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Survey on Single Image Super-resolution Reconstruction Based on Deep Learning

XING Su-Xiao, CHEN lJin-Ling, LI Xi-Chao, CHEN Tong
(Nanjing Fiberhome Tiandi Communication Technology Co. Ltd., Nanjing 210019, China)

Abstract: Image super-resolution reconstruction is an important technique to improve image quality. Thanks to the
successful application and rapid development of deep learning in the field of computer vision, significant improvement in
single image super-resolution (SISR) reconstruction has been achieved. In response, this study explores SISR
reconstruction methods based on deep learning in depth. Relevant background knowledge such'as 1ber‘ichmark data sets,
performance evaluation indexes, and the loss function used in this field are outlined. Then, the latest algorithms for SISR
reconstruction techniques with supervised and unsupervised learning are discusged respectively, and the differences and
similarities among different models as well as their advantages and disadvantages are compared. Finally, the existing
problems in this field are summarized, and future trends are proposed.’
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XA B SISR T3t AT 702K, I Heh AR R 5
HHAT .

2.1 ETWEIEAR

MR 9 2% Ve 1 1) 22 Sk, P DUARLARE D9 286 50 vkl A
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2 N1l VOB AL G (W R i g B 5 10 5 TR BE 2 ST M 46
B, PEH T I TR R R e 0 IO 246 110 i 3] o B S ASER
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rative adversarial network, GAN)™** Fj T~ SISR 4k, Jf
£ MOS EERILH 7 5Ly P RE. BE 5, K& DAL o s
HUNIREN I 3E T GAN ) SR J7ik a2 Hi, 11 Wang
2 NP9 3@ 5t 7 ESRGAN w5 N 420k 25 8t (residual-
in-residual dense block, RRDB) >k # = % 4% 1 4 fiE ;
Soh £ NP7 T (AR 4 ) 48 %1 T NatSR, {73
HE ARG B s E’ﬂ]&fiﬂ\@bﬂ E AR 4075
15 5 Wang 25 N1 IS T 45 4E i 2 18] 45 2R 2 1
T SFTGAN, W% VP8l (% () 6030 (3 4 52 S A 41
HAE T ELSE0 HR E(%; Ma 2 A RIUEET ik
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TR T 4B 1 SPSR M 4%, 1% )71 Be A 2t I
15 25 K 8 160 [ B 3 RE 08 A 1l =F & R IR LR 5 S T
AR LR BUE A S A0S B 2 (B ¢ &, Lugmayr
2 NPV BT AR B T RE I TR PR N
14 I A% 43 AT 1K) SRFlow, 1% /7 1 BE W 1R 288 40 7%
RIS A I A 2 A G, B &) AR G
TR & BT AaT AL E) GAN 77k REMA
1 LU SN A BR B Y STSR 77 vE FEBf R 6 A 2R T+ B4
RIS, (HRTI S BB T ARSI S,
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R AR A TR A B 1 22 S, T DA 4R AE 22 2 1 1A
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221  TiE X EREEMLE

T X _E KA 4 (predefined up-sampling network)
10 S B 38 5 2 R A% G2 () 4B B2 S N T LR BB
R B BA H AR RSP BB HR B, 8 )5 1580 3R B2
LR 4% (deep convolutional neural network, DCNN)
BEATHRAESE AN, (45 M2 B8 A 3% 2] LR E{E 5] HR &
A8 1) B 380 g E e M Bl 0% R, AT S I SR EHE I =
. Dong % NP S e F Tl s X oRAF ) SR HEZE 42
7 SRCNN, 5 XH A CNN S8 1 ey ot &2 1 E R AR
Wil 2 pos, 7R T LR BME E W 2] HR &
BRI AE, FEAR T 5 T IRHMEE, [R] IR 1 fi S BAT: 2 48 T
BRI T Y b A Gt B RUBE SRS A B JiTkS 40 1) B 2 AR

SCHK [53,54] 723 b 3 I HE 2 9 SE At X 25 S

WA 257 THT AT o, o 4 TP 2 S SISR
R 91 35219 BT, (B, 080 B AL FL % b

A Eﬁim*if%?‘ﬁA%’a‘?“/{ @1%?&5!%5"%5’]";%;” AN
i ﬁﬂﬁiﬁk%i&ﬁrﬁ%ﬁm? T 4
) 52 2% L B R

s8] LR, 75

IO 2% FRT IR 1) A2 4% JBE A 2 e T Al AE Y

2 TE L RFERZE

222 HREREEMZE

FLIRERAEM %% (single up-sampling network) ET& X

FEARYE =[] SEHLHE o )T SO A, &EH%EWXT%)\
1 LR KB EEATH *T)i‘ﬂ‘éﬁ}ﬁ(ﬂ'lﬁ?ﬁmﬂi %'Jﬁﬁ DCNN

BEAT R AESEHL, 3—’5@1;]%’%9’3)4 i A FH T S 1) g 2 > )

FREE (B REBRZEE RGN W EL U 5
(1 EUGEAT UK, H M2 8- an & 3 B, %7k e
?&?E%‘%E’Jél‘m%%ﬁez HARET 1l SR M

BB R R PR AER 10X 245 Py ik [ R 2 [ Rl A, R, 2 i
%#I‘J%E’Jﬁﬁrﬁwﬁ, R RERIUZ . ERAEZ
2 o] G SRR B A, SCHR [56,60,61] BT ik TG
TR, HE, A H LR 5 HR ER 2
)52 2= A AR LR PE MG DG &R, T LN 2% gk AT 7 —30
SRR, XRG4 1) ) %r” [ B At S5 s
~Aﬁ“ﬁﬁzl¥%ﬁﬁﬁuné}‘f~/%ﬂ SR HEAL, FTLAJE
/%@ME%%EEAZ\TGL SR f

g i

B3 BRI S

W IE B R I 2%
Tk RPN 2% (progressive up-sampling network)
) P 7 8 8 45 - DX 8% E T I R R A AN R R
FE1 SR K&, Wil 4 FoR. ZM 4%t CNN 127 Bk,
BN LR BEAER— A FRFER B 2 g 31—
AT RPN HR B, X R0 ERAE B p) R A8
{4119 44 LA M 6 B REAIERE AR LapSRNEY,
MS-LapSRN' FI#fiHER SR (ProSR)[63] WHCKH 11X
PP £ S A6, 19 TR Y SR 4% B AR 1
%E\ProSRfﬂ%ﬂ’]%fhiﬁﬁlﬁﬂé’i?i?i( 2
ik fi ok TR b SRR X 2 AT DL AR U 22 R RS 1Y
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