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Image super sampling using deep neural net­
works 

Abstrakt 

Tento článek poskytuje přehled současných algori tmů 

h l u b o k é h o učení p o u ž í v a n ý c h p r o zvýšení rozlišení o b r a z u , 

j a k o ž i j e j i ch analýzu a srovnání s ostatními, stejně j a k o 

s klasickými a l g o r i t m y p r o zvýšení rozlišení o b r a z u . 

Klíčová slova: N e u r o n o v é sítě, h l u b o k é učení , k o n v o l u c e , 

G A N , super s a m p l i n g , E D S R , V D S R , S R G A N , E S R G A N 

Image super sampling using deep neural net­
works 

Abstract 

This p a p e r prov ides an overv iew o f the current a l g o r i t h m s o f 

deep l e a r n i n g used to increase the r e s o l u t i o n o f images, as w e l l 

as their analysis a n d c o m p a r i s o n w i t h others, as w e l l as w i t h 

classical a l g o r i t h m s for i n c r e a s i n g the r e s o l u t i o n o f images. 

Keywords: N e u r a l n e t w o r k s , deep l e a r n i n g , c o n v o l u t i o n , 

G A N , super s a m p l i n g , E D S R , V D S R , S R G A N , E S R G A N 
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Introduction 

S u p e r - r e s o l u t i o n ( S R ) image r e c o n s t r u c t i o n is a m e t h o d for r e c o v e r i n g a n u n ­

d a m a g e d h i g h - r e s o l u t i o n p i c t u r e f r o m the same scene. It refers to creat ing 

a clear h i g h - r e s o l u t i o n image f r o m one o f the lowres degradated pictures i n 

that same scene. W i t h h e l p o f s ignal es t imat ion theory, it solves the p r o b l e m 

o f l o w image r e s o l u t i o n caused b y l i m i t a t i o n s i n arrangement densi ty for sensor 

array due to its l i m i t a t i o n o n a r r a n g e d space a n d makes u p for the deficiency o f 

sensor hardware . S R r e c o n s t r u c t i o n has b r o a d a p p l i c a t i o n prospects i n indus­

tr ia l c o n t r o l , m e d i c a l i m a g i n g , remote sensing, security m o n i t o r i n g a n d v i d e o 

s ignal t r a n s m i s s i o n . It is also poss ib le to effectively overcome the influence 

o f b l u r r i n g factors o n image data c o l l e c t i o n b y i m p r o v i n g q u a l i t y t h r o u g h o u t 

the process o f d i g i t a l i z a t i o n , as w e l l as i n other fields. T h e S R R e c o n s t r u c t i o n 

T e c h n o l o g y is an i n t e r n a t i o n a l hot t o p i c i n the research o f image process ing , 

c o m p u t e r v i s i o n a n d a p p l i e d mathematics . It has great a p p l i c a t i o n va lue a n d 

theoret ical s ignif icance, a n d has b e e n a g l o b a l hot issue i n the study o f i m ­

age p r o c e s s i n g , c o m p u t e r v i s i o n a n d a p p l i c a t i o n s . M o r e t h a n 30 years after 

the b e g i n n i n g o f research a n d d e v e l o p m e n t , there were some g o o d scientific 

results o n image S R technology. I n genera l , image S R t e c h n o l o g y is d i v i d e d 

i n t o three types: i n t e r p o l a t i o n based m e t h o d , r e c o n s t r u c t i o n based m e t h o d , 

l e a r n i n g based m e t h o d . 

A n o t h e r b i g part o f image S R a l g o r i t h m s , w h i c h have some c o m m o n parts 

w i t h l e a r n i n g based m e t h o d s , is m e t h o d s that use deep l e a r n i n g techniques 

have b e e n fa ir ly effective i n s o l v i n g the p r o b l e m o f image a n d v i d e o S R . I n 

this w o r k we w i l l focus o n S R t e c h n o l o g y based o n deep l e a r n i n g techniques. 

I n p a r t i c u l a r deep l e a r n i n g techniques for single-image super s a m p l i n g . 

B a s e d o n the b e l o w f o r m u l a , l o w - r e s o l u t i o n image can be m o d e l e d f r o m 

h i g h - r e s o l u t i o n image. D is d e g r a d a t i o n f u n c t i o n , I y is h i g h - r e s o l u t i o n image, 

I x is l o w - r e s o l u t i o n image , a n d a is the noise. 

Ix = D(Iy] a) 

D a n d c are not k n o w n ; o n l y h i g h - r e s o l u t i o n image a n d c o r r e s p o n d i n g low-

r e s o l u t i o n image are k n o w n . A s a result o f the n e u r a l network's task, it is possi­

ble to find the inverse f u n c t i o n o f d e g r a d a t i o n b y just H R a n d L R image data. 

There are m a n y approaches used for single-image super s a m p l i n g : 

• G e n e r a t i v e M o d e l s 

• P r e - U p s a m p l i n g m e t h o d s 
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P o s t - U p s a m p l i n g m e t h o d s 

R e s i d u a l N e t w o r k s 

A t t e n t i o n - B a s e d N e t w o r k s 



i Overview of existing algorithms 

This chapter w i l l overview most m o d e r n a n d p o p u l a r papers a n d a l g o r i t h m s 

o f s ingle image super s a m p l i n g . 

1.1 Generative Models 

i .i .i SRGAN and ESRGAN 

The S R G A N [ 2 ] - is a generative adversar ia l n e t w o r k ( G A N ) for image S R . A c ­

c o r d i n g to the authors statements, it is the first f r a m e w o r k capable o f i n f e r r i n g 

photo-real is t ic n a t u r a l images for 4.x u p s c a l i n g factors. I n o r d e r to achieve 

this , authors have p r o p o s e d a p e r c e p t u a l loss f u n c t i o n that consists o f an ad­

versarial a n d content loss. Because o f the adversar ia l loss, this s o l u t i o n is i n 

the n a t u r a l image m a n i f o l d b y u s i n g a d i s c r i m i n a t o r n e t w o r k that is t r a i n e d to 

differentiate f r o m the S R images a n d o r i g i n a l photo-real is t ic p ictures . A t the 

same t ime, authors use a content loss caused b y p e r c e p t u a l s i m i l a r i t y alterna­

tively to s i m i l a r i t y i n p i x e l space. T h e results o f the e x t e n d e d m e a n o p i n i o n 

score ( M O S ) test s h o w h u g e l y s ignif icant gains i n p e r c e p t u a l q u a l i t y u s i n g 

S R G A N . A m o n g the M O S scores o b t a i n e d w i t h any state-of-the art m e t h o d s , 

those o b t a i n e d w i t h S R G A N are closer to o r i g i n a l h i g h r e s o l u t i o n images t h a n 

those o b t a i n e d w i t h the rest o f m e t h o d . 

9 



Generator Network B residual blocks 
I  

k9n64s1 k3n64s1 k3n64s1 

l u i i i 
k3n64s1 k3n256s1 k9n3s1 

Discriminator Network 
. k3n64s1 k3n64s2 

skip connection 

k3n128s2 k3n256s2 k3n512s2 
k3n128s1 k3n256s1 k3n512s1 

F i g u r e 1.1: A r c h i t e c t u r e o f G e n e r a t o r a n d D i s c r i m i n a t o r N e t w o r k w i t h 

c o r r e s p o n d i n g k e r n e l size ( k ) , n u m b e r o f feature maps (n) a n d stride (s) 

i n d i c a t e d for each c o n v o l u t i o n a l layer 

The E S R G A N [ i 4 ] - is E n h a n c e d S R G A N . A u t h o r s i n t r o d u c e the R e s i d u a l -

i n - R e s i d u a l Dense B l o c k ( R R D B ) [ 5 ] w i t h o u t b a t c h n o r m a l i z a t i o n as the basic 

n e t w o r k b u i l d i n g u n i t . I n a d d i t i o n to this , they b o r r o w an idea f r o m relat ivist ic 

G A N [ 7 ] let the d i s c r i m i n a t o r predic t relative realness instead o f the absolute 

value. F i n a l l y , a p e r c e p t u a l loss is i m p r o v e d b y the use o f features before acti­

v a t i o n , that w i l l p r o v i d e stronger c o n t r o l for br ightness consistency a n d c o l o r 

retent ion. T h e p r o p o s e d E S R G A N achieves consistent ly better v i s u a l q u a l i t y 

w i t h more n a t u r a l a n d real textures t h a n S R G A N . T h i s due to these i m p r o v e ­

ments. 

LR fr 

r 1 

Basic Block Basic Block • • • ->• Basic Block 

Residual Block (RB) Residual in Residual Dense Block ( R R D B ) 

1 j g Q g i 
S R G A N R B w / o B N 

F i g u r e 1.2: W a s selected basic architecture o f S R R e s N e t [2], where most 

c o m p u t a t i o n is d o n e i n the L R feature space a n d as basic b l o c k was taken 

R R D B 
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1 . 1 . 2 PULSE 
The P U L S E [ i o ] - is P h o t o u p - s a m p l i n g v i a latent space e x p l o r a t i o n . T h e au­

t h o r offers other f o r m u l a s for the super-resolut ion p r o b l e m , based o n creat­

i n g realist ic S R images that downsca le correctly. F o r the reason that usual 

approaches l e a d to b l u r r i n g , especial ly i n deta i led regions. T h e i r a l g o r i t h m 

creates h i g h - r e s o l u t i o n , realist ic images at resolut ions p r e v i o u s l y unseen i n the 

l i terature u p to X64. O t h e r benefit is that the a l g o r i t h m can be t r a i n e d w i t h ­

out h i g h - r e s o l u t i o n images. Instead o f s tart ing f r o m the L R image, a n d s l o w l y 

a d d i n g deta i l , a l g o r i t h m traverses the h i g h - r e s o l u t i o n n a t u r a l image m a n i f o l d , 

searching for pictures that downsca le to an i n i t i a l L R p ic ture . 

F i g u r e 1.3: S h o w n h o w image generated b y P U L S E corresponds w i t h o r i g i n a l 
L R image 

11 



i.2 Convolutional / Residual Networks 

1 . 2 . 1 EDSR and (V1DSR 

The E D S R [ 9 ] - is e n h a n c e d deep S R network . A c c o r d i n g to the authors state­

ments , p e r f o r m a n c e o f this m o d e l exceeded those o f current state-of-the-art 

S R m e t h o d s o n m o m e n t o f release. T h i s m o d e l has a great p e r f o r m a n c e i m ­

p r o v e m e n t , thanks to the r e m o v i n g o f unnecessary m o d u l e s i n c o n v e n t i o n a l 

res idua l networks . A further p e r f o r m a n c e is further i m p r o v e d b y e x p a n d i n g 

the m o d e l size, as w e l l as s t a b i l i z i n g the t r a i n i n g p r o c e d u r e . I n a d d i t i o n , A u ­

thors p r o p o s e to create a n d t r a i n a n e w mult i-scale deep S R system ( M D S R ) 

a n d t r a i n i n g m e t h o d , w h i c h can reconstruct h i g h - r e s o l u t i o n images o f differ­

ent u p sca l ing factors i n one m o d e l . 

F i g u r e 1.4: architecture o f E D S R o n the left side a n d architecture o f M D S R 

o n the r ight 

1 . 2 . 2 FMEN 
The F M E N [ i 6 ] - is fast a n d memory-efficient network . A u t h o r s have created 

l i g h t w e i g h t n e t w o r k b a c k b o n e , based o n the idea that sequential n e t w o r k op­

erations are not frequently accessing p r e c e d i n g states a n d extra nodes , a n d 

consequent ly it is benef ic ia l to reduce m e m o r y c o n s u m p t i o n a n d run-t ime over­

head. A s w e l l , they stack m u l t i p l e h i g h l y o p t i m i z e d c o n v o l u t i o n s a n d activa­

t i o n layers a n d reduce the use o f feature f u s i o n . T h e authors also offer the new 

sequential a t tent ion b r a n c h , where every p i x e l is ass igned an i m p o r t a n t factor 

a c c o r d i n g to l o c a l a n d g l o b a l contexts . I n a d d i t i o n , they t a i l o r the res idual 

b l o c k for E I S R a n d p r o p o s e an e n h a n c e d res idua l b l o c k ( E R B ) to accelerate 

n e t w o r k inference. I n a d d i t i o n , a l l this advantages a l l o w the a u t h o r to des ign 

a F M E N a n d its s m a l l v e r s i o n F M E N - S , that runs 33% faster a n d reduces 74% 

m e m o r y c o n s u m p t i o n c o m p a r e d w i t h the state-of-the-art Efficient image S R 

( E I S R ) m o d e l . 
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F i g u r e 1.5: T h e architecture o f F M E N 

1 . 2 . 3 VDSR and RDN 

The V D S R [ 8 ] a n d R D N [ i 5 ] - are very deep c o n v o l u t i o n a l n e t w o r k a n d resid­

u a l dense network . A u t h o r s o f V D S R a l g o r i t h m p r o p o s e m o d e l structure w i t h 

cascade a p a i r o f c o n v o l u t i o n a l a n d n o n l i n e a r layers repeatedly, w h i c h gave 

g o o d a n d accurate results o n p u b l i c a t i o n m o m e n t . R D N it is a n i m p r o v e m e n t 

o f V D S R w h i c h change pairs o f c o n v o l u t i o n a l a n d n o n l i n e a r layer to res idual 

dense b l o c k s ( R D B ) . W h e n l o c a l feature f u s i o n i n R D B is then used to adap-

tively learn m o r e effective features f r o m p r e v i o u s a n d current l o c a l features a n d 

stabil izes the t r a i n i n g o f w i d e r network . 

F i g u r e 1.6: T h e structure o f V D S R 
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1.3 Attention-Based Networks 

The H A N [ n ] - is h o l i s t i c a t tent ion network . A u t h o r s p r o p o s e this n e t w o r k 

b y s o l v i n g the q u e s t i o n o f what c h a n n e l a t tent ion treats c o n v o l u t i o n layers 

as an iso lated process that misses the c o r r e l a t i o n a m o n g different layers, de­

spite C h a n n e l a t tent ion has b e e n d e m o n s t r a t e d to be effective for p r e s e r v i n g 

i n f o r m a t i o n - r i c h features i n each layer. T h e i r n e t w o r k consists o f a layer at­

t e n t i o n m o d u l e ( L A M ) a n d a n channel-spat ia l a t tent ion m o d u l e ( C S A M ) , to 

m o d e l the h o l i s t i c inter-dependencies a m o n g a l l elements, such as: layers, 

channels , a n d p o s i t i o n s . I n a d d i t i o n to this , the p r o p o s e d L A M adapt ive ly 

emphasizes h i e r a r c h i c a l features b y c o n s i d e r i n g correlat ions i n layer-layer rela­

t ions. I n a d d i t i o n to this , C S A M learns conf idence i n a l l the p o s i t i o n s o f every 

c h a n n e l a n d is capable o f selectively c a p t u r i n g m o r e i n f o r m a t i v e features. 



Sigmoid 

Function 

Element-wise 

product 

^ Element-wise 

sum 

Conv+ReLU 

I Pooling : 

Residual Group 

E l III 
Long skip connection 

Channel attention 

Concatenation 

X L , ,...1.... J . 

LR input 

F i g u r e 1.9: T h e architecture o f H A N 
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2 Tested models 

W e r e they chosen b y me for c o m p a r i s o n ???? m o d e l s that demonstrate the 

current state a n d progress i n the field o f s ingle image S R . 

This n e t w o r k m o d e l use g l o b a l res idual l e a r n i n g techniques a n d shows its ad­

vantages above n o n - r e s i d u a l networks i n p a r t i c u l a r S R C N N [ 3 ] . 

Str icture o f this networks it is u p to 2 0 same stricture layers except o f first 

a n d last, it is 64 filter o f the size 3 b y 3 b y 64, it is 3 b y 3 c o n v o l u t i o n filter w i t h 

64 channels , first layer c o m p u t e i n p u t images, last layer reconstruct image. A l l 

structure s h o w n o n F i g u r e 1.6. A s i n p u t used i n t e r p o l a t e d l o w r e s o l u t i o n ( I L R ) 

image. C o n v o l u t i o n a l operat ions reduce size o f image. F o r d e c i d i n g this p r o b ­

l e m a l l 64 spat ia l r e g i o n p a d d i n g w i t h zeros before c o n v o l u t i o n a l operat ions 

to keep same size. A l l layers predic t o n l y detai ls w h i c h are a d d e d to i n p u t I L R 

image for achieve h i g h r e s o l u t i o n image. 

F o r t r a i n i n g this m o d e l used res idua l l e a r n i n g a p p r o a c h . U s u a l l e a r n i n g 

a p p r o a c h is c o n c l u d e d i n m i n i m i z a t i o n o f m e a n square error ( M S E ) : 

W h e r e x - is a n i n t e r p o l a t e d l o w r e s o l u t i o n image y - is a h i g h r e s o l u t i o n 

image / - is the desired m o d e l w h i c h p r e d i c t y = f(x), where y - is a super 

r e s o l u t i o n image. 

I n res idua l l e a r n i n g for a v o i d k e e p i n g a lot o f image parts w h i c h newer 

change a l o n g o f a l l t r a i n i n g process a n d save the m e m o r y used another equa­

t i o n for M S E : 

W h e r e r = y-x a n d r - is res idua l image , o n l y that parts o f image w h i c h w i l l 

D u e to the above d e s c r i b e d loss layer have three i n p u t s : res idua l estimate, 

I L R image a n d g r o u n d t r u t h H R image. A n d loss is c a l c u l a t i n g as the E u ­

c l i d e a n distance between the s u m o f n e t w o r k i n p u t a n d o u t p u t a n d g r o u n d 

t r u t h . 

2.1 VDSR 

change t h r o u g h t r a i n i n g process. 
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T r a i n i n g is c a r r i e d out b y o p t i m i z i n g the regression objective u s i n g m i n i -

b a t c h gradient descent based o n b a c k p r o p a g a t i o n . M o m e n t u m parameter set 

to 0.9 a n d for t r a i n i n g r e g u l a r i z a t i o n used L 2 p e n a l t y m u l t i p l i e d b y 0 .0001 

2.2 SRGAN 

The a i m o f this m o d e l is generate H i g h r e s o l u t i o n images f r o m l o w r e s o l u t i o n 

i n p u t w i t h a t tent ion to h i g h frequency texture detai ls . F o r achieve this a i m 

m e t h o d used p e r c e p t u a l loss w h i c h is w e i g h t e d c o m b i n a t i o n o f content loss 

a n d adversar ia l loss w i t h coefficient 10~3 this jus t i f ied b y the fact that M S E loss 

m i n i m i z a t i o n based so lut ions take pixel-wise average o f poss ib le so lut ions that 

gives s m o o t h result w i t h o u t h i g h frequency detai ls . 

a Natural Image Manifold 
MSE-based Solution 

F i g u r e 2.1: i l l u s t r a t i o n o f m e a n i n g result i n approaches u s e d M S E loss[2] 

Therefore this m e t h o d realize generator G t r a i n e d for generate images 

w h i c h c o u l d f o o l the d i s c r i m i n a t o r D t r a i n e d to d i s t i n g u i s h super r e s o l u t i o n 

images f r o m n a t u r a l h i g h r e s o l u t i o n images. 

I n this m e t h o d l o w r e s o l u t i o n image i n p u t m a d e f r o m h i g h r e s o l u t i o n image 

u s i n g downsca le o p e r a t i o n w i t h downsca le factor 4 a n d subsequent G a u s s i a n 

filtering. 

A s m e n t i o n e d above m e t h o d real ize c o m b i n a t i o n o f two losses. 

First is content loss. It is m e a n o f absolute differences between extracted 

features o f generated super r e s o l u t i o n image fvgg(SR) a n d n a t u r a l h i g h resolu­

t i o n image fvgg(HR) achieved w i t h V G G 1 9 pretra ined[ i2] 

ContentLoss = mean (\fvgg(SR) — fvgg(HR)\) 
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S e c o n d is adversar ia l loss. It is m e a n squared differences between d i s c r i m ­

i n a t o r e s t i m a t i o n o f generated super r e s o l u t i o n image D(SR) a n d v a l i d a t i o n 

g r o u n d t r u t h I i n another w o r d s m e a n squared error o f generated image. 

AdversarialLoss = mean (D(SR) — I)2 

A l s o for t r a i n the d i s c r i m i n a t o r u s e d loss w h i c h is ca lcu la ted as m e a n value 

o f two M S E . F i r s M S E between d i s c r i m i n a t o r e s t i m a t i o n o f n a t u r a l h i g h reso­

l u t i o n imageD(HR) a n d v a l i d a t i o n g r o u n d t r u t h I. S e c o n d M S E between dis­

c r i m i n a t o r es t imat ion o f super r e s o l u t i o n image D(SR) a n d fake g r o u n d t r u t h 

Z. 
mean (D(HR) — I) + mean (D(SR) — Z) 

Discriminator Loss = 
2 

Structural ly , the generator consists o f a n i n p u t layer c o n t a i n i n g a convo­

l u t i o n filter a n d a n o n l i n e a r R a l l y ac t ivat ion , f o l l o w e d b y a sequence o f 16 

res idua l b l o c k s , then another c o n v o l u t i o n layer a n d two consecutive u p - s c a l i n g 

b l o c k s w i t h a factor o f x 2 , the o u t p u t c o n v o l u t i o n layer completes the struc­

ture. F o r a l l c o n v o l u t i o n s , the size o f features maps X 6 4 . T h i s generator struc­

ture is c a l l e d a super r e s o l u t i o n res idual n e t w o r k ( S R R e s N e t ) [ 2 ] 

2.3 EDSR 

A d v a n t a g e s o f this m e t h o d is c o n c l u d e d i n better v e r s i o n o f res idua l n e t w o r k 

w i t h o p t i m i z e d structure. 

H o w s h o w n o n F i g u r e 2.2 s i m p l e m o d i f i c a t i o n i n c o m p a r e d w i t h 

S R R e s N e t [ 2 ] is r e m o v i n g B a t c h N o r m a l i z a t i o n b l o c k s . T h i s s i m p l e m o d i f i ­

c a t i o n gives two advantages i m p r o v e s the p e r f o r m a n c e o f the a l g o r i t h m a n d 

save u p to 4 0 % m e m o r y d u r i n g t r a i n i n g process. 

A d v a n t a g e s d e s c r i b e d above a l l o w increase n u m b e r o f b l o c k s f r o m 16 i n 

S R R e s N e t [ 2 ] to 32 a n d n u m b e r o f feature channels f r o m 64 to 256 a n d for 

solve the p r o b l e m o f n u m e r i c a l i n s t a b i l i t y a r i s i n g f r o m a n increase i n the n u m ­

ber o f feature channels , d e s c r i b e d i n p a p e r wrote b y Szegedy et a l . [ i3] , was 

i n t r o d u c e d res idua l s c a l i n g w i t h factor 0.1 it means was a d d e d s c a l i n g b l o c k 

after every c o n v o l u t i o n a l b l o c k i n each res idual b l o c k . T h i s increase the per­

formance o f the m o d e l . 

The last t h i n g w h i c h i m p r o v e d p e r f o r m a n c e was start o f the t r a i n i n g pro­

cess o f m o d e l for X4 scale factor f r o m p r e t r a i n e d m o d e l parameters o f x 2 scale 

factor. 
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ReLU 
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A d d i t i o n 

F i g u r e 2 .2 : O n the left s h o w n res idua l b l o c k o f o r i g i n a l R e s N e t [ 4 ] , i n 

a m i d d l e s h o w n res idua l b l o c k o f S R R e s N e t [ 2 ] a n d o n the r ight s h o w n 

b u i l d i n g b l o c k o f E D S R [ g ] 
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2.4 ESRGAN 

E S R G A N [ i 4 ] p r o p o s e d i m p r o v e m e n t s o f n e t w o r k achieved b y S R G A N [ 2 ] 

a p p r o a c h . F r o m S R R e s N e t structure was r e m o v e d a l l b a t c h n o r m a l i z a t i o n 

b l o c k s . T h e features are n o r m a l i z e d b y m e a n a n d var iance i n the t r a i n i n g -

b a t c h , use ca lcu la ted meant o f v a r y i n g the va lue o f the w h o l e t r a i n data at 

the t ime o f l e a r n i n g , a n d use p r e d i c t e d m e a n a n d var iance o f the w h o l e tra in­

i n g database for test ing w i t h a n est imated m e a n a n d var iance o f a l l t r a i n i n g 

data before s tudy.Unpleasant artifacts a n d l i m i t the g e n e r a l i z a t i o n a b i l i t y are 

i n t r o d u c e d b y b a t c h n o r m a l i z a t i o n layers, as the data o f t r a i n i n g a n d test ing 

is different i n m a n y forms. A l s o r e m o v i n g b a t c h n o r m a l i z a t i o n layers increase 

g e n e r a l i z a t i o n a b i l i t y a n d decrease c o m p u t a t i o n a l c o m p l e x i t y a n d safe m e m ­

ory. 

S e c o n d t h i n g is r e p l a c i n g a l l basic b l o c k s w i t h R R D B blocks[5] it is s h o w n 

o n F i g u r e 1.2. T h i s i m p r o v e m e n t was m a d e g u i d e d the statement what more 

layers a n d connect ions always increase the p e r f o r m a n c e o f the network . 

T w o techniques also was u s e d for h e l p i n g to increase d e p t h o f m o d e l it was 

res idua l s c a l i n g [13] a n d i n i t i a l i z a t i o n o f t r a i n i n g w i t h l o w variance parameters. 

This two techniques also used i n E D S R a p p r o a c h ^ ] . 

G e n e r a t o r o f E S R G A N a l g o r i t h m realize structure w h i c h calls R R D B net­

w o r k , because it used res idua l i n res idua l dense b l o c k s as m a i n structure ele­

ment instead o f c o m m o n res idual b l o c k s . T h e i m p l e m e n t e d structure is as fol­

lows: T h e same as i n S R G A N i n p u t layer, then 23 R R D b l o c k s , the second 

c o n v o l u t i o n layer, after two consecutive u p - s c a l i n g b l o c k s a n d a n o u t p u t layer 

c o n t a i n i n g two c o n v o l u t i o n filters. T h e w h o l e architecture does n o t c o n t a i n 

B N layers. 
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3 Data sets 

F o r a v o i d f r o m c o m p a r i s o n inf luence o f different t r a i n i n g data a l l chosen algo­

r i t h m s was t r a i n e d o n the same data set. F o r this a i m was chosen D I V 2 K [ i ] data 

set w h i c h c o n t a i n 1000 different images i n 2k r e s o l u t i o n a n d suit for t r a i n i n g 

S R m o d e l s w i t h X4 u p sca l ing factor. 

F o r c a l c u l a t i o n n u m e r i c a l values w h i c h a l lows to c o m p a r e o f m o d e l s per­

formance n u m e r i c a l l y , was chosen three data-sets: 

• Sets 

• Test par t o f D I V 2 K 

• U r b a n i o o [ 6 ] 

3.1 DIV2K 

D I V 2 K is a n extremely p o p u l a r s ingle-image super r e s o l u t i o n data-set that has 

1,000 var ious image scenes a n d is sp l i t ted to 8 0 percent for t r a i n i n g , 10 percent 

for v a l i d a t i o n a n d 10 percent test. A t the N T I R E 2017 a n d N T I R E 2018 Super-

R e s o l u t i o n C h a l l e n g e s , it was co l lec ted for super r e s o l u t i o n tasks a n d i n order 

to encourage research o n image super-resolut ion w i t h m o r e realist ic degrada­

t i o n . A l o w r e s o l u t i o n image w i t h different types o f d e g r a d a t i o n is i n c l u d e d 

i n this data-set. A f t e r the s t a n d a r d b i c u b i c d o w n - s a m p l i n g , several types o f 

d e g r a d a t i o n are c o n s i d e r e d i n s y n t h e s i z i n g l o w r e s o l u t i o n images. L o w res­

o l u t i o n images u n d e r the most c o m f o r t a b l e sett ing o f X4 are suffering f r o m 

m o t i o n b l u r , P o i s s o n noise a n d p i x e l shi f t ing . T h e e x t e n d e d range o f degra­

d a t i o n u n d e r the w i l d X4 sett ing is further e x p a n d e d to be o f different levels 

f r o m image to image. 

D I V 2 K data-set p r o p o s e a lot types o f d i s t o r t e d images a n d h i g h variance 

types o f down-sca led images, b u t for c o m p a r i s o n m o d e l s i n s ingle image super 

r e s o l u t i o n was taken o n l y h i g h r e s o l u t i o n images, because every m o d e l have 

o w n m e t h o d for p r e p a r i n g t r a i n i n g data. 
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F i g u r e 3.1: E x a m p l e s o f t r a i n i n g images. D I V 2 K data-set 

3.2 Sets 
The Set5 data-set - is s m a l l data-set w h i c h c o n t a i n o n l y 5 images it is image 

o f baby, b i r d , butterfly, h e a d a n d w o m a n . T h i s test data set w i d e l y u s e d for 

tast ing i n m a n y papers d e s c r i b i n g super r e s o l u t i o n a l g o r i t h m s . 

F i g u r e 3.2: Set5 data-set 

3.3 Urbanioo 

The U r b a n i o o [ 6 ] data-set - is p o p u l a r data-set w h i c h contains 100 images o f 

u r b a n e n v i r o n m e n t . It means a lot o f repeatable strict patterns a n d s m a l l de-
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tails w h i c h c o u l d be lost after d o w n s a m p l i n g a n d it w i l l be h a r d to predic t or 

reconstruct it u s i n g a l g o r i t h m s . T h i s data-set c o u l d be h a r d task for c o m p a r e d 

a l g o r i t h m s . 

F i g u r e 3.3: E x a m p l e s o f images. U r b a n i o o data-set 
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4 Experiments 

C o n d u c t e d exper iments c o n c l u d e d i n t r a i n i n g chosen a l g o r i t h m s o n chosen 

t r a i n data-set for single image super s a m p l i n g w i t h upscale factor 4 a n d calcu­

l a t i n g n u m e r i c a l values such as p e a k s ignal to noise rat io ( P S N R ) a n d structure 

s i m i l a r i t y i n d e x ( S S I M ) u s i n g chosen test data sets w h i c h represent a lot var i ­

ance o f data. 

P S N R - is the peak signal-to-noise rat io that defines the rat io between the 

m a x i m u m poss ib le s ignal va lue a n d the noise p o w e r that distorts the s ignal 

values. P S N R is measured o n l o g a r i t h m i c scale i n decibels , since m a n y signals 

have w i d e d y n a m i c range. I n case o f image super s a m p l i n g P S N R great for 

e v a l u a t i o n the d i s t o r t i o n o f achieved images u s i n g a l g o r i t h m s . 

C a l c u l a t i o n o f P S N R have f o l l o w i n g f o r m u l a : 

MAXi - this is the m a x i m u m value taken b y an image p i x e l , i n o u r case a l l 

images i n 8 b i t R G B format it means that MAXi = 255. MSE there is m e a n 

square error m e n t i o n e d i n sect ion 2.2 a n d sect ion 2.1. It c o m p u t e s as: 

W h e r e mxn is size o f i n p u t s arrays a n d K(i,j) elements o f i n p u t s arrays, 

i n case o f images mxn is r e s o l u t i o n o f image a n d K(i,j) is a p i x e l s . 

S S I M - Structure s i m i l a r i t y i n d e x is percept ion-based m o d e l that recog­

nizes image d e g r a d a t i o n as an inherent change o f i n f o r m a t i o n , b u t also i n ­

corporates i m p o r t a n t p e r c e p t u a l p h e n o m e n a such as l u m i n a n c e m a s k i n g a n d 

contrast m a s k i n g terms. W i t h other techniques such as M S E o r P S N R , the dif­

ference w i t h other m e t h o d s is that this approaches are c a l c u l a t i n g a n absolute 

error. T h e s tructura l i n f o r m a t i o n is the statement that the p i x e l s the stronger 

the re la t ionships , the closer they are located . I n a d d i t i o n , this re lat ionships 

b r i n g i m p o r t a n t i n f o r m a t i o n a b o u t the object structures i n the v i s u a l mean­

i n g . I n o u r case, l u m i n a n c e m a s k i n g is a s i t u a t i o n o f image d is tor t ions m a y to 

4.1 PSNR and SSIM 

1 m—In—1 

MSE= — ?:j:\i{ij)-K{ij)\* 
" U b j = o 7 = 0 
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be less v i s i b l e o r not v i s i b l e i n regions w i t h h i g h b r i g h t e n s , a n d contrast mask­

i n g is the s i t u a t i o n o f image d i s r u p t i o n s m a y to be less v i s i b l e o r not v i s i b l e i n 

regions w i t h h i g h frequency i n f o r m a t i o n o r c o m p l i c a t e d textures. 

T h e general f o r m u l a has the f o r m : 

There fxx,fxy are o f m e a n i n p u t arrays i n o u r case images. N e x t ax,ay are 

variance o f i n p u t images a n d c i , c 2 are c o r r e c t i o n coefficients that we need 

due to the smallness o f the d e n o m i n a t o r w h i c h are ca lcu la ted as c i = (&4L) 2 , 

c 2 = {kzL)2, ki, k2 always equal 0.01 a n d 0.03 a c c o r d i n g l y a n d L is the d y n a m i c 

range i n o u r case is 255 for 8-bit R G B images. 

I n order to t r a i n the selected m o d e l s , several p l a t f o r m s were used that pro­

v i d e c o m p u t i n g p o w e r a n d a l l o w e x e c u t i n g p r o g r a m code w r i t t e n i n p y t h o n 

o n remote machines . T h e run-t ime e n v i r o n m e n t o n such p l a t f o r m s is accessed 

v i a a browser. G o o g l e c o l a b o r a t o r y w i t h a p r o s u b s c r i p t i o n a n d K a g g l e , w h i c h 

prov ides sufficient capacity i n free m o d e , were used as such p l a t f o r m s . A l s o , 

to t r a i n the a l g o r i t h m s , the author 's p e r s o n a l l a p t o p was u s e d to execute the 

p r o g r a m code o n w h i c h the J u p y t e r L a b I D E was used. 

G o o g l e c o l a b o r a t o r y is a p r o d u c t f r o m G o o g l e Research. It is a l lows any­

b o d y to wri te a n d execute arb i t rary p y t h o n code t h r o u g h the browser, a n d 

is especial ly w e l l sui ted to m a c h i n e l e a r n i n g , data analysis a n d e d u c a t i o n . 

W i t h s u b s c r i p t i o n P r o G o o g l e c o l a b o r a t o r y offers p o w e r s o f g r a p h i c c a r d such 

as Tesla p i o o o r Tesla t4, 16 gigabytes o f G P U memory , 4 cores o f C P U , a n d 

e x t e n d e d R A M space. It also offers near to 150 gigabytes o f H D D space a n d 

12 h o u r s o f s ingle e n v i r o n m e n t r u n , also poss ib le connect y o u r e n v i r o n m e n t to 

y o u r G o o g l e dr ive for data management . T h e disadvantages o f this p l a t f o r m 

are the i n a b i l i t y to m a n u a l l y conf igure the hardware c o n f i g u r a t i o n for the en­

v i r o n m e n t , the l i m i t a t i o n o n the one-time e x e c u t i o n t ime o f the e n v i r o n m e n t , 

as w e l l as i f the e x e c u t i o n o f the r u n n i n g a l g o r i t h m ends w h i l e y o u are not 

near the c o m p u t e r to save the result after a certain t ime, the e n v i r o n m e n t w i l l 

be t h r o w n a u t o m a t i c a l l y a n d the received data w i l l be deleted. A n o t h e r disad­

vantage is that each t ime the e n v i r o n m e n t is started, the a l g o r i t h m files need 

to be u p l o a d e d f r o m scratch, since the e n v i r o n m e n t is formatted every t ime it 

is restarted, b u t this disadvantage is so lved b y c o n n e c t i n g a G o o g l e dr ive a n d 

s t o r i n g i n f o r m a t i o n o n it . 

K a g g l e a l lows users to find a n d p u b l i s h data sets, e x p l o r e a n d b u i l d m o d ­

els i n a w e b based data science e n v i r o n m e n t , w o r k w i t h other data scientists 

a n d m a c h i n e l e a r n i n g engineers, a n d enter c o m p e t i t i o n s to solve data science 

chal lenges. K a g g l e p r o v i d e Tesla p i o o G P U w i t h 16 gigabytes o f memory , 2 

cores o f C U P , u p to 13 gigabytes o f R A M a n d 74 gigabytes o f H a r d dr ive . It 

{2[XX[Xy + Cl) (2<TXy + C2) 

4.2 Training procedure 
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have restr ic t ion for G P U usage 30 hours p e r week a n d 12 h o u r s for s ingle r u n . 

A l s o K a g g l e a l lows save data-sets a n d executable files to y o u r prof i le a n d it w i l l 

be a u t o m a t e d u p l o a d e d to the e n v i r o n m e n t w h e n it start. K a g g l e have same 

disadvantage as G o o g l e c o l a b o r a t o r y w i t h l o o s i n g y o u r results, b u t it is free 

as o p p o s e d to c o l a b o r a t o r y w h i c h cost 10 euro p e r m o n t h . 

The characterist ic o f authors c o m p u t e r are as fo l lows: 

• G P U : N V I D I A G e F o r c e R T X 3 0 6 0 ( laptop) 6 gigabytes m e m o r y 

• C P U : A M D R y z e n 5 5 6 0 0 H , 6 cores, 12 threads, 4,2 G H z b o o s t frequency 

• R A M : 16 gigabytes 

R u n n i n g a l g o r i t h m s o n o w n c o m p u t e r does not have the disadvantages o f 

the p l a t f o r m s d e s c r i b e d above, b u t due to the l i m i t e d a m o u n t o f G P U a n d 

R A M , most o f the selected a l g o r i t h m s cannot be r u n . 

I m p l e m e n t a t i o n s o f the selected m o d e l s o n the P y T o r c h f r a m e w o r k were 

selected to p e r f o r m the t r a i n i n g . A l s o chosen a l g o r i t h m s used f o l l o w i n g pack­

ages for tasks as creat ion data p i p e l i n e , p r e p a r a t i o n data-set, before t r a i n i n g , 

g e n e r a t i n g statistic a n d logs, d e m o n s t r a t i n g i n f o r m a t i o n w h i l e t r a i n i n g proce­

d u r e etc. 

• n u m p y 

• scikit- image 

• i m a g e i o 

• m a t p l o t l i b 

• t q d m 

• o p e n c v - p y t h o n 

• setuptools 

• t o r c h v i s i o n 

• natsort 

• sc ipy 

• p i l l o w 

• u r l l i b 3 
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4 . 2 . 1 VDSR training 
F o r t r a i n i n g V D S R [ 8 ] a l g o r i t h m f r o m 8 0 0 t r a i n i n g images o f D I V 2 K [ i ] data-

set was p r e p a r e d 13900 c r o p p e d h i g h r e s o l u t i o n images w i t h 256x256 resolu­

t i o n a n d same a m o u n t c o r r e s p o n d i n g l o w r e s o l u t i o n images w i t h scale factor 

4. A l s o f r o m 100 v a l i d a t i o n images o f same data-set was p r e p a r e d 1387 images 

i n same h i g h r e s o l u t i o n a n d c o r r e s p o n d i n g l o w r e s o l u t i o n images. 

T r a i n i n g parameters was sett ing u p as fo l lows: 

• Scale factor: 4 

• Image size: 256 

• B a t c h size: 16 

• O p t i m i z e r : S G D 

• L e a r n i n g rate: 0.1 

• M o m e n t u m : 0.9 

• M o d e l weight decay = 10~4 

• T o t a l t r a i n i n g epochs: 8 0 

M o r e a b o u t m o d e l stricture i n sect ion2. i . 

F o r t r a i n i n g was used K a g g l e , because for t r a i n i n g o n l a p t o p was not 

e n o u g h G P U memory. 

4 . 2 . 2 SRGAN and ESRGAN training 

T o t r a i n the S R G A N [ 2 ] a l g o r i t h m , 8 0 0 images f r o m the D I V 2 K [ i ] data-set 

were c o m p r e s s e d u s i n g b i c u b i c i n t e r p o l a t i o n to a r e s o l u t i o n o f 256x256 a n d 

used as h i g h - r e s o l u t i o n images, the same images were compressed b y the same 

m e t h o d to 4 times l o w e r r e s o l u t i o n a n d used as l o w - r e s o l u t i o n images. F o r 

v a l i d a t i o n was used Set5 data-set w i t h same p r e p a r i n g operat ions . A l s o , the 

f o l l o w i n g generator a n d d i s c r i m i n a t o r parameters were set for t r a i n i n g : 

• Scale factor: 4 

• Image size: 256 

• B a t c h size: 4 

• O p t i m i z e r : A D A M 

• L e a r n i n g rate: 0 . 0 0 0 2 

• Betas: h = 0.5, b2 = 0.999 

• T o t a l t r a i n i n g epochs: 2 0 0 
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This a l g o r i t h m was t r a i n e d u s i n g author's l a p t o p , because for this a l g o r i t h m 

was e n o u g h G P U m e m o r y a n d the t r a i n i n g process was faster w h e n o n c l o u d 

resources. 

F o r E S R G A N [ i 4 ] a l g o r i t h m t r a i n i n g p r o c e d u r e image p r e p a r a t i o n proce­

d u r e was the same. F o r v a l i d a t i o n d u r i n g t r a i n i n g process also u s e d Ser.5 data-

set. M o r e o f m o d e l a n d t r a i n i n g parameters was s i m i l a r to S R G A N t r a i n i n g 

instead o f n u m b e r o f res idua l b l o c k s for E S R G A N it was 23, for S R G A N it was 

16. 

E S R G A N requires m o r e G P U m e m o r y for t r a i n i n g , therefore for t r a i n i n g 

was u s e d K a g g l e . 

4.2.3 EDSR training 

T o o b t a i n the results o f the E D S R [ o , ] a l g o r i t h m , already t r a i n e d m o d e l s pre­

p a r e d b y the authors o f the a l g o r i t h m were used. T h e m o d e l s used were t r a i n e d 

o n the D I V 2 K [ i ] data-set. T w o t r a i n e d m o d e l s w i t h different parameters were 

used, w h i c h w i l l be g i v e n below. T h e differences are i n the d e p t h o f the m o d ­

els, n a m e l y i n the n u m b e r o f layers a n d channels i n the c o n v o l u t i o n filters, 

as w e l l as the use o f sca l ing to stabi l ize the t r a i n i n g o f the larger m o d e l . W h e n 

t r a i n i n g the m o d e l s , the f o l l o w i n g parameters were set: 

E D S R basel ine: 

• Scale factor: 4 

• R e s i d u a l b l o c k s : 16 

• Feature maps: 64 

• R e s i d u a l sca l ing: 1 

• B a t c h size: 16 

• O p t i m i z e r : A D A M 

• L e a r n i n g rate: 10~4 

• Betas: h = 0 . 9 , b2 = 0 .999 

• T o t a l t r a i n i n g epochs: 3 0 0 

E D S R : 

• Scale factor: 4 

• R e s i d u a l b l o c k s : 32 

• Feature maps: 256 

• R e s i d u a l sca l ing: 0.1 
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• B a t c h size: 16 

• O p t i m i z e r : A D A M 

• L e a r n i n g rate: 10~4 

• Betas: h = 0 . 9 , b2 = 0 .999 

• T o t a l t r a i n i n g epochs: 3 0 0 

4.3 Results and comparison 

This chapter w i l l present the results o f the c o n d u c t e d exper iments a n d tests. 

The selected m o d e l s were tested o n three test ing data-sets v a l i d a t i o n part o f 

D I V 2 K [ i ] one h u n d r e d images o f different subjects i n 2k r e s o l u t i o n , U r b a n 

i o o [ 6 ] data-set one h u n d r e d images o f the u r b a n e n v i r o n m e n t a n d Set5 five 

images i n a s m a l l r e s o l u t i o n o f var ious subjects. There are also examples o f 

upscale o f specific images f r o m the presented data-sets, as w e l l as one image i n 

h i g h r e s o l u t i o n . 

A l s o i n this chapter are the results a n d specific examples o f w o r k for three 

classical m e t h o d s o f i n c r e a s i n g image r e s o l u t i o n such as nearest-neighbor i n ­

t e r p o l a t i o n , b i l i n e a r i n t e r p o l a t i o n a n d b i c u b i c i n t e r p o l a t i o n . 

Table 4.1: P S N R a n d S S I M values o f selected a l g o r i t h m s 

D I V 2 K 

( P S N R / S S I M ) 

U r b a n 100 

( P S N R / S S I M ) 

Set5 

( P S N R / S S I M ) 

B i c u b i c 32.92/0.77 30.93/0.66 32.00/0.81 

B i l i n e a r 32.64/0.75 30.78/0.63 31.67/0.78 

Nearest 32.50/0.73 3 0 . 9 0 / 0 . 6 2 31.55/0.75 

E D S R 34.01/0.84 32.12/0.81 33.70/0.90 

E D S R - b a s e l i n e 33.86/0.84 31.91/0.79 33.50/0.89 

E S R G A N 28.77/0.66 28.61/0.60 28.71/0.68 

S R G A N 27.97/0.61 28 .08/0.59 28.29/0.69 

V D S R 33.65/0.82 31.72/0.76 33.48/0.88 

The table 4.1 shows the average values o f P S N R a n d S S I M for each selected 

a l g o r i t h m , as w e l l as for several c lassical m e t h o d s o f i n c r e a s i n g the image reso­

l u t i o n . T h e best result is h i g h l i g h t e d i n red , a n d the second best result is h i g h ­

l i g h t e d i n b l u e . 

A c c o r d i n g to the data f r o m the table 4.1 T h e best result i n terms o f P S N R 

a n d S S I M values is s h o w n b y the E D S R [ 9 ] a l g o r i t h m s , its less deep v e r s i o n 

a n d V D S R [ 8 ] . These a l g o r i t h m s are the d e v e l o p m e n t o f the same ideas a n d 

approaches to the des ign o f a n e u r a l n e t w o r k a n d s h o w a systematic g r o w t h 

o f results i n accordance w i t h the i m p l e m e n t e d i m p r o v e m e n t s o f a l g o r i t h m s . 

The f o l l o w i n g three a l g o r i t h m s are classical m e t h o d s o f i n c r e a s i n g r e s o l u t i o n . 
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C l a s s i c a l a l g o r i t h m s give h i g h P S N R a n d S S I M values, b u t f r o m a v i s u a l 

p o i n t o f view, the results relative to the rest o f the a l g o r i t h m s are the least 

impressive , as w i l l be discussed later. T h e last i n terms o f these i n d i c a t o r s are 

the S R G A N [ 2 ] A l g o r i t h m s a n d its i m p r o v e d v e r s i o n E S R G A N [ i 4 ] . A l t h o u g h 

these a l g o r i t h m s demonstrate l o w i n d i c a t o r s , the v i s u a l l y o b t a i n e d images are 

m o r e satisfying t h a n those o f c lassical a l g o r i t h m s , w h i c h w i l l also be discussed 

later. A c c o r d i n g to the authors , these two approaches are n o t a i m e d at h i g h 

P S N R a n d S S I M values, b u t rather focus m o r e o n the best representat ion o f 

images f r o m a v i s u a l p o i n t o f view. A l s o , the data o b t a i n e d m a y be worse t h a n 

the p o t e n t i a l l y poss ib le values for these a l g o r i t h m s due to the choice o f not the 

best i m p l e m e n t a t i o n . 
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(a) Image with resolution 5184x3456 

11 
(b) H R ( P S N R / S S I M ) (e) Bicubic (35.59/0.85) 

(c) Nearest (35.06/0.83) (f) S R G A N (27.93/0.70) (h) V D S R (35.92/0.86) 

^5 ^^52**̂ ^^^ ̂ ^̂ ^̂  
(d) Bilinear (35.38/0.84) (g) E S R G A N (29.15/0.74) (i) E D S R - b (36.06/0.87) 

3 1 



(a) Image 100 fro U r b a n 100 data-set 

(b) H R ( P S N R / S S I M ) (e) Bicubic (29.74/0.59) (h) V D S R (30.91/0.73) 

(c) Nearest (29.84/0.55) (f) S R G A N (28.11/0.61) (i) E D S R - b (30.71/0.74) 

(d) Bilinear (29.61/0.56) (g) E S R G A N (28.58/0.57) (j) E D S R (31.02/0.76) 
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(a) H R ( P S N R / S S I M ) (d) S R G A N (28.84/0.81) (g) V D S R (32.08/0.89) 



(a) Image 

(c) Nearest (3175/0.65) (f) S R G A N (27.41/0.50) (i) E D S R - b (32.90/0.92) 

(d) Bilinear (31.21/0.64) (g) E S R G A N (28.51/0.50) (j) E D S R (33-54/o. 9 4 ) 
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F o u r images w i t h different characteristics a n d scenes were selected for v i s u a l 

c o m p a r i s o n o f the result. The first image o f a n a n i m a l i n a very large o r i g i n a l 

r e s o l u t i o n , speci f ical ly 5184x3456. T h e image o f the a n i m a l is interest ing due 

to the c o m p l e x texture o f the fur o f a large v o l u m e w i t h s m a l l detai ls . A h i g h -

r e s o l u t i o n image was chosen to demonstrate the o p e r a t i o n o f a l g o r i t h m s i n the 

c o n d i t i o n o f u p s c a l i n g images i n a r e s o l u t i o n at w h i c h a sufficient n u m b e r o f 

s m a l l details are preserved a n d they are not lost d u r i n g c o m p r e s s i o n . T h e sec­

o n d image f r o m the U r b a n 100 dataset demonstrates w o r k i n g w i t h repeat ing 

s m a l l patterns. T h e t h i r d image is a p o p u l a r butterf ly f r o m the Set5 dataset that 

demonstrates the w o r k o f a l g o r i t h m s o n the w h o l e image i n an i n i t i a l l y smal l 

r e s o l u t i o n , as w e l l as this image makes it poss ib le to v i s u a l l y c o m p a r e the re­

sults w i t h other w o r k s , since it is often used to demonstrate the results. The 

f o u r t h image f r o m the D I V 2 K dataset demonstrates w o r k i n g i n d a r k l i g h t i n g , 

as w e l l as contains m a n y t h i n l ines o n w h i c h y o u can w e l l observe the mistakes 

o f the a l g o r i t h m s . 

C o n s i d e r i n g the results o f the a l g o r i t h m s for each selected image separately, 

as w i t h the general values f r o m the table, one can observe the d o m i n a n c e o f 

a l g o r i t h m s such as E D S R a n d V D S R . I n the case o f the first images i n very 

h i g h r e s o l u t i o n a l l a l g o r i t h m s s h o w a h i g h P S N R value , w i t h the e x c e p t i o n o f 

the S R G A N a n d E S R G A N a l g o r i t h m s , they are prevented f r o m g e t t i n g a h i g h 

P S N R value b y the presence o f artifacts that they c o n t r i b u t e to the image a n d 

the d i s t o r t i o n o f the image g a m u t that they c o n t r i b u t e w h e n w o r k i n g . Art i facts 

i n t r o d u c e d b y B N layers o f the S R G A N a l g o r i t h m are s h o w n i n F i g u r e . 

F i g u r e 4.5: E x a m p l e s o f B N layers artifacts o f S R G A N a l g o r i t h m 

Despi te the l o w P S N R values, the images o b t a i n e d b y these two a l g o r i t h m s 

l o o k m u c h clearer t h a n the images o b t a i n e d b y classical m e t h o d s o f increas­

i n g r e s o l u t i o n , a n d the i n t r o d u c e d artifacts at a h i g h e r r e s o l u t i o n are i n v i s i b l e . 

It is i m p o s s i b l e to observe the o p e r a t i o n o f a deeper v e r s i o n o f E D S R i n the 

first image due to the insufficient a m o u n t o f G P U m e m o r y at the author's dis­

p o s a l , to o b t a i n an image i n this r e s o l u t i o n w i t h the he lp o f a deeper v e r s i o n 

o f E D S R , m o r e t h a n 16 gigabytes o f G P U m e m o r y are needed. I n the image 

f r o m the U r b a n 100 data-set, y o u can see that w h e n the stars o n the f lag are 

compressed, they are not saved a n d n o a l g o r i t h m can p r e d i c t t h e m . I n a d a r k 

image, c o l o r d is tor t ions are s trongly v i s i b l e as a result o f the S R G A N a n d E S ­

R G A N a l g o r i t h m s . 

A l s o i n the last f igure, y o u can c lear ly demonstrate the i m p r o v e m e n t s 

achieved b y i n c r e a s i n g the d e p t h o f the n e t w o r k a n d the n u m b e r o f feature 

maps i n the E D S R a l g o r i t h m . T h e figures s h o w that w i t h an increase i n the 

n u m b e r o f features m a p s , even smal ler details cease to merge w i t h each other 
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a n d b e c o m e clearly d i s t i n g u i s h a b l e . It can be n o t i c e d that i n the image ob­

ta ined u s i n g a deeper v e r s i o n o f E D S R , smal ler sparks are d iscernib le . A l s o , i n 

the r ight part o f the image o n the w o o d e n b e a m , it c a n be seen that the texture 

o f the tree is c o m p l e t e l y s m o o t h e d i n the images o b t a i n e d u s i n g a l g o r i t h m s . 

F i g u r e 4.7: E D S R - b a s e l i n e image) 
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F i g u r e 4.8: E D S R image 



Conclusion 

S u m m i n g u p the c o m p a r i s o n , we can say that a c c o r d i n g to n u m e r i c a l estimates, 

the E D S R a n d V D S R a l g o r i t h m s have a clear advantage. T h e values o b t a i n e d 

b y these m e t h o d s general ly exceed the values o f the classical m e t h o d s o f i n ­

creasing the image r e s o l u t i o n . T h e results o f the E S R G A N [ i 4 ] a n d S R G A N [ 2 ] 
a l g o r i t h m s are the weakest due to the i n t r o d u c e d artifacts a n d changes i n the 

g a m m a o f the images. F r o m a v i s u a l p o i n t o f view, the images o b t a i n e d b y the 

S R G A N a n d E S R G A N a l g o r i t h m s have greater sharpness i n c o m p a r i s o n w i t h 

classical a l g o r i t h m s . I n most cases, images o b t a i n e d w i t h a deeper E D S R [ 9 ] 

m o d e l l o o k the most correct, b u t i n cases o f images w i t h large v o l u m e s o f h i g h -

frequency areas such as a n i m a l hair , images o b t a i n e d w i t h S R G A N a n d E S R ­

G A N l o o k sharper. T h e S R G A N a l g o r i t h m has a p r o b l e m w i t h artifacts intro­

d u c e d b y B N layers a n d s trong g a m m a d i s t o r t i o n , these p r o b l e m s are i m p r o v e d 

i n the E S R G A N a l g o r i t h m . C l a s s i c a l a l g o r i t h m s have the advantage that they 

d o not require a pre- tra ined m o d e l for their w o r k , b u t they require large c o m ­

p u t a t i o n a l costs to o b t a i n a specific image, as w e l l as the r e s u l t i n g images are 

always less clear t h a n the images o b t a i n e d u s i n g a l g o r i t h m s based o n n e u r a l 

networks . T h e reviewed a l g o r i t h m s a l l o w us to get very g o o d results b o t h f r o m 

the p o i n t o f v i e w o f n u m e r i c a l estimates a n d f r o m a v i s u a l p o i n t o f view, b u t 

the E D S R a l g o r i t h m that has d e m o n s t r a t e d the best results s trongly smoothes 

surface textures a n d does not restore the image details lost d u r i n g c o m p r e s s i o n 

w h e n s u p e r - s a m p l i n g l o w - r e s o l u t i o n images. 
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