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INTRODUCTION
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1 Why GAN?

o Ledig et al [1] had proved that Generative Adversarial
Network(GAN) has better performance than CNN model in the
field of super resolution, so | will use three different Gan-based
models to super resolve several images to compare their
performance in my project.

[1] Christian Ledig, Lucas Theis, Ferenc Huszar, Jose Caballero, Andrew Cunningham, 'Alejandro Acosta, Andrew Aitken, Alykhan Tejani, Johannes Totz,
Zehan Wang, Wenzhe Shi Twitter, “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”, 2017.
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Image we want :
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0 Resize
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0 JPEG Compression
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o In my project, | will use three model to test their performance on the
work of super resolving images, that is:
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INTRODUCTION

1. SRGAN [1],
2. ESRGAN (focus on deep neural network approaches) [2], and
3. Real-ESRGAN (focus on image preprocessing approaches) [3].

[1] Christian Ledig, Lucas Theis, Ferenc Huszar, Jose Caballero, Andrew Cunningham, ‘Alejandro Acosta, Andrew Aitken, Alykhan Tejani, Johannes Totz,
Zehan Wang, Wenzhe Shi Twitter, “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”, 2017.

[2] Xintao Wang, Ke Yu, Shixiang Wu, Jinjin Gu, Yihao Liu, Chao Dong, Chen Change Loy, Yu Qiao, Xiaoou Tang, “ESRGAN: Enhanced Super-Resolution
Generative Adversarial Networks”, 2018.

[3] Xintao Wang, Liangbin Xie, Chao Dong, Ying Shan. "Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data”, 2021.
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o Objective

o Super resolve the images which have poor resolution and bad
guality in the real-world scenarios with the variety of real-world
training datasets.
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Degradation :
oX=D(y) =y ® k) |+ n]

JPEG
X : low resolution image k : blur kernel
y : high resolution image | down-sampling
D : degradation N : noise
¢: convolution JPEG : JPEG compression

Xintao Wang, Liangbin Xie, Chao Dong, Ying Shan. "Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data”, 2021.
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0 SRGAN Architecture

Generator Network B residual blocks
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Christian Ledig, Lucas Theis, Ferenc Huszar, Jose Caballero, Andrew Cunningham, "Alejandro Acosta, Andrew Aitken, Alykhan Tejani, Johannes Totz, Zehan
Wang, Wenzhe Shi Twitter, “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”, 2017.
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o SRGAN loss function: solve the min-max problem consists of two parts:

(1) minimize generator loss

(2) maximize discriminator loss

min max EIHR~Ptrain(IHR) [log Dy, (IHR)] + EILR~pG(ILR) [log(1 — Dg,,(Gg, (I
0c Op
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o Perceptual loss (compare whether two different images look similar) The

perceptual loss function consists of two parts: (1) the content loss IVGG and (2)
Lj

[ C’( 1 (\/ N

the adversarial loss 128 .

ISR = 5B |+ 1073128

content adversarial

loss loss
(1) Content loss
Wi,j Hi,j
I8 = 1/WyjHip) ) Y @iy = B1(Gog (1))
Ly x=1y=1

Restored image

(2) Adversarial loss
N

IGen _ Z _ lOgDQD (GGG(ILR))

n=1
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0 ESRGAN Architecture
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Xintao Wang, Ke Yu, Shixiang Wu, Jinjin Gu, Yihao Liu, Chao Dong, Chen Change Loy, Yu Qiao, Xiaoou Tang, “ESRGAN: Enhanced Super-Resolution
Generative Adversarial Networks”, 2018.
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o Discriminator tries to predict the probability that a real image x,. is
relatively more realistic than a fake one x;.

Real : Real Fake More realistic
D(xr) o= G(C( )) — 1 Real? DRa (xr’ xf) = U(C() ol IE[C()]) %1 than take data?

=
Fake . A _ Fake Real Less realistic
D(xf) = G(C()) 101 e DRa (Xf, xr) o G(C( B ]E[C()]) -0 than real data?
a) Standard GAN b) Relativistic GAN

o Improve the perceptual loss by using the features before activation,
which could provide stronger supervision for brightness consistency
and texture recovery.

Xintao Wang, Ke Yu, Shixiang Wu, Jinjin Gu, Yihao Liu, Chao Dong, Chen Change Loy, Yu Qiao, Xiaoou Tang, “ESRGAN: Enhanced Super-Resolution
Generative Adversarial Networks”, 2018.
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0 Loss function

Discriminator loss

L5 = —E, |log(Dra(xr x7))| = Ex, [log(1 — Dg, (7, %,))]

Generator loss

L = Lpercep t+ ALG* + nly

Adversarial loss

LR = —F, llog (1 — DRa(xr; xf))] log(DRa(xf: xr))]

Content loss(L;)

Ly = ExlIG(x;) — yll4
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0 Real-ESRGAN

o Training Process : Training the model with input images that are
originally HR images, then degraded into LR images with the
combinations of blur, resize, noise, JPEG compression two times.

_ﬁrsf order B
f " Resize . ‘ JPEG
Blur = (Downsampling) WNEEE R s
* (Generalize) _ « Gaussian noise e
Gaussian filter * Re‘_-mze. + Poisson noise - JPEG
- isotropic - bfc_“blc '
- anisotropic - bilinear * Color noise
* 2D sinc filter - area * Gray noise
L s__econd order _
' Resize i JPEG
Blur ) (Downsampling) LS [+ 2D sinc ﬁltcr} E

Xintao Wang, Liangbin Xie, Chao Dong, Ying Shan. "Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data”, 2021.
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0 Method
o Training Process

ESRGANArch
a-aj |||
oc Block
T Output
discriminator

Xintao Wang, Liangbin Xie, Chao Dong, Ying Shan. "Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data”, 2021.
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ALS & METHODS

MATERI

o Development Tools & Environment
o Environment : Windows 10, Matlab (for calculate NIQE)
o Language : Python3.7
o Package : Pytorch, Tensorflow, opencv, PyQt5




0 Datasets

1. DIV2K

(bicubic : x2,x3,x4,x8
unknown : x2,x3,x4)

-Train data : 800 HR/LR images
-Validation data : 100 HR/LR
images

-Test data : 100 HR/LR images

2. Flickr2K
(bicubic : x2,x3,x4
unknown : x2,x3,x4)
-2650 HR/LR images

3. 0OST

(Scale and Degradation :
decide by yourself)

-train data : 10,324 HR images
-test data : 300 HR images

High resolution image low resolution image
counterpart




Dataset : DIV2K, Flickr2K, OST

1

Add blur
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{ Down-sampling
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{ Add noise
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Input LR images to ]

Generator(Resnet) ]

Generator output
generated images
(upscale: 2, 4, or 8)

Input generated
images to
Discriminator(U-Net)
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Discriminator )
discriminates the

Generator and
Discriminator update
their parameters

4

generated images from
original datasets’HR
images
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training [




Z . /s yryr ;S ‘
aF 13 S 4 F 2 F - » 7
LAAINILCALAALL AALELOAALA?

ANY
)

ESULTS & DISCUSSION

o original image - resized + noised image using bilinear interpolation (scale: 4)
and gaussian noise.

bilinear interpolation
+

Gaussian noise
ORIGINAL (1280 * 720) LOW RESOLUTION (320 * 180)
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o restore LR image to SR image using SRGAN, ESRGAN, and Real-ESRGAN
(scale: 4)

ORIGINAL (1280 * 720)

SRGAN (1280 * 720) ESRGAN (1280 * 720) Real-ESRGAN (1280 * 720)
PSNR 19.0711 15.0668 28.6179
SSIM 0.1715 0.0710 0.7967
LPIPS 0.448 1.007 0.269
NIQE 5.5502 7.0807 2.9377

Time Cost (S) 19.9649 19.4307 77.8971
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ESULTS & DISCUS

o original image - resized + blur image using nearest neighbor interpolation
(scale: 4) and average filter(5 * 5).

Nearest neighbor

interpolation
+

ORIGINAL (1280 * 720) Average filter(5 *5) | 5y RESOLUTION (320 * 180)
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o restore LR image to SR image using SRGAN, ESRGAN, and Real-ESRGAN
(scale: 4)
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RESULTS

SRGAN (1280 * 720) ESRGAN (1280 * 720) Real-ESRGAN (1280 * 720)
. IskeaN | EsReAN [ RealESRGAN
PSNR 19.0711 28.6165 27.6920
SSIM 0. 1715 0.8041 0.7625
LPIPS 0.892 0.459 0.276
NIQE 5.8473 4.8999 3.0430

Time Cost (s) 23.1587 18.6940 72.9102
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System architecture:

resolution image

Upload low

Pass input
image to model

User

<«

, : - 7
_AACANILEAT //L C’,/-"J/ %/’/’Z{nyﬁé'/’ ’//Zﬁ/’/// ;?f@/,v -)é(f/ /’/

Predict super-

resolution image

QT Interface

Pass result
image to user
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Model |

— | Result image
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Pass result image
to QT Interface
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DEMO

OST test data, unknown noise, using Real-ESRGAN

LR input (512 * 680) Output (2048 * 2720)
Time : 220.3236 s
NIQE : 1.9948
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My image, unknown noise, using Real-ESRGAN
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LR input (401 * 500) Output (1604 * 2000)

Time : 165.5469 s
NIQE : 1.5731
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o Both subjectively and objectively, Real-ESRAGN can remove the
unknown degradation factor and perform well in comparison to others
In the real-world super-resolution task.

LUS

ION
]

o Image preprocessing approaches model (Real-ESRGAN) can
perform well in removing unknown noise than deep neural network
approaches model (ESRGAN).

o However, it looks like synthesis picture, not looks like the real photo
because Real-ESRGAN is trained with pure synthesis input images.
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