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Abstract: Image super-resolution reconstruction technology has always been a hot research direction in the field of
computer vision. To improve the quality of reconstructed images, this study propeses an upsamfiiing technology based on
content awareness for image reconstruction. The residual dense network is used as'the backbone network, and the content
awareness-based upsampling replaces the traditional sub-pixel con\‘lolution upsampling. In other words, in the stage of
feature reconstruction, the convolution kernel will not share parameters in the entire feature map, but the neural network
can generate a specific convolution Kernel depending on the content of the feature map in each pixel. The algorithm
reduces the number of parameters, th::reby speeding up the network training speed. After multiple rounds of training and
testing, the results show 'that tHe improved technology can yield a clearer reconstructed image and presents a great visual effect.

Key words: neural networks; image super-resolution; content awareness; residual dense network

1 515 FRPGI AZHAR S H A8 B A R 1 5 vk AR 2
P8R 70 R R BOR — el 73 P, — i {17 AT B T AR P B o A AT KAy
A 2 KR HER R G K 7 e AR, 55— X L F) e HE R R %07 1% H TN T2 R 12

Tl A2 AR SR AT S A B KA 0 9% 5 R AR BRI s 7 9 5, ALY, TR G RN, B2 ) 4.

© HEWH: BT R 7 2 G EBH (2019H6013)
WCAR IR [8]: 2021-05-28; AELUIN []: 2021-07-01; I 8] 2021-07-09; csa FE £k Hi It [8]: 2022-01-24

220 #HAHARH 1 Software TechniquesAlgorithm

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/8386.html
http://www.c-s-a.org.cn/1003-3254/8386.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.008386
http://www.c-s-a.org.cn

20224F #5314 53

http://www.c-s-a.org.cn

i H AR SN A

9T 3SR AF 0 R FIRLITR B, JT4R K, K% 1)
ATTFAE A R AN B R,

FERKE e, B ATRECAT DAY 3 26 T T A,
ST AR T ). TR 77 0 R, i
S AR 05 1 9 49 9 PR A ey 13 4R 22, 32
T SRR A 0 5 5T TR R P AR
IR, DR B SR A 0 65 R R B
T B A5 1, S0 R A B KRN B
K236 (ILSVRC) % L3612 75, 45 T A 2 4
TR 5 R AR KR S T NN LA e
FEGERRIURIZE R 71, NI 2 K AR 2 T
L 00 5 W T AT 5 1, R 4 2 T
18T FR IR . 4 F0 I TV 2 > [ A
BRI RN KBTI 4049 BT 7 1 — bl PSNR,
SSIM 5 VP RR LA AL Ay b LB, T LA Beki i T 28
MEEAFIAS ., 2 5307 fu1 SRCNN HER i £ 3 10 9 .
53— LA R oKy H A, TR PR 56 B
F 47, LL SRGAN [250) JofR. T ) 77 o 0 545
T I 452 F 4545t .

ot B 4 W TR AT 25, RHAE I 0 1 SRR
{0 T B 06 52 28 0 T, R IR SR R T
SN BRI . R, A ST A
R EAR IR, TR R R A
T 12 R P B G o (AR 2 7 2 P, O L
S E PR 38 L SR BB, 00 SRR
TNV 7 5 EH IR T FR BRI,

2 MRIAE
21 EFREZFINEGBYBREARIVK

AN 20 0 25 BB AR (R O, ] 2014 4F
SRONN® {5 2 W 22 TR A 2 ol 4 P £ 29
B b, OV B I L 2 AR, 5 KA
VR 5 M SRR 10 R AR B T JE B 40HT  I 4 45
a4y, SUE R T 3 AN BUR A ML T R
S 4 ORI AE 26775 , 5 1 1 3 2 e I 0 J5 A4 1
G P A T, T LR 28 T LA 3 2 ST o
OBt fE T I 2 (0 B A R 1t b, SEUR FR A f 8
IR, DA 7 AR I 2 2 A4 B 4T L B
S it A A B AR 169 R <, Dong 25 A HE T B
HE 5 2 W 4% FSRCNNU, 78 ) 45 2 i A e 5 47
(deconvolution) RJBCK EUR R T, X AT LLEE M 45 B

2V 25 JEL0A 106 4 0 2 B T R 7 AT A4 R
[0 B 90 4% 7 LA 36 S L 2 4 0, SR S
(R B RUR, BT LLSTELR I b SR RE (S F T4t el
TR BB BE 0 Sk SeBL R RSP IOR 9, B2
B ) 7 2 R T L o 0 P 2 2 B 1, Y
P 50 B0 T 1. He 25 A7E 2016 4F 42 Hi Tk 2 W %
ResNet!!"|, 5 2 te T 10046 J2 O BT, 420754 Bl B F 314
AT L 0 25 1, 4 P 283 PR 1) 152 J2, k25 2%
1 N BLLE L B 32 O H R ARG B VDSR!?
KRRk 22 5 4 7 ) B IGNE 26 Y, — 26006 1 4
% T A P TR T 20 2, (54 $RIUE A f
TR, (AN o T L B2 4, b T B8, Kok
R 00 4% (S S5 B . 54 % DenseNet!'™ SR Fi B ik
S P2 S 0 R N B T 2 W TS 2 M e, 2% ]
BRI AN [R5 BUR (A2 B, 2R3 K, SRDenseNet™
Y TSR 26 S FITE B A R B b S FTE R R (0
EAIE 4 TS B SR, 6P 1x 1 9B AR SR A
MO, IR R HE IR, 2018 4E4R ) RDNUS) ik 25445
F RV B 3 AT 45 £, 112 7 I 2 T MR 0 7 A Bk
ZE % He RDB (residual dense block), #& H T B % 7k 22
[ 28 55 0, 7853 TR 26 R 45 A J2 FORR GE, 12 0 2%
T S B, 7 R ORI BT S S PR 14
T A T4 Y B8 T PR, 40 2 AL BN
B T AT 5 R0, B 1R P R 2 % 22 0 8 0
P2 RCANU'T Fid: & ML k28 73 0 2% SRRAM!M®),
o 245 T L 1 S AR R 1 R, 743 ) S
VEUR, %t T BAAR AL R 52k o H AR B 24, B AT AR L
PSNR T34 26 2 i 10 S 1, T 4 26 2 U 10 PSR 0K
S RAGCE AN, BN A AZA K. SRGAND
B UK O BN % GANUVHTE T 84 Wi ok g
ATSS b, HAR R B HE N AR (content loss)
YUK (adversarial loss), ) F A i 9 48 048 51) 9 4%
R 2K 4R ST 1 PR A P LSRG, R
PR 42 5 74 LS P R U083 4 ) 2, T S 0 %
S SRATDUMESS b, 5 2 55T 2R 10 ESRGANRY, 4
SRGAN A= i W £ H1 1) RB A5t #2/i T RRDB (residual
in residual dense block), R 4 T IH—E, itk T
7 2%k i, 45 0 SR SRR S 1 R
2.2 ERHEFAR

(1) FEME %

G THRLI L R AR — R 45 R AR

Software TechniquesAlgorithm #EH AR5 221

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F #5314 3

1B, WU M A B A = AT E. il AR E A2 T8 ) Y o
FHARAL B BR &= ORI EA BB R, S5 H
fih A7 BAR R TR, M7 v B AR B R, (AR i 2
WL AT AE TR FHAH QB 4 AME 3R A Sl m) gk AT 2R M4
18, PR A AT R, ROR O R L. W=
AT E TR T 2RI HFTEAE 16 AN RAFE SUINALTE3Y
2B, RIS — ANt AT 3 UKAERAE, X5 — AN bt
7 3 URAEAA. 77 VR A1, (0 i I ROR A
X B bF

() HEBH

e BAARC o M BUREAT b 0, PR
RAFH L MR BBORST MR, A4 W 2% m] DL
BRI S, B AESHEE] T Z N H.

B JEXFh T VAR 25 5 S BUE AR A 3l IR s ES,

AT 5 504 BB SR, 58 L

(3) WA FBH g 9"

VAR 36 10 SR ARSI U 4 (0 5 2 S 1 3K
BRI FRUE, 285 44 M0 o B9 T 6 5
e R IR, T AR 5 BT DA S 4 R AL,
[RLHE 9 46 T AR FH 5 2 1 SO Bk S5 BB 1L
A1 AR TAR R AT B, B T4 R R 519
Hy, ZESRHLI AR IS0 AT f £ U ILOR R LR, B3
S TR 4

3 BT AR AN ERAEROR M 2%
3.1 BFMBLEH
X T T 2%, BRATIE Y 5k 22 o B R B HE B 1) A

WA G, IF LIZAEHY B R U6 UEFATT Y Y 2K |

HI& SRR 7 EE A RCHE . P 1 L3540 RDN 2119
{5 35 245 0 7 P 22 9 0 o il AT B2 0
P 5 58 e T, I BRI B 0 77 24 R
S5y SR OB 0 0 1 s, AT (38 T 02
A B RIVR R AR 2. b SRRE TR I 2 A P T
SRR, R AT LU B, 1 T A BUSA SRR AL,
10 {25 4 A 1) RDB UL A T3R5 3
SEGE. 451 RDB MR I AV 754 F—4 RDB #ie
RN, T L 0 425 SR 0 0 4 1 S 047
AERR S, AEE | R85 W 5 RDB 5 5 th 45 U2
1 ReLU W03 R %20 Fi, RDB #1512 M ResNet !
il DenseNet 1) 2 2 HE th 10, I16 552 R0 R I
B L, 51 RDB BUJURE #H — EH

222 WA AR H 1 Software TechniquesAlgorithm

JEAR A TIER, TR EREA AR KT, it
LTS M T A R HRHIE S SR B KA. 485 2
FRAE Rl A — A7 2, BT T IR R 48 i o B
RA L, fw e (B R 32 R R 5 2 3 12 R A
INSEBLID, XA 22 27 31 T LA B ff ok 5 FEE 31 2k 1] et
IRTE R T e

RDB

K1 ARSCRZEE5H A RDB AR K

32 ETHARRBRAKLRER

AT RGBSR T, R R E R Y
Ho— b, Bk, ZEAR SO, BA AR F FA0E 15 3 3 3
SRR T P 2 A0 TR J ok T R PR, AR
o 4R 1 T A TR 2 SR 2R SRR R
R AR, P LSRR 4 S
o5, Y BN LKy, 4 0 H R e
MR W E BB, BRI R %, (T
1x I UK 45 IRRAE FREIE € [R4RA C', FCH 102
Wb TR SRR, K TS RO R R B B T (5 R
BURHEATRF A BT 4600 505, BP0 B L Softmax
B2 S BT 17— 1. R84 5 R B
FPARIIRO W, Jedt € Hy W 4y BIFCRIBIE AL, ¥
MBI 5 0158, )B4 I B B R RS HxoW
Forfik, AREREAME H HIHEE BB, I
RS B IR 55 0 R R HG TRy, 1
S AT AR A4 (B 40 TE VR E PRI R B4 2
TR, BAIEATY JR 5 ARV REAE P, 4805 A — B850
GRS ISR E M5 BRSO B8 ki X Ko
HOK AN, JeR, ELEL AS R OB B bty 48U
A0 Y BT B 72 MR RR R, FOR N 2
PR, AR ) 0330 38 A AR 8, 3R
{177 BAFAS B 17 75 (8 2L 14094 B4 111 RDN {0
AT A BRI LSRR LR,
3.3 KEH

T2 9 26 T, 450 2K B 2 B R o I 2

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 531

http://www.c-s-a.org.cn

i H AR SN A

HEMEGS T BB E R ER, 5B
JEE T i S AN B 32 ARSI R Ul /I bR i R MM, 4 95
SR AEL T SR 158 B 4] 4% S ) PR 1) SR B 3 T
AEE. W WEHUR RBCA L1, L2 5. A SCR K L1
5% bR BOAE B )= T DR AR K B B Y H AR R B
WA UL A ORI

C H _
PIPI LT (1)
=1 j

=1 k=1

1
Lipss = =

CHW

1

Hrp, H, W, C oy IR BB . S8 FEMLETE S

c = )
Sub-pixel | 2 ~
H@»b conv layer -._Soflmax—pii " |
C 14 o K
H I -
i sl
S| - K
oW .

i
B2 B PR LR B R R

4 SEESISE SR
4.1 EERMRETNEN

PG 70 1% = 1K) S SR D VR A 48 A 7E A 4k Y
JE ' FU&{E{5 ¥ L (peak signal-to-noise ratio, PSNR) £l
ZERJFIPAE (structural similarity, SSIM) SRR, EARHE
e L RO T R A R B N Rk R R e AR
PSNR 1 SSIM f){ELR 75 8 e A

(1) PSNR

B JTREE SR 8558 — D KA mx ) Ji b B |

1B K AIEE 5 s o IR 1, WIS J5 %% MSE :
1 m—1n-1

D 2 G =K, pIP 0
mn -

i=0 j=

MSE =

FIF MSE 13 30815 e b e SO

2 n_
PSNR = IOlg(%) = 201g( jle) 3)

Forr, MAX NI el RE B KB R AE, ISR AME R AR
I 8 L il sk, A4 FAE k2 2°-1=255. — ik
Ui, WHRAR R B HIEH B AREBR, A MAX =
2B _ 1. PSNR [FJHA7 52 dB, AR O Ui B 2% Bk /b, 8
BERGT. T PSNR VTN bs o AN AR UL 21 1)

Sz BR EUE ML AR [, S 50T A 1% PSNR EARK,
EL 5 ART A M ARE 20 7R .

(2) SSIM

SSIM MFEFE 1. X oo FIGEHY s = A4 2 46
I PR FO AL AT 45 2 BB,

SSIM(X,Y) =I(X,Y)-c(X,Y)- s(X,Y) )

SSIM B AR 36 BB 2 [0, 17, HCME 8K 1 B B g ]
Fr A E AL R R e T RS — B ek, sk
e, AT S0t B A7 4 AN 4 B A
(19 SSIM, $5% 5 BUT- S 1 1y s e ML i . 15 2
(%55 N e, WAL MSSIM Jy:

N
1
MSSIM(X,Y) = — Z SSIM(xi,yr) ®)
N k=1

42 BRERI)IZEIE

PLTE (4 2 W 28 1 i+ o AR B 45, 7E AR S,
1%E4% DIV2K AE AT ZR 25 4. DIV2K Hf 46
1000 5k m BT E EME, Hod 800 sk1ENUIZREE,
100 5RAENRAELE, 1005K M AMRAE. BUGHMES—
FRCASE F RROGT (4038 4 FHAR 2 RGOk VI 5 45 . 76 I 255
T 2 T = A A AR AR o R, PRI R
BUEAE i NIE N 2 AT U 25, TR ZRad F2 Hh, i
KAEHY BIBE R 2 15, 3 50 4 £, BAEEAFBOR
FEECR, M2 PERER L. \ \

RS, F 1145 MRS e B4R Sets, Set14, B100,
Urban100 iﬁﬁiﬁ!ﬁ@ﬁ. <7 RDN (2% [{JC &, 41> RDB
B B3 N B AUE, A BLSR I 10 Hh i
916, BAVIETERE ML S 10 /> RDB Kbk, B 7
WA 48 A 3 (14 35 B 2 AN A4S RDB BB A 5 48 FH A2 11
BRI, AR R IERIZSE M 3x3 /NG

XK 29 47E Windows 10 4 24 F1 PyTorch
HEZE b 58 . A 9 464& 1080Ti GPU #E4T )%, 723l
Gt FE e, AL E KN 16, NN KN A
32 (1 BEG B, fa F BE L I 7K ST A0 3 DRI ok 34T B
78, AT AR I ZRB0E B, 4R v I 2 A (72 K R
71, FEM % 1 A vy, AT Adam Ak 2% K TE B 244,
SRR E N0, HRSHRFE BN, 7284
FE R, A0 — VRIE ) A 47 R0 2 1) 5 B 5 A — Uil 2ot
T, BAT—FLIEARINZR T 200 K.

43 RS
i it 5 X = Ve 7 SRCNN PRI RDN ) i3

Software TechniquesAlgorithm X FFi A 572 223

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20224F #5314 3

1T AL L8, SRIGUEBRATT VAR RE R L. % 1
BIRT 4 FpIPELEA RO ECT (il g R, £
& PSNR 1 SSIM WHE I, FATTHs €48 25 7] N RGB 35
N Yereb 38, SR A AE Y SBIE HHH TR WE 1
Al LA B, 7€ PSNR Al SSIM J5if, 5 HAh 3 Ry kM
bl AR SCORUAE B A 4 b B o i UL b L
JEA, BT A R 2 A PR, X = kil 7 i g
EEAR T TR S I 7%, SRCNN £/ 7 —A4
BT R Z S5 M — B A A X 2, H = R

1 MBI R E, VPAFRFR AR N T, X B T %
A . B 3 BoR TIRAI 7725 RDN MG EA
A LB (%2, x3, x4) Z (A S P . Mz B i 26
— ik ANEE Ak T LUE H, FATHIITVETEX2 FIx3 K
FEECT PSNR 1935 M 26 55/, F HR 7R s 4 (10 A%
TEVE. MR EUR <4 B, BATHTHR 7 VETE 2 k%
AL FEH ) PSNR H 6% % T RDN, 3% 81 5 L.
Bl 4 s br EUR E @ OR, O T T, K B R
A DX AR T LA BRATT 5 ¥ E R I R ALy

IR TRE W4, A SCHE B 7 A A AR B W, I LRGSR m N, EoR TR
FEZ, AHEE T RDN ARAL T 4%, ARG RFEAAL. I e v
3 %
‘l“ h
F 1 NENEEBREE R 2 f5s 345K 4 15 T PSNR I SSIM 18
ik - Set5 Setl4 B100 Urban100
" PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM
Bicubic x2 33.67 0.9299 7730.09 0.8688 29.55 0.843 1 26.66 0.8403
SRCNN x2 33.66 . 09542 3245 0.9067 31.36 0.8879 29.50 0.8946
RDN x2 *37.63‘ 0.9574 32.99 0.9136 31.94 0.8976 31.09 0.9175
Ours x2 L 37.68 0.9578 33.02 0.9143 31.97 0.8982 31.21 0.9189
Bicubic x3 30.40 0.8682 27.41 0.7742 2721 0.7385 24.46 0.7349
SRCNN x3 32.75 0.9090 29.30 0.8215 28.41 0.7863 26.24 0.7989
RDN x3 33.95 0.9218 29.68 0.8363 28.89 0.8017 27.38 0.8367
Ours x3 33.98 0.9223 29.77 0.8084 28.93 0.8028 27.51 0.8399
Bicubic x4 28.43 0.8104 25.87 0.7027 25.97 0.6675 23.13 0.6577
SRCNN x4 30.48 0.8628 27.50 0.7513 26.90 0.7101 24.52 0.7221
RDN x4 31.66 0.8838 28.02 0.7730 27.39 0.7267 25.43 0.7638
Ours x4 3172 0.8869 28.03 0.7752 27.41 0.7288 25.57 0.7689
q \
32.0
37.5 L 340 1 3is
37.0 335 “ 310
g 365 g #o g 305
325
E 36.0 E g 30.0
Q355 320 N 295
35.0 59
_ron e 21 ZRDN 29.0 —RDN
345 Our 31.0 ! . Our, 285 Our
0 25 50, 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
© Epoches Epoches Epoches
(a) JBOK 2 1% (b) JBUK 3 f&% (c) K 4 i
B3 AR5 RDN EAR FROEECT PSNR WSt 2% bk
GivE5RA Pl F e, AT LR LA SCAR H 97 15 LG B HE 7 i RDN

FEA SO, X 2 A R R, AT
TPk RN SR Y BB ) R T, 1%
B3 O L R R R MB R B I AR R E K R
B, 615 T B G o 1 BRI 2 B R R
4 A HE AR KR A G 3t AT AL LA, AU PR B RS 8

224 A AR H % Software TechniquesAlgorithm

HARFRER. Sebs b, AT e AR KRR
THasial. BATNABE T T — 25 1 3 BT R A2 e
IR EE IR S RN, A RO 2% S5 K 45 Ak
Sk, TR B2 H s SSC R 4015 45 5, A6 2t R B
HR.

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20224 314 F 3

http://www.c-s-a.org.cn

i EN RSN

(a) HR

CYEYEYESES
WY
ddEEd
HHENH

(b) B#HCK  (c) Bicubic  (d) SRC‘N

(e) RDN . (f) Ours

- o
4, & FTHREE SR SO AT

SEXH -

1 BEAR, BEIRAR, VLT AL, AU PRI ko0 1 [ {5
F RN RGN A, 2020;29?4): 181-186. [doi: 10.15888/
j.cnki.csa.007344] &

2 PRk, SR MG o) 2R B R LR A [ L AR O .
TN 4ERE HE T K2, 2020.

3 RS, T [ A ARG 43 2R 0 R FE 2 ST AT [ L A ik
3] R PR IR A, 2020.

4 T BRG0S0k R R LIS [
AW ] Bl R, 2019.

5 HH K. R EUR N 4y MR E R AR [ L e
3L 1. SRR BN K2, 2019.

6 EBELL, PR, 3% B, JE T 0k 2 4R 1) 5 S USRI 43 9
REFE. HHEHL TSN, 2019, 55(19): 191-197. [doi:
10.3778/j.issn.1002-8331.1806-0243]

7 B HERE, XBW, 2R 77, S Sk 3R TS A 4 4 1 1

BB R ELE. FE AR, 2017, 37(3): 0318011, -)

8 Dong C, Loy CC, He KM, et al Learning a'deep

convolutional network  for imagé super=tesolution.
Proceedings of the 13th Eurobean Conference on Computer
Vision. Zurich: Springer, 2014. 184-199.

9 Ledig C, Theis L, Huszér F, et al. Photo-realistic single
image super-resolution using a generative adversarial

of 2017 IEEE Conference on

Computer Vision and Pattern Recognition. Honolulu: IEEE,

2017.105-114.

10 Dong C, Loy CC, Tang XO. Accelerating the super-

network. Proceedings

resolution convolutional neural network. Proceedings of 14th
European Conference on Computer Vision. Amsterdam:
Springer, 2016. 391-407.

11 He KM, Zhang XY, Ren SQ, et al. Deep residual learning for
image recognition. Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas: IEEE,

12

13

15

16

17

18

19

20

2016. 770-778.

Kim J, Lee JK, Lee KM. Accurate image super-resolution

using very deep convolutional networks. Proceedings of

2016 IEEE Conference on Computer Vision and Pattern

Recognition. Las Vegas: IEEE, 2016. 1646-1654.

Huang G, Liu Z, van der Maaten L, et al. Densely connected

of 2017 IEEE

Conference on Computer Vision and Pattern Recognition.

Honolulu: IEEE, 2017. 2261-2269.

Tong T, Li G, Liu XJ, ef al. Image super-resolution using

skip connections. Proceedings of 2017 IEEE

International Conference on Compute\V\ion. Venice: IEEE,

2017. 4809-4817. Y % -

Zhang YL, Tian YP, Kong Y, eﬁl. Residual dense network
‘Xesolﬁ(’in. Proceedings of 2018 IEEE/CVF

C&qferencé on Computer Vision and Pattern Recognition.

Salt Lake City: IEEE, 2018. 2472-2481.

FEE, F4E, BRI, 55, = T3 Bk 22 VE B I M 45 1 MR

2 W R B T E LRGN, 2021, 30(1): 135-140.

[doi: 10.15888/j.cnki.csa.007708]

Zhang YL, Li KP, Li K, ef al. Image super-resolution using

convolutional networks. Proceedings

dense

for image su)er-

very deep residual channel attention networks. Proceedings
of the 15th European Conference on Computer Vision.
Munich: Springer, 2018. 294-310.

Kim JH, Chou JH, Cheon M, et al. RAM: Residual attention
module for single
1811.12043, 2020.
Goodfellow 1J, Pouget-Abadie J, Mirza M, et al. Generative
adversarial networks. arXiv: 1406.2661, 2014.

Wang XT, Yu K, Wu SX, ef al. ESRGAN: Enhanced super-
resolution generative adversarial networks. Proceedings of

image super-resolution. arXiv:

the European Conference on Computer Vision. Munich:
Springer, 2018. 63—79.

Software TechniquesAlgorithm #1F4i AR 5% 225

© ERSEBIK T

http://www.c-s-a.org.cn


http://dx.doi.org/10.15888/j.cnki.csa.007344
http://dx.doi.org/10.15888/j.cnki.csa.007344
http://dx.doi.org/10.3778/j.issn.1002-8331.1806-0243
http://dx.doi.org/10.15888/j.cnki.csa.007708
http://dx.doi.org/10.15888/j.cnki.csa.007344
http://dx.doi.org/10.15888/j.cnki.csa.007344
http://dx.doi.org/10.3778/j.issn.1002-8331.1806-0243
http://dx.doi.org/10.15888/j.cnki.csa.007708
http://dx.doi.org/10.15888/j.cnki.csa.007344
http://dx.doi.org/10.15888/j.cnki.csa.007344
http://dx.doi.org/10.3778/j.issn.1002-8331.1806-0243
http://dx.doi.org/10.15888/j.cnki.csa.007708
http://dx.doi.org/10.15888/j.cnki.csa.007344
http://dx.doi.org/10.15888/j.cnki.csa.007344
http://dx.doi.org/10.3778/j.issn.1002-8331.1806-0243
http://dx.doi.org/10.15888/j.cnki.csa.007708
http://dx.doi.org/10.15888/j.cnki.csa.007708
http://www.c-s-a.org.cn

	1 引言
	2 相关工作
	2.1 基于深度学习的图像超分辨率技术现状
	2.2 上采样技术

	3 基于内容感知上采样技术网络
	3.1 骨干网络结构
	3.2 基于内容感知的上采样层
	3.3 损失函数

	4 实验验证及结果分析
	4.1 重建性能评价指标
	4.2 数据集及训练过程
	4.3 结果分析

	5 结论与展望

