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A Review of Single Image Super-resolution Based on Deep Learning

ZHANG Ning"? WANG Yong-Cheng! ZHANG Xin"? XU Dong-Dong"?

Abstract Super-resolution (SR) refers to an estimation of high resolution (HR) image from one or more low resolu-
tion (LR) observations of the same scene, usually employing digital image processing and machine learning tech-
niques. This technique can effectively improve image resolution without upgrading hardware devices. In recent
years, deep learning has developed rapidly in the image field, and it has brought promising prospects for single-im-
age super-resolution (SISR). This paper summarizes the research status and development tendency of the current
SISR methods based on deep learning. First, we introduce a series of networks characteristics for SISR, and analys-
is of these networks in the structure, input, loss function, scale factors and evaluation criterion are given. Then ac-
cording to the experimental results, we discuss the existing problems and solutions. Finally, the future development
and challenges of the SISR methods based on deep learning are presented.
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Fig.1 Taxonomy of SR techniques
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Fig.2 Taxonomy of SISR methods
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Fig.3  The network structure of SRCNN
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Table 1  Comparison of the above three models
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BN EAGEE BN 2, PRI R iE 5 = HHESL
I, Hoxd R8s BnT o« 2 550 sl, 78 17—
5 WAF. R BEAS W26 R T Ly Y EUE N 2k
PRI24.

AR, EDSR AR HE B T — i 5O 1 o 5 B
DL B B AR, FRON Geometric self-ensemble. FH
RSN LR B #EAT T LR AR e, e N 2] 99 2 v
SRS P, 0T L AT AH L 1 386 AR 6 By
B L RIHAT P IINE R AW E R XM SRR R
AR 28 MR B PR 22 2] mR o PR B
Z B FPBILSR OG SR, AT T B AL R

EDSR #AITE 2017 4 NTIRE & # 4 9%
HAY RGP ARG T i EREOR, L EAE
PR E R TR, O FE T — FlOBT () B0 1 5 TR S
R TR %

2.2.7 CARN #£#!

Bl & IR 22 ST R R, Ree e 7% Bl it 4T Ab 21
142 T N 25320 HEN NATTIRRZE. B e 3K HURE X6
U R E AR, RER B S B 3 B R N 45 A
B R PR B BRI S — AN KBTI IR N
DR ISR SIF R R RE, SAREE
MBI T M2 BB TT, 5 HEFRP 15 A LL
J2 MobileNet™ F$2H. 52 JE K&, B E I K5
) Ahn S50 3 TR SR E O R E A A

2158 CARN (Cascading residual network). CARN
LR [FI A 7E ResNet [0 4% B b #E4T itk fnl&l 13
B,

mxl s
A —CRB— #%: —CRB— % —CRB— # *,7764,% i th

SLNS # # mop B OB

13 CARN M HIAE

Fig.13  The network structure of CARN

PR B R R, HEB 2 U Z Bk CRB
(Cascading residual blocks), 3/H 1 x 1 AL}
FREHEAT AR, 49 CARN 1 CARN-M 7 # 52
M, Ja#AE CRB Rk &M, HE4 CRB &
HOL =, WS oT, Wb T S8, NIRRT
BEYMLEHA. CARN-M 8 5 CARN M 24
B 2R 1/5, HRHEM KR PSNR H 1L
b CARN BRI 0.26 ~ 0.68 dB 7247, i 5Ll
T A P 45 5 R B EE A RCR 22 TB] ARG 14
2.2.8 MSRN #&#!

2018 % ECCV (European conference on com-
puter vision) £, SR H AR IHTE K1) Li 560
$EH 7 MSRN (Multi-scale residual network) /%
R AR A DU AN R 1) R H —Fh
Z RERZ R MSRB (Multi-scale residual
block); 2) i#id R ESPCN % b {3838 1% K &
HETT VSR BUAS R TR A% i) A 1 . 8 AR A
& 14 P,

NI I

g ﬂ RTMSRB

AT AR L ERER

B 14 MSRN W& A7 &

Fig.14  The network structure of MSRN

WMAEBR AT —ESRERIUGHES, fiN—
%% MSRB ', £/~ MSRB 45 1iF i H1 f 458 1
1 x 1 BFUZRATRAE B 4E S5l G, SURRHIE I8 E 20
H LU T B4 E ). MSRB &M% K10, B2
T GoogLeNet™! #1[1] Inception Z5#4, MANF )&
FUZ R B SR BUAS ) R AE, I DK X SRR A il
wmE 15 fs.

MSRN B4 | HARAR Z B )| 2R ek 2
B/DSRA T 2 NGB, R E I SRR B i
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" o I LT3 T g
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g 555 #
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|
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15 MSRB 4:H T%R o m =L Sig%d %%T

Fig.15  The structure of multi-scale residual block

FE, RESHIBE M, 002 LIk S 2
SE SRR, BT L MSRN #E B4 7E Il Zhod AR A
K AMERTET, AL LR 0 2% 254 b b 4T T 25t
I 1< 1 BB S OUIE TE B R B E, ] DUORIIE %
Tobt ROBE R TBOR A% B B 3 i R A T R A2 e
IRV R e S TR R RBCR I Ly VE KL, IR S8
v B ORIE 7 BRI ZRAT LU B SO 45 5 (1 E A
45
229 RCAN &H

RCAN (Residual channel attention net-
works) m%l?jtj{%lﬂﬁ Zhang S FEH A — A

BT IWIEEZ ML P B8 B an ] 16
iy
RGZE#)
RCAB—RCAB--—~RCAB-Z&fl-D—
T BRI
RIRZE 1 &
NS N N H gy i
i %}‘PTRG RG“L RG—H e B~ 2
BRI HE

16 RCAN Mg A K]

Fig.16  The network structure of RCAN

B A FLIT 2 RIR (Residual in residual)
5K, RIR &Ml — RIILZERA (Residual
group, RG) #EE MR, RG 4544 X fid 1B Bk %=
Bt (Residual channel attention block, RCAB) #E
Bk, RIEFRN Residual in residual 5 #4).

Zhang FFEW R, 25 A M 2 ARG LR
B R T B 23 R A K STk AN [R], Rk
B AN TE R AR P o5 LG N 2 AN [, T R
H T IEEEREML CA(Channel attention), Wi 17
FoR.

HIANNHx W x C, &id— M2 Fifl (Glob-
al pooling) B Hep , I AYERE N 1 x 1 x C H
HA 4 RRFIER] 2, , B

17 RCAB 45ty
Fig.17  The structure of residual channel attention block
= Hgp(x xe(i 3
TR —— zl zl (D) O
i=1j

SRJE 254 i ReLU 1 Sigmoid B4 70H BT 145 8T,
T 75 380 5 AN T 18 2L A AN [ LU B FR il Tl R4 s, B

= f(Wyd (Wpz)) (4)
Ei):ﬂﬁﬁi?%ﬁ'ﬁﬁﬁbiﬁuj\ﬁ 3E A7 38 3 T N A
Te, 19 B4 LM IE ML F FIRHIE.

TEIEEEMLE] CA J&— i T IR E ST iE
PERHT 7k, X — B AR AT DR AN [F) /0 77 VRS2 B,
AT DA FH 22 VR 2 ST 3R AT B Ak 3 1 A 40
f, B BRI TR S B AN
2.2.10

ResNet 1746 H Al 73 35 R 28 I 45 GR 0% 1) 22 1)
FURFRIPRHEE 2 fEEME B EE TN
Ha B R, R, 7 B R 23 % %6 3 R A
B, TR ZEEW T AT MR E NS R
MR H R EBR. 55 2.2 WG T 9 FLIRZEM L%
DR ST P BRI ] R 2R R P B AR X e
REAEI S, RAOFHH T HRZEME R AIFLE S
CRENHT A, SRS T MR ERROR ke, 3 2
Wﬁaj)\l@%*i I 2% 2 50 1K e AL ‘ﬁmaﬁu
JTBOR R T aX 8 5 TH 25 T Ik S AR (1) %of Lk i &
FHEE 2 7T LA H Bl B (] (R4S, R 1 e ok
bk &, M  HAEE S B LR BUR IR B AR R
JR4h LR BE, b TG R RS R, WK S
BOR NN, P2 S5 I8 0 K Mk [RII 452K BR 2
IR Lo VORI A A Ly Y550, A Ly 18R
RN E A 5 RTINS, FINRF S AR
FHAEY; PEMFaFRA R B PSNR 5 SSIME,
JEH R ECCVI18 & W AR H B M J5 I U 4T
o328, I VPAN 43 SRR TR B E AL R AT VA
2.3 ETHERITIMELER SR {25

SRGAN 1%#!
2014 4, Goodfellow Z¢*2 $2 1 1 A B L

INGE

23.1
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Table 2 Comparison of the nine models based on ResNet
e EPNEIE W) 2% EPNZE RIEELD BRI
VDSR ILR 20 L, {64 PSNR, SSIM 2,3, 4
DRCN ILR 16 (Recursions) L, {a% PSNR, SSIM 2,3,4
DRRN ILR 52 L, {54 PSNR, SSIM,IFC 2,3, 4
RED ILR 30 L, 783 PSNR, SSIM 2,3,4
LapSRN LR 27 Charbonnier PSNR, SSIM, IFC 2,4,8
EDSR LR 32 (Blocks) L, {54 PSNR, SSIM 2,3, 4
CARN LR 32 Ly 64 PSNR, SSIM, 432855 2,34
MSRN LR 8 (Blocks) Ly 5% PSNR, SSIM, 425k H 2,3,4,8
RCAN LR 20 (Blocks) Ly u%g PSNR, SSIM, 432854 2,3,4,8
% (Generative adversarial network, GAN), Iveg = —— WXH Z Z 6 (1)~ 6(Gop, (I'V) (5

GAN F32 H 2 B A BRI R I 3. 3
Wt P P 2 R AT &, P 25K T e i (5
SRR PR B LW G s 0 R KR, LR
T M T AT A REOR, B, GAN KR it
PGB 70 2 SR BORIR Bt T —Fh S .

Twitter [f] Ledig 55" K A= s LR 26 51 A K
G PR E UK, R T SRGAN (Generat-
ive adversarial network for image super-resolu-
tion) WL, 2T A0 455 A B AR 5 1 70l 45 19 S F
7y, AEE 18F1 K 19 P,

B0
MeE @A
BeRERE
WA % 3 § 2 % s
RB—RB— - —RB— 5
BERE] ™ v *Dﬁ d | L
18 SRGAN P45 A A
Fig.18 The generator of SRGAN
SR
3 . 3 B EL
WA G B 8 QR E
B R B2 2 MmeEe E S ER
3 E 8 #®T BT Eg

Bl 19 SRGAN 2 i) 5l 4%
Fig.19  The discriminator of SRGAN

A A LABR 25 I 2 g Bk A B 1k AR o 4T Y
&N Grmiine, AR RRER AT T W ZR. Tl g A2
@B, B R R VGG #ik, B
FH A B AR T P BARRAIE R 5 TR 46 v 23 2 A
(PRFE R IA 2 B) R K R BE 25 5 X, RpY

1=1 j=1

Ho, W HABF RS, ¢() 8 VGG 3L Gy,
NS TN GRaE A5, K B B S N 250 48
SRIG IR, A2 s s A 265 1) 45 22 5 )11 5.
XA N

N
Leen = — »_ logDy,, (G, (I'7)) (6)
i=1
Horp, Dy, NERE, N RRFGRSE AWML
Eﬁ#mé’%z O VGG 5 IR a5 R IURL, B
L= LVGG + 10_BLGcn (7)

[FI), SRGAN FAYHRH T —Fh E WP 4845,
A FONT AT I 2 (1) B i) 4 SR AE VR Fe b PSNR E
FEEA AT R A . PSNR EH 237 iR ZE 50,
fH2 SRGAN Wik REUR R TR %E, A&
XUl gefa, EAE AP ENRE, fF5 A8
PSE AN, R, SRGAN AL T 3 WATAN 5
Fr MOS (Mean opinion score). it 26 A7 PEAT &
X AN 5 9] 28 A5 70 B A 1) 45 SR BEAT AT 20 VP AN, 20 B0
1 2] 5 AR BB, %M MOS 72 H iP5 vF
SRS AR E 1. &k EMIEY, SRGAN
S 7 AR ER AR, X —45 5K B, PSNR Al
SSIM PR ITPEA 48 roxt T~ UG 5t & 1 v B — g
() JRIBR 1, PG 43 7 28 B A 25 SR AN R IR AR T 1K
PTLFE AR 2Tt (H 2 E VAN 75 ZVEFERE A
1M 77, W G EMUB AR, HREAR

1A AR BN SEAT VR, PR B o = VR 1)
FRARIE I 1R K B 52 23 [a).
2.3.2 SRFeat 158!

SRFeat (Single image super-resolution with
feature discrimination) »& Park &5 $ t (1) — Kk
AR ORI 45 1 R 1 R R B AR R 1%
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W28 B AZ O RGN T —ANFRAE A, AUE E A FEar 2 2%, RN TR 0 A o H 2 UG Ot

I R 5 s o R R AT X P2, IR B
(PIREE 5 1 2 FE R B R P REAE R AT XS B2, SR-
Feat # 5 SRGAN A g5 My AL, {52 SRFeat
PRI A 2 P I T 1 x 1 B8, X $2 2
FIRFAEREAT T RlE SR, S5 tnE 20 B,

(=)
3
o~
BE -f;-é%f—
3 3
TR =
WA % - B E B
g g RETRE T*B BE OB Ee
Ix 158 He
1x 145

1x 145

& 20 SRFeat Mg #iAIE|

Fig.20 The network structure of SRFeat

SRFeat 1574 1) A= Bl 28 [F)FE 75 22 04T TN 25,
e A28 5 SRGAN R (1) ) i) 2% 45 ¥ 41 [,
BHAPA—IMETHREE, S—NMETEHHEE,
32K R B AL FE T 0 A P 25 (1) B 2, 3k L dE
FEAEXS B 2k 5 B R X piai ok

A SR e I 24 B A S 1) PR O R A AR 2 Ak
IS S, AR TRATTEEZRA T, Bk, 87T
fEE A B R AT Re 5 s af v o R ] 420, SR-
Feat 15730 ik 78RR AR 3000 N A 1) 35 4 15 8 0 B %
(VRFAIE R ] R 5 5 20 5 U R AE AR F) ) X 34
W AR R B4 5 B, 8 s A AN B g
TEPRA A A LRI 2K, SRFeat B4 1) E A4
459 5 SRGAN A L5 in 48,

2.3.3 W GAN #&#!

UL T T UK Bulat 258090 $2 14 A F AN
GAN W 2 SRt AT N 73 7 2 B0 0 11 o) 245 A5 Y
R — 1 HAAR R F - N BB 40 e FE A
(1), AEL B 1 B AR AT DA™ 380 I Ath 1) G HE 7 %
FERYN T, Bulat 2509 $8 1, 24T HE H 1 B B
B 5y R EE M VR TR BERE S A R K
R, FOMR o e UG 0 2 T BV T AN
KAFESRE . (H 2 SR B I FE R B o i

A7 U 030 0 e DASRHR BEAR AR S A ROR . BRI, AR
SE e ST R B B 2, F AT BB ) R
AR EAR. 2 E RMA A GAN MZ2]
w1 2 HE R B R B SO R PR R R, LA
AR 7 R R, AR JE R A IR R B S
JFUR i 70 A B, AU S350 GAN 4%
BEAT R HEAS FE AL X £ S5 AL A 21.

LR
e s
i R |

HE a1 57
Qm%kj éR

,,,,,,,,,,,,,,,,

F 535 2
]

21 W GAN P4

Fig.21  The network structure of Double-GAN

V151 73 FE R AR G e 75 )5 i\ High-to-low
1) GAN WA plias, 5o PREEG (ARES
N R G R A P2k, PRI AE A
WX 8% 27 2] i B I RO 7 % 256 S AR e A AR
PR G 5 N B Low-to-high ) GAN 2% 4 ik
e, 5 G S R R T P 2545 2 E
B,

T 280 TL S B A 1 B o O AR A D RGOk 40 7%
REMB T — 5, BEtE K SIG 7t 5 S &5 &,
P i UG 73 26 EE M 1) SE B B AME. B SEEE
1) & Joi 3t Rt mT DAA g IR T 1) FH 2B Rt it X 4% i34 T
= 20 TAR] A 2 X 26 2 51 S BR3R B 20 #8256 B
AR AR PUGURE 73923 B A A ) EEHE 5 ) i —
2.3.4 NG

R P R R E A ) 5 — b R R T )
S T A5 BB SR, T AR RSO BT 245 Be 8% ai ik
XEPUIZR = A2 B B4R 113 8, DR s o B G 0kE 23
2 T () EE LR AR Y (R H T AR OGB4
PIASFR e T, 30 7 B AR AR dEAT P 4. 3K 3
XFEE 2.3 T A2E 1 3 b Y 4% A5 0 M Bign N BERIG SS 7R
DX 28 S 401 0% BR B AN HB B8 DA S TBOR PR 13X 28

® 3 FETAR IR 3 AT L
Table 3  Comparison of the three models based on GAN
o 245 ALY EIPANEEE 4 2 H R R TN TR AR LONES R
SRGAN LR 16 (Blocks) VGG PSNR, SSIM, MOS 2,3, 4
SRFeat LR 16 (Blocks) VGG PSNR, SSIM, 7323 % 2,3, 4
MGAN LR 16 (Blocks) Ly 164k PSNR 2,3,4
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D7 AT T S ERT L.

FE T A KT B X 4% 118 A e AR 7R 85 DA 2 oK) 4%
R, A AL AF I sk R B8 & i R 46
B E Y, R GAN 2% B % 77 AR TS AR
R s gt 545 5., (H 2 BE & 4075 /938, 13
PSNR, SSIM 1E AV R R 32 2] T Bk, SRGAN
RGN T EMVEAN B FR MOS, {52 4 i i & =
FIA S B A AT A FEE 5. i 5] N E R PE
M, ¥ AN AT Al B0 S R
LRI — A BRI, PN VTN R G2 P AP AT
AT IR 77
2.4 ETHMMELEML SR 1

2.4.1 SRDenseNet &%

SRDenseNet (Super-resolution using dense
skip connections) & Tong %" 7 DenseNet [1J%
fitlh b N Bk R B 4 i B I 28 A 8. DenseNet 5
ResNet A ], B2 8 i ) 45 — = (ARFAE 78 43 F) FH >k
SRR A 288 IR IS A R 2K /4B X1 I /. SRDeenseNet
A4 DenseNet ASEE 78 43 F FHEFE, M T Bk
BREH DAL 2 BT B S 2287, 4%
HHEFZS 4~ DB (Dense block), &> DB &% 4
B, R MA T BRI [F]AhE AR
N AR TR DB F4RHIE. Frf R iEdi <= 5
PR BRI NI Dk s BV 2K /4B HE 1) R, 220k
1 x 1 BT RR4E, IR B ER.

WEAE R 5%%%

R | AERIR e
WN B8 pp bp o pplow oy B
LN FR R

AR 1

& 22 SRDenseNet [ 2% 4574 ]

Fig.22  The network structure of SRDenseNet

SRDenseNet A& & Pl DenseNet J3EAt, A
TBRERIER:, B EYE T 69 MLEZEH 68 A4
WG E, UARIR I N 28 b 47 R A HE B, SR T 84y
FOEER ARV E N
2.4.2 MemNet &5

MemNet (Memory network) & F 5 # T K%
1) Tai &7 32 B BOET 0T R 20 8 o P R B 55
K& 5 B ) 28 A I AR . MemNet K 7742 5
T NEIE VAW 25 b | {15 5052 BE B REAE A ACE
o N EIJEFA ) MB (Memory block) H1. % 4% 45
I E 23 FioR.

ﬁAJﬁﬁﬁ%a o Hiﬂ%%mm
(% FLHY MB MB MB i B

K 23 MemNet &K

Fig.23  The network structure of MemNet

Bl 23, RS MB R & 5k 22 ORI ] 42 L,
B 72 B R F ) 2 AT 12 58 T T I REE LS
145 B0 M Y B2 T T P A 1242 B T AT 4 T BT
FRAE, AT AT 1842 (Short memory) FlHK I
1812 (Long memory), FIHFRA MemNet. [ 1455
TSI N BERENS A% 1 2 BT I RAAEAS B T T 1
BRI, SRERE TR B % /K 0 il L
2.4.3 RDN fR&!

FHZRIER =N Zhang SFU - H T — M4 E
DenseNet fl ResNet [ 2515 RDN (Residual
dense network). RDN M2 25 M) 78 0 A T &
PR Y 28 BRI 73 JERRAIE, B0 5 4 AMEEEL, 235l R
WEFFEIREL. RDB (Residual dense blocks). DFF
(Dense feature fusion) PA K FRFFREEL. 4% 4 )
el 24577

Kl 24 RDN £ [
Fig.24  The network structure of RDN

Kl 24 1 RDB BE S5/ a1 25 o, P
AT T ZEER, FELHEBE 1< 1 ERELUT
JR AR AE Al A, BN RDB A4 A2 050 P8 58 1)
Ja S Rl A R AR, IR ERCET— > RDB [ ; A
RDB 2[4 B Bt 5 1 « 1 BRI T &5
REAIEfil-& 5 RFAE B A3 40 K ESPCON B8 1) Jil i
1§ & B RN

=\ B2\ 2
o o o .
’ H e 2 A B g

Kl 25 RDB 4[]
Fig.25  The structure of residual dense block

RDN 5 SRDenseNet, MemNet #5754 7 [ B4
FRALI &4, (H R NAFFEAN R 2 &b, 3% 4 XI5 RDN
B GE R AR ACL R X 28 134T 1 X L.
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F4 3 PSR L MemNet A7 SR JZ 9 2% 5 T B A4 I (] 25 0.01 s,
Table 4 Comparison of the three models 4 FF 25y MemNet #7%[1) 1000 %

S S VEL ST U REAE £ ERp e 9.4.5 DBPN #&#!
SRResNet  RB x ¥k iRL R . . ks T ,
o . ) - FHRB LB ) Haris %50 fR17SFCR 0
7y () AT 25 ) 44 K TR -
SRDenscNet DB DBZIi] PiHDB2 A Bl AR NI E AR L DBPN (Deep back
MemNet  MB MBI % - projection networks) #& 2018 4 NTIRE K& 7
RDN  RDB RDB# RDBMHFAFIARDBLE I R AR TR . SIBARIRE AR,

& 4 &1, RDN BEAIBEUR L T SRRes-
Net #2785 SRDenseNet 8 i Ab, N — &t
77 ek, AR T R A RICR.
2.4.4 IDN i&&!)

7 22 LT R R 220 Hui S50 5B 4
W2 T B RKS AT AF s [ AR T —Fh IDN
(Information distillation network) %Y. 2% f 7
3 AN, FHIEFEHGH 7> FBlock (Feature extraction
block), ¥ & {5 EHEHGHE 4> DBlock (Information
distillation block) F1E 757> RBlock (Reconstruction
block). &5kt 26 B,

Il i s Wi
""“ ’l""@"
L FBlock RBlocd

K 26 IDN Mg A K]

SIS R
DBlockl
DBlock

&G
-

The network structure of IDN

Fig.26

TFAME BB 2 DBlock £ 25 34 58 B4 51 Fl
Y5 HL T, WhSR BT I g5 27 AR,

7ﬁ 1-1/,
s
C

&/

B 27 DBlock Z5H&
The structure of information distillation blocks

Fig.27

Bl 27 W S RoBRFEST 4 (Slice), C RIRFF
FEZR . K U T N IR AE SR HUHE 1/s LI IK 2
s, R (1 — 1/s) kSN B 5 1 1 g
T B4 B 0 R SR TR 46 BT I R 46 Th Rk
1 x 1 BRI,

IDN BEASE i1 % DBlock H ()3 ZRFE#ET IR
B3 5 R Z R AE I8 B3 5 (5 BRI H 1, Al
AN B A R B ok, oA 1 x 1 B
BIHESE, 178 TE81T WA AT R E. %A IDN A
AL 4 4 DBlock, {HARVIZREE BT DRRN AL,

BIEARBL R AT A2 1 AR 23 7 2 G T 2 AT
IHIE (Feature maps). 54 WK 28 Frok.

A :
- ., s
a2 T
.?‘ 4
i 3a_pa g Eiie B ...
e e g My By g o ‘
1 i 1 1 I iy i |
H 0 0T H

28 DBPN 2% k54 [

Fig.28 The network structure of DBPN

Ftz OB LB AT B, A
g e 29 A& 30 s,

- bR
[Li*‘Hﬁa@%EHﬂ wr et pen e

[H1]

K29 LERSERITEY

Fig.29  The structure of up-projection unit

TR R ~

L [ = —
— B %%%H}ﬂ(?e—/-{ BB ieg—w]

[1|1’]

K 30 TR HITLN

Fig.30  The structure of down-projection unit

1E E R ITH, BN PR BAHE L1
230 FoRFEAR B = oy PR ERRHE B, PR A
TRRFE, 5 L RiRE, B ERFEE S 3R
EGASE R R SH 05 J A, B85 7t T#H
MHEIGFEE. ¥ L TR RO BHE, BT
TR, I BERE BB A B ot
HOERER S T E 3 s R, T e I
H.

DBPN 281 S IEAQ S #5522 0 AR, ad it ot
FRAERIASBIEAR, $EEL T BE I 4n (5 B T H 0,
JEAR I FE (5 25 P 24 RE 5 T F M SZ R IE LD AR, 06
AR HER EUR 2 M B G R, 7Ex 2 x4 BL R x8
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R A 25 B+ 1A H B8/ T 2017 4
7@ % EDSR #%.
24.6 IhE

B 5 PR AT 7% b R it X 4 RS TR PR 2 Y, B
P o B R A VA EAS TN Bk, B
2.4 FiFEA AT 5 FhIE AN [E] W0 245 45 140 1) P 1
) R E R AR AR K oA £ A TR A N A% A
28 JZH BURREL VPN FRBR TBOR IR ¥ 77 S5 T 1R 6
P IL# 5. A, RDN #8454 7 SRDenseNet 5
MemNet #5571 (14 i 5 DA sdcidt ) B 7 R
FIRR; TDN FE 8 W 4 540 S50 /D IRk JE
P RESREG S AR B AR A0 DBPN AR 7Y
I IR ST x 8 R E A, HLE IR
=/

3 DW5R4E
3.1 RS54
H 2014 4 SRONN A2 H Dok, &id 55

JUAF, J5 TR 2 >0 1 R ] 8 2 % 23 A 7 V%
EIRE, B RAMBUS R, AXNHT %
Tolt 32 - o4 5 B o 28 I 45 B 22 9 265 | A X 47 Y
2455 DA At o) 255 55 ) 25 A58 250 Sy SR il g 22 11 B T
B PR EA B R 6 ~ 9 BT IR L 4%
#55 7R 7E FE fE I K 2 Set5. Set14. BSD100.
Urban100 LA A Mangal09 E [ x2. x3. x4F1x8 fiX
KK EASE R PSNR/SSIM {f. # b R4 %
T AE OB 25 A AL ) PSNR /SSIM fH, K Rix gk
RS A ORI B GH Y, A& A H PSNR/SSIM #
ITVPAT. RIS, R 2t A 78 FE AR AR Bt )
TR P2 L. B R R PSNR,/SSIM B 5 i 1 45
R ERR. R 104 H T A HBIIFTA R
U f R0 2% LT, B ARUME SR W0 2% S5 M Wt A, FEXT
AR 4 R FH (0 SR 567 & B 2Rt (8] 64T 10
B DS 3 6 ~ 10 AT, B AR R LR R 2%
figf e B ] 4 e e A ) RIUERAS T R B (1) B A
45 5% ESPCN #5441 188 8 # HF 51 8% X FSRCNN (1)

£ 5 FETIHAMMEEE 5 RS L

Table 5 Comparison of the five models based on other networks
) £ A LIPNESE I 45 J2 5 EAP AR ERIEELD LONESER
SRDenseNet LR 8 (Blocks) Ly J5%4 PSNR, SSIM 4
MemNet ILR 80 Ly J844 PSNR, SSIM 2,3,4
RDN LR 20 (Blocks) L 763 PSNR, SSIM 2,3, 4
IDN LR 4 (Blocks) L, 763 PSNR, SSIM, IFC 2,3,4
DBPN LR 2/4/6 (Units) L, 763 PSNR, SSIM 2,4,8

F6  BAMBEAILE Set5. Set14d. BSD100. Urban100 H! Mangal09 MiR4E I x2 58 E ML R (Hhi: dB/-)
Table 6 Quantitative results of the SR models on Set5, Set14, BSD100, Urban100 and Mangal09 with
scale factor x2 (Unit: dB/-)

JURREE WA Set5 (PSNR/SSIM) Set14 (PSNR/SSIM) BSD100 (PSNR/SSIM) Urbanl00 (PSNR/SSIM) Mangal09 (PSNR/SSIM)

SRCNN 33.66,/0.9542 32.45/0.9067 31.36,/0.8879 29.50,/0.8946 35.60,/0.9663
FSRONN™  37.05/0.9560 32.66,/0.9090 31.53/0.8920 29.88,/0.9020 36.67/0.9694
ESPCN® 37.00,/0.9559 32.75,/0.9098 31.51,/0.8939 29.87/0.9065 36.21/0.9694
VDSR 37.53/0.9588 33.03/0.9124 31.90,/0.8960 30.76,/0.9140 37.22/0.9729
DRCN® 37.63/0.9588 33.04/0.9118 31.85/0.8942 30.75/0.9133 37.63/0.9723
DRRNF 37.74/0.9591 33.23/0.9136 32.05,/0.8973 31.23/0.9188 37.60,/0.9736
X2 RED!! 37.66/0.9599 32.94/0.9144 31.99/0.8974 - -
LapSRNI  37.52/0.9590 33.08/0.9130 31.08,/0.8950 30.41/0.9100 37.27/0.9855
EDSR™ 38.11,/0.9602 33.92/0.9195 32.32/0.9013 32.93/0.9351 39.10/0.9773
CARN-MM  37.53/0.9583 33.26/0.9141 31.92/0.8960 30.83/0.9233 -
MSRN®! 38.08,/0.9605 33.74/0.9170 32.23/0.9013 32.22/0.9326 38.82/0.9868
RCAN 38.33/0.9617 34.23/0.9225 32.46/0.9031 33.54/0.9399 39.61,0.9788
MemNet“!  37.78/0.9597 33.28/0.9142 32.08,/0.8978 31.31/0.9195 37.72/0.9740
RDN* 38.24/0.9614 34.01/0.9212 32.34/0.9017 32.89/0.9353 39.18,/0.9780
IDN' 37.83/0.9600 33.30/0.9148 32.08,/0.8985 31.27/0.9196 -
DBPN® 38.09/0.9600 33.85/0.9190 32.27/0.9000 32.55/0.9324 38.89/0.9775
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Table 7 Quantitative results of the SR models on Set5, Set14, BSD100, Urban100 and Mangal09 with

scale factor x3 (Unit: dB/-)

TR MZHR Set5 (PSNR/SSIM)

Set14 (PSNR/SSIM) BSD100 (PSNR/SSIM)

Urban100 (PSNR/SSIM)

Mangal09 (PSNR/SSIM)

SRCNNF 32.75/0.9090 29.30/0.8215
FSRCNN®  33.18/0.9140 29.37/0.8240
ESPCN® 33.02/0.9135 29.49/0.8271
VDSR 33.68/0.9201 29.86,0.8312
DRCN® 33.85/0.9215 29.89/0.8317
DRRN# 34.03/0.9244 29.96,0.8349
x3 RED™ 33.82/0.9230 29.61/0.8341
EDSR 34.65/0.9280 30.52/0.8462
CARN-M"  33.99/0.9236 30.08/0.8367
MSRN 34.38/0.9262 30.34/0.8395
RCAN 34.85/0.9305 30.76,0.8494
MemNet!  34.09/0.9248 30.00/0.8350
RDN' 34.71/0.9296 30.57/0.8468
IDN'™! 34.11/0.9253 29.99/0.8354

28.41/0.7863
28.53/0.7910
28.50/0.7937
28.83/0.7966
28.81/0.7954
28.95/0.8004
28.93/0.7994
29.25/0.8093
28.91/0.8000
29.08/0.8041
29.39/0.8122
28.96/0.8001
29.26/0.8093
28.95/0.8031

26.24/0.7989
26.43/0.8080
26.41,/0.8161
27.15/0.8315
27.16/0.8311
27.53/0.8378
28.80/0.8653
26.86,/0.8263
28.08/0.5554
29.31/0.8736
27.56,/0.8376
28.80,/0.8653
27.42/0.8359

30.48/0.9117
31.10/0.9210
30.79/0.9181
32.01/0.9310
32.31/0.9328
32.42/0.9359

34.17/0.9476
33.44/0.9427
34.76/0.9513
32.51/0.9369
34.13/0.9484

8 BAMLKEAILE Set5. Setl4d. BSD100. Urbanl00 F1 Mangal09 Jlit4E b x4 {3 ¥ s #h) 45

(¥fiz: dB/-)

Table 8 Quantitative results of the SR models on Set5, Set14, BSD100, Urban100 and Mangal09 with

scale factor x4 (Unit: dB/-)

BONRE IR

Set5 (PSNR/SSIM) Set14 (PSNR/SSIM) BSD100 (PSNR/SSIM) Urban100 (PSNR/SSIM) Mangal09 (PSNR/SSIM)

SRCNN/! 30.48,/0.8628 27.50/0.7513
FSRCNN™! 30.72/0.8660 27.61/0.7550
ESPCN# 30.66,/0.8646 27.71/0.7562
VDSR™! 31.35/0.8830 28.02/0.7680
DRCN# 31.56,/0.8810 28.15/0.7627
DRRN 31.68,/0.8888 28.21/0.7721
RED? 31.51/0.8869 27.86/0.7718
LapSRN# 31.54/0.8850 28.19/0.7720
x4 EDSR™ 32.46/0.8968 28.80,/0.7876
CARN-M#! 31.92/0.8903 28.42/0.7762
MSRN# 32.07/0.8903 28.60/0.7751
RCAN# 32.73/0.9013 28.98,0.7910
SRDenseNet™  32.02/0.8934 28.50,/0.7782
MemNet* 31.74/0.8893 29.26/0.7723
RDN® 32.47/0.8990 28.81/0.7871
IDNH 31.82/0.8930 28.25/0.7730
DBPN# 32.47/0.8980 28.82/0.7860

26.90/0.7101
26.98/0.7150
26.98/0.7124
27.29/0.7251
27.24/0.7150
27.38/0.7284
27.40/0.7290
27.32/0.7270
27.71/0.7420
27.44/0.7304
27.52/0.7273
27.85/0.7455
27.53/0.7337
27.40/0.7281
27.72/0.7419
27.41/0.7297
27.72/0.7400

24.52/0.7221
24.62/0.7280
24.60/0.7360
25.18/0.7540
25.15/0.7530
25.44/0.7638
25.27/0.7560
26.64/0.8033
25.63,/0.7688
26.04/0.7896
27.10,/0.8142
26.05,/0.7819
25.50/0.7630
26.61/0.8028
25.41/0.7632
26.38,/0.7946

27.58,/0.8555
27.90/0.8610
27.70,/0.8560
28.83,/0.8870
28.98/0.8816
29.19/0.8914
29.09,/0.8900
31.02/0.9148
30.17/0.9034
31.65/0.9208
29.42/0.8942
31.00/0.9151

30.91/0.9137

fife A5 AR SR R 0% S B R AE I 4 1Y) S J o B A B
T 932 A 286 455 38 (1) )1 S 0 e, 9 P4l 1 1)
G R B E AR RS 2, N ResNet
DenseNet W 2515 B AT DUINIR N 45, 7843 24 21 J U
Ko HeZe BHE BRRAE, R R SR A I8 VA S B &7 38
SERE FRIER G 2 SR 1 A ML 5 ) 2 45
FBevt, AR R SV 2K /R Tl i i Ok 1 $ Y

Eifkih, Hem T EMASCR, U2 ECCVS i1
RCAN B HUAS (1) B A RO R br 46 R A T, 7890 1t
7 EiEEEA L I 250 RDN, IDN, MemNet
DALz DBPN #5284 ) 43 53 SR FH IR B 5 2] S IR 43
R UG R AE SR A S AL 35, DUIA 31386 5% 51 f4 3R
HE M. S, g E A A R R E R kT
2 P o1 T S IR B A ST IR T T RE S 7 o A
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Table 9  Quantitative results of the SR models on Set5, Set14, BSD100, Urban100 and Mangal09 with

scale factor x8 (Unit: dB/-)

LONNERIEES

B

Sets (PSNR/SSIM)

Set14 (PSNR/SSIM)

BSD100 (PSNR/SSIM)

Urban100 (PSNR/SSIM)

Mangal09 (PSNR/SSIM)

LapSRNFT  26.14/0.7380 24.44/0.6230 24.54/0.5860 21.81/0.5810 23.39/0.7350
x8  MSRN® 26.59/0.7254 24.88/0.5961 24.70/0.5410 22.37/0.5977 24.28/0.7517
RCAN™I 27.47/0.7913 25.40/0.6553 25.05/0.6077 23.22/0.6524 25.58/0.8092
DBPNF 27.12/0.7840 25.13/0.6480 24.88/0.6010 22.73/0.6312 25.14/0.7987
X 10 BEAPEHER PSRN, BIAES., Mgt SRRF & RS T Al A S
Table 10  Summary of the SR models in network basics, frameworks, network design, platform and training/testing time
G o) 4% B ik EALHE L LA BT SR & W5/ 7]
SRCNNP CNN TR 24t CNN 44 CPU -
FSRCNN® CNN JEAEE (RER) TR i7 CPU 0.4 s (M)
ESPCNP! CNN  JEHfifE (LEHERER) WAL AR K2 GPU 4.7 ms (WK)
VDSR™ ResNet SiEGHES BRZES], FE RIS Y Titan Z GPU 4 h (VIZR)
DRCN® ResNet TG ALY, BRERE R Titan X GPU 6 d (J45)
DRRN® ResNet TfiE AR, RS Titan X GPU x 2 4d/0.25 s
RED! ResNet BRI TRBR- B, BRIKIE R Titan X GPU 3.17 s (k)
LapSRN™ ResNet BB HEE G PR, AR Rl E Titan X GPU 0.02 s (i)
EDSR® ResNet  Jafflifd (LB ZEEM) % BN JZ, Self-ensemble Titan X GPU 8 d (%)
CARN ResNet  JEffifH (WAAEER) BIAGER, RS, S HBER - -
MSRN# ResNet  Jafiifti (LB HRER) % RUSRHIERRIL, 7725 2] Titan Xp GPU -
RCANI ResNet  Jafflifti (LEHRER) TVALER, TR ST, JEIEE AL Titan Xp GPU -
SRGAN™I GAN JEiEE (PR FERER) A RS TR 25 Telsa M40 GPU -
SRFeat" GAN  Jafiif (LB HREH REERI T, G 8 Titan Xp GPU -
WGAN® GAN - P GAN 09 2 g R e Jf 5 440 P 5 [l 2% - -
SRDenseNet* A SRR (5 AR, PRI Titan X GPU 36.8 ms (MX)
MemNet!"” HoAth SUEGTEES icfz e, BRERER: Telsa P40 GPU 5d/0.85 s
RDN'™ HAt JEHiE (RER) WG, REF] Titan Xp GPU 1d (%)
IDNM) Fofth JEHE (FETR) ZEIBHLE Titan X GPU 1d (%R)
DBPN®! Hitr ARG b R Titan X GPU 4 d (%)

FH EAG A T3] B A 2R P AN ) J8) AR 2 T [ S 3 A5
S, AR B RORAR T AR IR 2 20 O vk, AR
6, IFHIEE B4 Mangal09 3345 F <2 53
) PSNR {HiX %] 7 39.61 dB (F 0 #FRE A 40
dB); M3 10, fEFHEMEE -, — HMEIZR5: 2]
SeS, AL — IR Fr (R B R i AT AA B 4.7 ms

AR A SC 4 L (17 7 P 4 ) D) 5% AR 1) A
SO, T EE TR B ST 1 A By ) R ELA
T3 R e A LT YA T T

1) EREFHIEMIBR. H3E 6~ 9 AT, DIk
M4 (ResNet) A RCAN 5 Y B A5 1) 25 A4 2
S dpefE; L DABR 22 X 45 Sy H At (1368 43 1% 2R 2 fA A Y
X2, i DL Tl I A0 B2 B 5 A 3 1) S R A s
WG, WA RS E A ROR. B, R E RO TS

T, S T ARFAE A $RE I A 3 | o P8 MY 1 SR e i3k AT
WF A, DABR 72 I 285 4 Sl 37 1R 7 ) 1 o6 E A A Y L
H—E AT .

2) B3R FE BRI, AR (GAN)
R X U= AT EE B A, X
N R P R R R A BRI T, B 310 XL
= #E1E . EnhanceNetl? f#l SRGAN f Al &
SRFeat B H MR, FTLUEH, J5 = # E40 1 5
T AR BB R, BB R, BT
SRFeat #5784 oy A H1) 51 28 73 1) £ 5ORRAE 2 8] 5 P
G2 18], A2 R B R M SE RO B A oAb, AR
X7 X 265 P68 4 3% 25 B A A ) B A L 1) PG el 2
PEU R AR PSNR A SSIM f & H A& #, SRGAN
P 7 —Fh B WVEA R AR MOS, H 2 %48 b 77 2



2494

=2 46 %

sl § 3
(a) = IKAHME (b) EnhanceNet
(a) Bicubic (b) EnhanceNet
Kl 31

Fig.31

KEMLNNABAT O, HVPOr 45 R BATIR 92 1
LW, XTI S E A B R BEAT VA BAT
FOES, AT EM S E I 456 AT, BT LU
HAM VAT FEAR AT, B A I 22 0 2 A S L
Wik 4.

3) ERBEAI LS. BEH FHLR A TR
TR v, P P 0 A A X 2% R
FEIE SR GF (0 FA S5 R0 RN A i e B R 5. (ELAE
BEE M2 2 o>, EAIR B R TR, KBl
5 1] PR 148 2 B BTy 7B 70 % 4 A R 2% £ 57— Fo
RT3 1] IDN BER 1 S i Il g 0 A 19 2% 25 4 LA
T A IR TR 1 320 45t A AT ]
HEHBR T EREULSHE AR AR, B1iZ

Zlj (e

%ﬂl

Heow to Do

Everything

with

(c) SRGAN

(¢) SRGAN (d) SRFeat

LT LE BN BT 2% x 4 TR A0 SR P 20 PR B A 2 1
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Fig.32  Trade-off between performance vs. number of operations and parameters on Set14 x4 dataset
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Table 11  Summary of evaluation metrics
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