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Abstract
Image super-resolution is one of the most important branches of image restoration, which is used
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for restoring or reconstructing images or videos, thus enhancing the resolution of the original im-
ages or frames of video. At present, most image super-resolution algorithms are using the genera-
tive adversarial network. In this paper, DenseNet is used to improve the generator part of the GAN
model, and a method of combining high-level features and low-level features is provided to spread
the feature map of each layer to the subsequent convolution layer, so as to establish a shortcut
between different convolution layers of the model, making gradient information in the deeper
network module propagate back. On this basis, the high-frequency information is generated by the
GAN, which is used to supplement the image or video frame details, and obtain more real
high-resolution images, thus improving the reconstruction results.
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1. 51§

115 8 53 #¥ 2 (Super-resolution, SR)H /& FUG 5 1 B B 7y 2 —, il BT EUR B AR IEAT
B4, FeTtE G G ST 2> HE R . BAT, ik k% R G AT A s K = o PR A
BITHERBOT LAY R =28 FETIRER % BT EERIE. BT M.

B THEE[LI 7. FE R LR 5 18 B2 5 R IHT MG 17 SO R A BB S
BEAERENERRIR AR, BIERT DS 2R S E AR . A, B REEEAIRNRIER T, 1B
BGTEN PRI SRR AR, H TR PR ARG, 5 80 24 1) = 2 U LU AR

BT ERERIMTE ZENEREUR REE, Homml 20, (558 BGMERZEE —%. &7
B—NHRMEE, SO RS KR, 1R 2 B R S g il R Rk, S 80E g BER EORIR A TR

B T2 2 [BIM 515 % 752 H AT A 70 AR R, 85 VR B 2% ) N 4 SR e Lo 0 7 v = AR I Il R
W ITIEXT YNGR A T A 20 1 238 UG FIAR R 1) 3 20 20 R EAT 7 3L 2 [4], S RIEB 2 Mg X
ERISCEE, SNSRI RIBORIETHIE A Fre R I 7 7 %, A5 3ImE E A .

SRGAN [5]E A= At M 2% (GAN) T8 20 75 28 SR EE 2 1 A, K P AE e S ARG N 2%, @it
GANSs M2 G R A5 N 4%, MM A A% 42 MSE 42k R 3 /b mpiifs B . 598 SRGAN 1) H 4 ]
G R HARRE 22 2) 71k, {H SRGAN By 5T JE AR B, R MR RS ARABL, T AS 2R 2 AH
I, R4S B RE sy LA — SR

ST B W 2 R ke 7 I 6% AF 4 5 TR B R 22 TR G R st SRGAN HH I AR il 2851, T DASE A
FEPRI W 2% S 0tk AT B 8 EHGAIRAE B, A SEWA N R, Bl B BAr kg, Mg sl
R P RIRAIZE Set5. Setl4. Urban100. BSD100 AT ¥R Fdk4T 17 IR, S2ibsh Bk
ARSI TTEA R, BAA R RS

2. HHxip
2.1, EHFHRMLE GAN
GAN & —Fh A a4 Mg [6], BN EEFR NS EE AT, Hi, A mssdm s>
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2.2. BREM4E ResNet

HRZE M 2% (ResNet) [71HHE HL A 7 A e i B A 48 0 2% F e R R 0 i) Rt . A7k 2 il 3 78 9 2% v in N
P FE SRR FE A%, WP 1 BT B e AR A 2 i A H(X), S8 in N — /N 32 % identity mapping,
BB ZNE FX), SN x TR, RIS 2% H HKX) = F(X) + X.

- X
F(X) .< ERE identitiy mapping
)
relu
¥
- EHE
F(x)+x
relu
Figure 1. ResNet structure
B 1 RESEN

JIN identity mapping 2 J5, BIMETELREMZE, BT LUE T identity mapping [El4%, A& LART I
2638 i Al YRR SR AT B (1A%, AT 8 B Je 1) % 98- B AR 0 FE R B 0 T DA AR DRy 7 22 I 48 A A
SR R ) e S A T BT I (R 2% SR

2.3. SRGAN

SRGAN ¥4 ResNet W T-#8 0 e R B 2, 4 pli 8% SRResNet T 4E Mk ZH b E A 3 x 3 KN
LR LK 64 NERENERZA R, BMERZEZ EE—AMITEWAZE, FHHH PReLU 1F ABEE

SRGAN H&H T B TR v R 45 B R B AME W8, SRAZET TN R VGG19 M4
VGG loss. T SRGAN fifi i} GAN BT @40 HeR s, NN T — A H 2%, DAY 75 B2 re 542k,
N R

2.4, BEEFIMLE DenseNet

ik 2 P, SRR A (8] — P BN fif (8 MR 2, E DR HAT M R /N R AL I,
RIS REE BRIE. - BEREHEZZAMAERENRL, FN2EE 52 &
BZEMAGRIE. SR EE IR R AL A AR, 5 G A 0 2% U e o 4 28 A [ R /DN ) o
fEA .

oI T A 2% EHE B B K IORAE ], T H 2R ERR R o e 8N, BHEEARE K.
b AR ARAE /N B (DenseBlock) FHHT T, 58 W 4 F i DR AIE 11 e
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Figure 2. DenseNet structure

2. BEEHMBLEN

25 HRERER

B2 42 H9] (Residual dense block, RDB)W I DenseNet ffL &, WIFEEERLZ . FHIGMERE
(LFR) MR #5222 I (LRL) . B Z B RS Re i Ir s — Z BB R DR 2 RHE K, @ R i & 7E
2 R0 LR BE 70 JE AR A, DT 77 A B3 2UIR 2 B o A SC{ FH RDB B AR 22 W 2 SR ieide SRGAN (14 ki,
fif 2 SRR ZZ HORFREURFAE, 5 DenseNet #H Lt T FH 58 2 B 8%

3. MZHESR
3.1 HEpLARAEH

ARICKF RDB 03t SRGAN AR LA 484, 252 FI A DenseNet (1R # &5 Gk, il Id 4 & el
AP FERRZ R AIRIE . o502 1 5R 22 % B2 N 4 (RDN) AE il il Ry i RFAE il & LFF R B4
eI, Rk 2] LRL ¥4 [ RDB 54 % RDB {5 B )5 A4S ERl & (GFF),
AP RDB $EHURHFE

AR 2 (a0 1] 3 B ) G dE DU AMEEEL, 1) RDB 3 ZRHIESRI B 2) ¥ RDB MEZ AL KM =
FHESR U 3) GFF &JRFH RS 4) Wonm G, mid BGOSR 21 i 24 5 i EIHA .

ASCH A NACAE 1rs FHICHE 1o BHERH —AN 3 x 3 BAZ TERGHE — R ERHIEIR I, &
AR 64 4>, ERERHESRBGAE:

F,=Conv(ly) (1)

Fou MU T 2050 ZRERE, IR T 2RRES ] 8B IR IERZ RIS 28— 24
[A], 2 3 x 3B, 64 NG 35 B R ERERIUNf h Fo ¥ E N /54— 2% RDB Z5H I «

Fy =Conv (1) 2

TR 2% M 4% — 3R KA~ RDB, % d 4> RDB [ Fo #mA:
Fd = HRDB,d (Fd—l) = HRDB.d (HRDB,d—l ("'(HRDB,l(Fo))“')) (3)

Hr Hrpga %7828 d 4~ RDB.
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Figure 3. Generator model
& 3. & pEatRE
AR 2% — G T 12 > RDB #EATHER: . £ RDB Z5i9H1E 4 s, i 6 MEZEAHR, 2
5 64 A 3 x 3 BHUMZL, KA PReLU 1E RS A . 2472 0% K B T 00 0 Fr A EH3 2 1% H e
BV, ®EWSHAENRH, JHEE—NH 64 SR/ 1 x 1 G SEAL A R FUZ T EERRAE B 5L
&, Jt5 E— RDB it —&ik7 Rz, 1E 84 RDB K%t .
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Figure 4. Residual dense block structure

Bl 4. BREBERLEH
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A R AR 4858 JE R 12 /) RDB (4 HESAE T — i, R AN [ 2 10 J B R e 04T 42 R R IE 28 & GFF.
GFF fi—/MEZZE R —A 64 N 1 x 1 BRZARMBIREHR, BHEEXH A 3 x 3 LREH—Dik
WURHE, -SRI A Foy T2 Rk E% .

AR AR TR — AN BRI RETH R H W -C-r?, AR5 H 0 R 625K 0K E 15 3
rH-rW-C, &fERH— 3x3EBMZEG LS55 RGB3 iHiE, fith =R EE.

3.2. FIRIFREN
UG TR B GREARI F D, PSR A 5 For .

[ Input ]
|

3X3 Conv n64s1

LRelLU

feature extraction
3X3 Conv n64s2 block k3n64s2

BN |
feature extraction
LRelU block kan128s1
I

feature extraction
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feature extraction
block k3n256s1

feature extraction
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Figure 5. Discriminator model

& 5. FIRZRE

FIR B 2w e — A 64 > 3 x 3 BRUZA NG HUZIRIURAE, J## ] Leaky ReLU fE NG
BREL, R R — I R E RIS . B NMRHERR U R — 2 3 x 3 BAE, RIR—EHHEIE
(Batch-normalization, BN)Z, J5 [Hi#% LReLU 1E¥0E R £ 28— MEIERUZE R 64 MERUZ, DK R 2.
JETPRAMESER 2 BRI EES N 128, K258 15 2. BEHH MEREGRZMERZEIEN
256, SEK—FAHN 1 2, BEHR MG ZENGEZEE N 512, BKMESHIN 15 2. K58
I —A~ 1024 M2 o ke E FARFEAERE, TR — MR RIm 2, 8 sigmoid B0 ek RIS 31
RGN, BIRTZe H S5 R
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3.3. BRI

BRI ZRAEan &l 6 fros. BAIZREH ImageNet2014 [101%dE4E, BENLE 5 IikmigEE, @
18 H bicubic fEE AT 4/ 4 f5R45, 1920 MUK HERER, ARG ERIE R RN —1 32 x 32
KNI R NERREAS, [ 8 IR AR /N S5 DR R U A 28 A 42 2 . R T B INEAE If 2 FE 1,
X BRI R BEAL T 2 B AT LR ECE AKCERE, B IR A

S UESE A DIV2K a5t S Al 4R [11], ZEE 4 800 7k 2 K 73 #F R R, Wil bicubic 4 4%
VRSB N AR PR R . IR R AR 25 1000 Yl 1 FH 36 E 42 X B AL R SR BEAT VA, K R
BIFISHARAT T Ko BT GAN TERIFFARIZRIT B, 75 5) BRIA AN B9 A~ 70 15 20 0VE TR 5 5
AR GRRITF R B 5 bR W 2 sepr B 48 1, WRAER, T E RS EF TR

DI ZRi R S o 26 s B 25, SR 5 B Xt A2 3 8 GAN, K453 2% B 250 P 2545 2 ¥ B O MSE,
IRt PR RECRE Y 107°, FETUI . 55 PR R Ok s B OB K, I MSE Bk B
FINERRA, FHTIIG, 193RARBR,

( FHiA )
v

/ BN BHWEER /
L]

RERX RIS HER R
\
EHRIAIE 5 E1G L35

v

TR P23

v

FIFBGANRIIZ: ({EF
Content Loss)

L]

[ IRFE ST

Y

CET
L]

=

Figure 6. Training process
6. MIZRRIE

T BE T T YRR FE 2 SIHESE Keras2 SZEL, TR 2% SIHESLR A tensorflow, python [IRRAS N 3.4, #fE
A% Ubuntul6.04, 2 GTX1060 (6 G). Mt i3: R A Adam [12], ¥4k REE N 107,
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Y2 1000 %4 Hodmyk—F, YIZRFEN —K.
RS f5 24445 FHJ e B A7 14 L (Peak Signal to Noise Ratio, PSNR)FIZHFAR Bl (SSIM) X 5 4 45 HL3EAT TF
fli, {EFEEEIG M RGB A R3] YChCr 458 H, fEY i@iE Lit5 SSIM 1 PSNR 13 .
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Figure 7. Pre-training generator left: loss right: PSNR
E 7. FONZERRE ZEA loss HE A PSNR

7 A PG RTINZRA as I RE R loss HES I, BRI LA TN 2RI R loss i &40
FEHIARRZ GPU BA7 A H 6G K/, HIUIMAREALL, S loss KA AW RKEg, HEETZ
TR BACRIIGREE, B 1000 UGk A LUE AT+ L4 54X loss T FEEH
WIS, JETE ISR, loss FEEARFEATRR, 1 H™ ERZEG -

L A 2] AR T DL — RS, R R AW B R R AU . S — H AR, IRATRH
Adam 1EBERIZROCAL S ARIE I ZRb ARB0E A& R 77 2Ok IR 2 31 %, AL 97209

m= 4, -m+(1-4,)-dx 4
mt :ﬁ 5)
V=4, v+(1-4,)-dX° (6)
vt = (1_Vﬂ;) (7)
x+:—m ®)

HoIr 221, eps & MNESEH KB BN 0, oAl o NIRLES R B S %, Hh =09, B, =
0.999, eps=1e-8, t NEICHHL.

PSNR IR 15 5 f K 0] BE TR A 0 L3RR B AR SR PR e 75 T R (1 L. PSNR (R RBRGT, 2
a2 I 2RI TR AS iR k. MIE 7 A5 AT AE Y, PSNR M40 E 1 #a % 5 MSE £ AH s, ZERT-T LA
ISR HGRER, EHEEETREE. mH, PSNRIEARE, RIGHEER 21.3 £, FIHEERFNZZ
ImageNet FEAS BB HE AN, R4 Jo st 5 25 2k P 5

Kl 8 RIHIFEIZRGE R, LA 5 RAE S0 R AR B — AU, BEABAUR AR A IS 56
IFAEM ] DIV2K HiasE, FEARKIE 1% L ImageNet /=, PSNR {EIRTHE B &, B AE I ZRid 29 PSNR
EA B S FEA B R R 7 R BURAFE RIOC &, R I TR0 00 B 2 S 808 7 W 23 R 13 N H
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Figure 8. Pre-training validator left:loss right:PSNR
E 8. FUNGRIIES ZEH loss AEH PSNR

K 9 BIRHZ GANs YIZRI R PRk S WABIISE R . BT el 1T 7 AR, WA BN
THE T, JETH—EE%. BT HRSRRIFRIE R, RKEFEFEHUF G S R0, WYHisiksdl. &1
BEE UIZRIEEAT, XU IR R, i Tl 2 s A AR A BRI LSRR, WP R L
BEAR, Ja RGN, BRI R e

16.0 0.0600
12.0
0.0400
8.00
0.0200
4.00
0.00 0.00
0.000  10.00k  20.00k  30.00k 0.000 10.00k 20.00k  30.00k

Figure9. GANS training process left:discriminator loss right:content loss

9. EWIHAMBINEIIE ZE AiREK, AEARERK

XA B PSNR Ry AR5 B, NAZ R AR iR S A T A 2 R AR G sy, thins £
H— B SCEE RGN . AT S ECEE G S S ERE R MSE FHZERK, MSE #& PSNR {115 i
v, RASHHENEY.

4. SCEGHEE
4.1. SEIOBIEEE

SEIG K HE 2 1% B Set5 [13], Setl4 [14], BSD100 [15], Urbanl100 [16]ix Lb4s 4 B4 48 20 H % i gt
FFAE RS BT LA TR . USRS 3B 55K 14 7K. 100 7K. 100 7K & 43 R A Boxt
MR R A, R0 png. 5236 K python A1 1K) matplotlib £ X SL R 3B N 17, B K

814 3 (0,255 B IHEAT e 4, AR 70 P2 BB G S E IR 20 [0,1], & 7 2 IR 25 (B 3w o 1)
[-1,1]

DOI: 10.12677/csa.2020.1010201 1916 THENUR 5 N H


https://doi.org/10.12677/csa.2020.1010201

MO
Tk
=
4

4.2. SEHETT

AL EE S IR 4R Dok A 2 J5 ) SRGAN 5 S f# i SRResNe A i 28 1) SRGAN Xt Eb;
H5H B AFERBR AT s, A4S s HEEE . AL #E{EE[17]. SRCNN [18]. SCSR
[19]5F AT X LU s it AT EGAR G WIn R BRI LESLss, 40 B w0 0 35 g 45 IR 5 I 2 5 1 5
8

SEERAHH keras I SRGAN [f] SRResNet 2 Al as 4%, W EIZS%5 RDB YIZRM 4 —8, HH
ImageNet i & AT I 25

S0 A FH 0 B A AT e AELVE FIOBUSE 7 i E V2 I8 T A% Guddi (G M8 7y e B 5, AR SR IR TE S FE TR,
B AR R, BN E R A 5 8OE d A R BB 50 . SEERAE A SRCNN 2 5 5L
PR G AR AT Fr R R R AL, BB BRI E SR, (UEE T =262, Ry
ST WL A AT BUROR, 285 K B R N 26 B AT REAE SR U i ik, Bt e — R G Rf E v E
AR

AN T SRR R i A AR, DL 2 B AR MO B B R B FEE, SR HE S AN A
# & RDB Bk 75550 . FOA R R BB EA/NRY], A0 RDB i M E K E N 8, 10, 12 i
ATXF ELS286, B4 RDB #HR ) 6 NG R ECE Y 32 (5 FH 2 HEAT RRE SR B SR FH (0 e B2,
G RIT UG R E RIS L LFF. GFF, ¥R 64 N5 . S2ib 4k B R 7E HE B 4 £ (1) RDB itk 5,
g EMEFEEH o

A SCEEXT DenseNet cift FZ 2 AE RDB S5 T2 1 x 1 581, B =SR2 0 MEHE 2 1)
LT RAESR B . ASCE SRR AT X Hsest, 20K RDB B2 B EE N
16, 32, 64 FEATKILLSLES, /MG RURECE AR (1 52

4.3, SCIGEER
4.3.1. & RDB ¥ E XL LIS

Table 1. The number of RDB’s influence on the network
Fz 1. & RDB HEXMEZRIZ M

Set5 Set14 P e SHHE
K=8 29.437/0.848 26.809/0.816 161 ms 2,502,019
K=10 29.536/0.883 26.855/0.816 193 ms 3,041,155
K=12 29.717/0.895 27.005/0.821 223 ms 3,580,291

1 K RRHES RDB Hufi, IZRET a2 BRI 2556 — A batch FTyEFERIRT(A]. 22 1 28 2 %)
55 35 Bon, BALEINMES RDB Hh, SEEMRN) PSNR{E5 SSIM {H 2380, K =12 {E LLRTM
HIEER T, VLS TE 211 RDB HiRReuese - E g s R, RS —1> RDB, MM 6 /4
HBRUZ, WA MW LRGeS, SASRTPEELR, (R W& 1 4 5155 5 51n]
DAEEI, BEEHES ) RDB HIN, YIGREF R RIE N, e R Ao B e Tt S BB S
() RDB Hu e s 7 AL, Wi GPU M EAANE KR, SHHEL 2438 RA MBS TIEkSE,
HEZ (1) RDB SANRER 2, (EXT RS FEBOR A m A 5%, T DAHER /D> RDB 2 I 25802 7 E gt
I
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4.3.2. ERZKEFTEELE

Table 2. The number of kernel’s influence on the network
5 2. BB E T MERIAE N

Set5 Setl4 ZH M
G=16 29.491/0.880 26.955/0.816 1,597,699
G=32 29.717/0.895 27.005/0.821 3,580,291
G=64 29.889/0.888 27.38/0.827 10,033,795

%2 h G FoRBEREASHERIEE, SRR, WIS EE T LIRTHRRGE /7, (HIRTEA
AR . 5 RDB HESHEAIML, SRS EL 2N SEEER K, REASSHRARE IS4,
4.3.3. HERGEITEL I

Table 3. Compare transposed convolution with sub-pixel convolution

3 HELERESTTREHAILL

Set5 Setl4 pIEsing|a]
HEEM 29.887/0.885 27.39/0.832 381 ms
Wt EER 29.889/0.888 27.38/0.827 319 ms

AICR e BB G WIT RGO FE FERTT ST 7 HSEat, seig Rk 3 for, PIsh
AFEFERTT R GRRE B FBA ARR M5 HAEINZRR ] b, WIeREMR L B EHER Lk,

4.3.4. AE4E REEXTEL L8

Table 4. Compare different generators
4. PRIERZEXTEE

Set5 Setl4 Urban100 BSD100
SRResNet 23.303/0.635 21.024/0.535 19.381/0.567 20.983/0.545
RDB 26.245/0.814 24.717/0.756 22.753/0.729 24.348/0.732

Figure 10. left: SRGAN (SRResNet) right: SRGAN (RDB)
10. ZEJ9 SRGAN (SRResNet)5 &l SRGAN (RDB)

A HIRZO TAE 23t SRGAN KIZERiAs, JEXTHET RDB SiifA- s i SRGAN 7Y b [k A Fi
SRResNet 7E A4 il 28 1) SRGAN FEALLE PUANIREE B4 B3 T T R AN L 9286, 46 4 BRI
SEIGEE R, SR ERIET AR RDB AT, A EHEE L, PSNR 5 SSIM 65 850 5 1
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&I, WK 10,

SIS AL R B R R R SR, 1T LIRS SRGAN [E LR . T HEME TS
T ARFEEH 2 8 AR, ARSME B S gy S S 7 #8h. Bk SRGAN L EKE GAN
AR EAAN T, H R A A () g B A R T A .

4.35. FEIEZEXTHL R

ARSI B AR Sk 5 1) SRGAN 57 5 et 28 BIL PR 43 3 SRR 35 N A TR SR HE AT 7 3 Ll st

0, 4Rk 5 Fr.

Table 5. Compare to other algorithms

5 SHMBEAERILL

Set5 Setl4 Urban100 BSD100
b SR B TEY ) 24.607/0.731 22.982/0.646 20.733/0.619 23.728/0.629
WAL T AR 26.694/0.789 24.247/0.686 21.701/0.651 24.654/0.661
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