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ABSTRACT

With the continuous advancement of deep learning technology, many

convolutional neural network architectures have been applied in super-
resolution tasks, but many convo-lutional neural network-based models
have many parameters and depth of the model make it more and more
difficult to train the model, and it is more difficult for each pa-
rameter to converge to the optimal value. Most of the research focuses
on the design of the model, while 1ignoring the influence of
hyperparameters on the model, resulting in the model not being able to
exert the complete ability of the model and spending more time training.
In this paper, through numerous experiments, we find out the suitable
hyperpa-rameter combination for the super-resolution imaging model,
optimize the training of the model without greatly changing the model
architecture, and make the model have a high accuracy. Experiments have
confirmed that under different magnification factors and dif-ferent
model architectures, our optimized models and training methods have
obtained high prediction accuracy of super-resolution imaging 1in
various validation sets.
Finally, we found a set of hyperparameters suitable for super-
resolution imaging, us-ing SmoothLl loss, PReLU excitation function,
RMSProp optimizer, and using post-upsampled sub-pixel convolution such
a combination can make the same model architec-ture have more high
accuracy.

Keywords: Artificial neural networks ~ Super resolution -~
hyperparameters

266



ool
al:
‘“ll‘,

- ST F R

AJEFTR A GACKR-HETRR Y B SZETAR Y - AR Y24 N e £
R FRER ARRARR LR * 2l AT A~ L HELE - gt A =
Gaf ¥ PR BARE Y PR GleRT CEF TP G FERG

Bl Boifd on s BBERL ~ 5 BB if g JRC RN - A - B Ry

Bra - 407 10 r SRR R S ke o

AfEITR A GT B AR AT RSB oo A2 £ B o 3R B
FALfRT R S GU(SISR)EFAT Y > 2 G F R 2 R R A R TR A
FANBE AL AP EEY AR R 2 o SRR S B BT R 0z

P RF AN I BRI AR ST RS A S BRI RR S 0

&y

BETERST L ED 2 RAEF AR A2 TR AP R BT 4AgfR

TR S G EF IR AERIE -

Lim ~ Son ~ Kim ~ Nah ~ Lee(2017)# 21EDSR » &.42 f347 & = - < 2 428 >
#2017 NTIREAZ 347 = tfB Fsh > B o AP L2734 7 EDSR > T ¥ 47 F erjie
ot A SR B0 BRUEE R 0 A AR ESE AR e
L2 A3 2 gR B A S w1 T R A G g R R R

SRR e

267



ANPEET HET 0 L E) g AR 13 EDSR v T 14k 2 B SR chE R R 0 T

TR ihggie Rl 1 F I 4 i Fg R - 3% B SmoothL14F 4 3 #c~ He~ Zhang
Ren ~ Sun (2015)# ! s PReLUjck> 3 #c ~ Hinton(2018) 4% 1 <hRMSProp i i & » i3

HFF 234> 3 % APSNRSSIMR 7 & o i = o

Fo e
- l’ﬁ’i mﬂﬁz*?/ﬁg e

GEREYRLET 250 A SR BESS ML FREA S G blde
Keys(1981)4% 1 ehfE= = 4m 1t » # BREFE @RI 3 FE VARG E s a

B I hR R LT P AL oo

LIEREY RLE® 12 Dong ~ Loy ~ He ~ Tang(2014)#% #1SRCNN » & =% {35
WFEEEYEEHFAM SR REY ASRY KM ERAER T A FEEZ L L

B R A FEE > FRlng e B ARBEOFEE 4 A BT F

BREY Az R + i ¥ ehf 347 % -Dong Loy~ Tang (2016)* # J1FSRCNN -
TR METABY O L EEF SHEL NIRRT

Kim~ Lee ~ Lee(2016 > 2016)#& 1 VDSR£2 DRCN - iﬁté AL MiRTR Bl & &
BREVTARARB Y AN 2 e ap i BEAEEL EAFD P REFTR L)
DR ER N RN L R RS P LN Rl L SR e R R S R
] s iy ) AR 4o 19 2GR R S % o VDSREUBIX3HE A & LIFA R T
PEE RN X RERAEY EMPRPAF ORI S FBEE

e AT AR AR B Bl S

268



# % SRCNN ~ VDSR2 DRCN 48 £.3% i £ 5+ Bl i L& (74 (P g bt 7 %
MEE g A2 P @ L F o Shi# £ (2016)#% HESPCN » 45y ~ = f247 A B 7 &

FEA NP R EF GRS R EB I EEATRAIERE TR > F -

P-4

BEER A RRTRRS P> F AT AR 0 L2 2 fhfd {17 4
fAriP B L P ARLEL R F A i RAR R P DB E SRR L2 F

T { 45 e 4 o

Huang ~ Liu ~ Weinberger * Maaten(2017)#& ?'DenseNet » * i < #& J1 f % 1 4% »
BEHRTI R s Bl s k> E R AEAF R ok o SR E T i
LR T @ 3 4p e et it o @ Tong > Li > Liu ~ Gao(2017) £ **DenseNet & &
*ONAZEAT R S GRAES o % 1ISRDenseNet » B EM R FH A EAF R T BB

TR FHFEREFFK FI AR & o

Ledig® % (2017)4% &1SRGAN » ¢ 7 I 3¢ 10 ALengh 3t B Al (G it cficd) » &
* Creswell & 4 (2018)#% ' e & i i Generative Adversarial Network(GAN)
S HEARJIEAL fR AT R A Mheh R AL 0 ® * B Srdf & (perceptual loss) £ $Hidp 4

5‘_‘;«:

-

(adversarial loss) k+2 2 Bl &+ HEF R > 24 £ 8% & 4APSNR» + B 3x=

P - 2enma R R oo

Lim~ Son ~ Kim ~ Nah ~ Lee(2017)#& ! 7 EDSRZMDSR > H 255 t@ 3% § K ok 3+
L F F o H PR WAL R Y o Glho A SR (RN AT T 6 P BT R
4~ He ~ Zhang ~ Ren ~ Sun(2016) #% ! 7 ResNet » 4+ & & & i+ & (Batch
normalization layer) v riee % » S i MHCF) iR & & Syt = > B30 40§

- Rk

269



-~ R

BAEY e R EA PR R e Ne AP s 5 Kin® £ (2016)
erIVDSR ~ Kim% % (2016) =7EDSR#2 Zhang % * (2018)#% ! e7RCAN§ ¥ 2% i 9 2 2L 8 i
3o 50 e R HRIEAL 0 TR A S R AR 0 T g e

P AR R ] Sl

ZVDSRY? A i * 2B ip e > T ALY 18K EF B
B o B = =t 3& E @ * Python OpenCVeresize S ;¢ $5 2 INTER_CUBIC $-#cB~ 18 +F $ 4
SO E R FHCD] o~ o it 3R SU I i3 e jpos 5o & PReLU ~ 4 4 3 i< 5 SmoothLl

it B ERMSProp ~ P 4R 83 R AL B

GEDSRY st i * 32 B F R o X7 R ¥ QBALFH(LIBBEHE LR

B o i 204 A S o> B s PReLU 47 4 308ic A SmoothLl ~ % * % 5 RMSProp-

BRCANY sv i ¢ * 32 i if #ic® > ¥ @ * 3B Residual Group > # BResidual
Group# % 6fResidual Channel Attention Block o # it #8 4 2\ i i s jfos on e 3

PReLU ~ 4f %4 & % 5 SmoothLl ~ i+ % % RMSProp °

ERY 2 T IE EXT I VL

Adpig w5 iR EDSR St TS 5 ACA] RRlE N B A R cpol S e

% %) Z_Sigmoid ~ Tanh ~ ReLU ~ LeakyReLU ~ PReLU ~ ELU ~ Swish ; = B3 7 = &

270



Pl crdf A dolic 0 A B[ LI A ~ L2484 & SmoothLI4F & 5 ¥ ¢he R0 =

7 feenigit B > & s _SGD - Momentum ~ Adagrad ~ RMSProp ~ Adam ~ AdamW -

= IR

FASE A B R TR WY (HR192X1924 | » &p i+ o] s
f247 R B % (LR) » & 2% 72" 5= #ic EPOCHS 3% %_5% 300t B 432 N o & =t B~ 1) [
R G TR e e HR 2 LR 42 F - LR DIV2K 7 B T 35 RGB
2 LR $5 ~ 2403 0 & 2 BCRISER] N Ag iR 45 A& B P (SR) £ 4w DIVIK 4
BenT 3o RGB- £ 58 Smooth LI 23 B4 » Rfe A 4 I ehp 4 5y

RMSProp it B { 378l 3 28 7 $TE A E Pl 1% R o RS i B 2 ok 1o

1 F i m A

N NER A =3

divide the images into HR 192*%192 and LR of corresponding size.
for epoch from 1 to EPOCHS do
foreach (LR, HR) (images) do
randomly rotate and flip both LR and HR.
Subtract the RGB channels of the LR by the DIVZ2K RGB average
color channel.
input LR to the model to generate predicted pictures (SR).
add the RGB channels of the SR by the DIV2K RGB average color
channel.

calculate the error between SR and HR through Smooth L1 loss:

{QﬂHR—ﬂa% |HR — SR| < 1
|[HR — SR| — 0.5, otherwise

update the model parameters through RMSProp optimizer:
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