A Patch-Based Neural Network Super-Resolution
for Low-Delay Real-Time Processing

SEg:jpn

HhRE

~FEH: 2020-01-09

F—7— K (Ja):

F—7— K (En):

YRR

X—=ILT7 KL AR:

FiTE:
http://hdl.handle.net/2297/00056487

This work is licensed under a Creative Commons
Attribution-NonCommercial-ShareAlike 3.0
International License.



http://creativecommons.org/licenses/by-nc-nd/3.0/

AL w3 HF

fREIE Y 7L A NALER |25 L 7=
Ry Fl= 0 —F )%y MHSL
R B9 D AT

A Patch-Based Neural Network Super-Resolution

for Low-Delay Real-Time Processing

SRR RSB B IRFRETIER
BT IR

F B &K 5 1624042006
K & B B



Abstract

In recent years, getting higher resolution of images and videos has become a trend of the times,
and particularly in the industrial field such as endoscopic surgery and automatic driving, low delay
real time super-resolution is often required. On the other hand, in the field of recent super
resolution research, many of high-performance deep learning methods are reported. However, due
to the most of them are composed of convolutional neural networks (CNN), there are problems
about cost and process-delay to realize low-delay real-time processing in industry.

In the present paper, we propose a novel super resolution method based on patch based deep
neural networks (PDNN). Specifically, to accomplish the real-time low-delay processing,
patch-based fully connected neural networks are designed for converting low-resolution quality
images into high-resolution quality image. In addition, | introduce also a unique scheme to match
the positions of each neuron to interpolation pixel positions for improving the performance.

In the numerical simulations, it was confirmed that the cost performance of proposed method is
better than that of conventional CNN based method such as SRCNN (Super-Resolution via
Convolutional Neural Network) and VDSR (Very Deep Super Resolution). And it was also
confirmed that the matching the positions makes better performance. In addition, the potential
performance of the proposed method and cost trade off was also discussed.

As a conclusion, the proposed method can be said that it is a suitable super-resolution system for
realizing low-delay and real-time processing. And when the reconstruction performance level is
almost same as SRCNN 9-1-5, the calculation cost can be reduced to about 2%, and the memory
cost can be also reduced to about 11% against the SRCNN.
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