solution can be adopted to any non-UDC pipeline and can improve
quality of any imaging pipeline for any image sensor, Bayer or non-
Bayer.
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