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Abstract: The digital conservation and classification of cultural relics is one of the hotspots of current image process-
ing research. In view of the problem that conventional super-resolution algorithms cannot fully describe the complex texture
structure of cultural relics images in the real world, this paper proposes a super-resolution algorithm for cultural relics imag-
es based on a closed-loop pyramid information generative adversarial network (CPIGAN). Considering the noise of real cul-
tural relics and other uncertain factors, this paper uses different down-sampling methods to construct two cultural relics data-
sets and explores an improved information block extraction. This strategy improves the utilization of high-frequency infor-
mation in the original high-resolution cultural relic images. This paper further designs a pyramid-shaped generative confron-
tation network and incorporates the regression loop structure to enhance the network’ s ability to map from low-resolution
images to high-resolution images. Based on the self-built cultural relic image data set, the algorithm in this paper has been
compared and analyzed experimentally with a variety of algorithms. Several objective indicators have been improved, and
the reconstructed images are subjectively more in line with human visual standards.
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AL R SR 3 982 (Super Resolution, SR) 4% A,
{43 H % (Low Resolution, LR ) 3C ¥ G 4L By 55 43 ¢
R (High Resolution, HR) SCH R, Hirp B TR EE 2%
2] TEGOBR 23 B A S T I, il PR B e A
PEOT BIE KRB AW 3 T 35 AU 42 I 45 ( Con-
volutional Neural Network ,CNN) , 4l Dong 2 N1 SRCNN
(Super Resolution CNN)" 1 FSRCNN (Fast Super Reso-
lution CNN)'™ | Kim % A [ VDSR (Very Deep Super
Resolution) ", Lai 2% A ) LapSRN (deep Laplacian pyra-
mid Networks for fast and accurate SR)"'* s BT AR BT
M 2% ( Generative Adversarial Network , GAN) [13] n Ledig
2 A SRGAN( Super Resolution GAN ) L14] , Wang e Ny ]
ESRGAN (Enhanced Super Resolution GAN)'™S) Ma %5 A
) SPSR (Structure Preserving Super Resolution)'® #l
Kong %5 A f¥ ClassSR (Class Super Resolution)'"”’.

PG 23 B LU, 56 T CNN IS A
BRI e ABATSAFAE BRI, an o At R Bl = SO Ay
NGAEM , RREE R 7T BB S 2 5 B T GAN 15
T T H AR AN ) SO S R AR AR B N R LS
PR SR v o g PR AE i A PR R 2 i L PR S A )
PR, R SCoR 1 A5 BRSO 3 Y SRS A LT LS Y SO
R 4 ST RS o U 2 B SR A g & f th —
T T [ B 4 S 5 A A X e ) 285 1 S PRI 458 4
=RCS (Closed-loop Pyramid Information Generative Adver-
sarial Network, CPIGAN) , A9 A . (1) R HA
[Fi) 8k SR A e A O o S PR BT R R — bk
AR D P ORI, A PR 5L 46 SO R 0 v A A
B AR ELUSEHY LR RIS (2) BEih—Fh e T 7 B 4
PP A 2%, 203 SRR RFAIE (5 . S 44" 2] LR
FI HR UG BBt 5 (3) #F— 251 g w4 [l H PR 2544 1Y
A RO HT MK, 4 AT 2% 2] HR 3] LR BRI mess , f 4t
FRAM I, A A SO R R B A

2 HEEBIMR
2.1 BERESRET

ARSCLA SPSR B N B it T — A T A
BN HT 0 265 (4 S RIS RR 43 1% 5 1 CPIGAN,, 3K %
TIREZRAN IR 1 7, 23 R UM 7

W28 GRER 43 - o Je BEA TR 1 ik, R AR B e
WOk (ELARIEFE UL 2.2 795 ) A IR HR SCY) G B
A3 A U R A A R N R R NV S
BYGR BT I AE L BEHLIN 2L 2] LR B5 (fi HR BUE A
RERAE TS ) s 2 L BHR 5 L, BG5S 2% G(G
SRy L IH B 4 I AL A A, BRIF SR 0L 2.3 5 2.4 75)
A i SR EME s HR AR AN SRS 8] s i A 501 28 D
(D LA VGG (Visual Geometry Group) [ 2518 2y JEAd1) | 3]
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Wi HR EHZAH X T SR EMG2 5 B BL30 ; 43 2 A 3R
Y5k, 15 2 e CPIGAN LAY . % 28 U 43 : LR S
PG AN ZR5E B9 A2 B 28 G Fpr, AE i SRS, 8 i 3
PRI FEIA AR R .
2.2 (EEBRIZBURHES

IS A SO G AT A S SN e PR R
R RAE A AR T G I s s B T &k, HiR s
(R M P A 4 o R AR AL A 2 O T T SE 4y U]
FA s B i 2 (R R AR U 5 i UG EL A A AR
PN S A3 AT, ELHE N JF IR SR R AR mi s BB B S 1A
R SR IR A AR 5 T A A T — B g ST o SR A ]
1%, UG s B B B BUSZ Y R T 22 (5 2.

TEMCEERE b, an P 1 253508 0 i a1 s 0 B T
TN AR T — el 5 B ARIBOR IS AR — e il
WY E R —IRER T B p, & mxm 2R g
JEnxn Y JRFREL (n<m). H—A>p jegb K s, IR
FUR TS g = TE p, ksl B 2B K s, ST . 245 &
(D~ Z& A, NKE p A it BT A B N.

() M (p)] <a-2(p) (1)
V() -7 (p)|<p7(p) (2)
V(pi)<Vmax (3)

Fop, M () F v () o3 o i B T %=
a,fe (0,1),V, TR KITZE.

Fe AL ST A B R S BE AL 3 5 B N P
WE B0 IR E LR SCEG, T R R H

I,=13+n,ieN (4)

TEREARIYNGR B B, R AR LT A1) 07 20 LR )
KRR s BARES & W E AR s s B2
AL 1920 5 506 HR SO EIR AL T[] — S A AR 70
RIS .
2.3 &FELEWEIT

AT G 7 2 R D, TR 50RR 43 Bk s A Y
A3 B R AR B 4 B 2 (B =) E R A
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P2 rfr, AR R 2 H A 3 SRR 5300 SR ) B
R4 3% (SR Branch) #1856 & 43 3% (Gradient Branch). SR
73 T LR BHRRRAESE 0 2T R R AR 21110
FRIEAR B 5 450 S 50 MRl & |, Bl A2 i SR IR B
Ji£ 43 30K LR P62 ] (LR Grad ) 46 Oy T g o
&l (Reconstructed Grad ) , 5 HRA B (5 BAE A4 B 42 L g
e i, IR L% SR 7332
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AR SCBEE R P F by 4, Bk i 4 308 P2 4
FIERI(STZMS2)Z) , TR L RAE . N A Hh 56 IF
U 5 R T A 0P AN 0 I 2% v SR B B S
5K . it LR A BT BRSSO SR RS2 R A
A5 3 LA, A HE Al R — > B A Ak 25
(Residual in Residual Dense Block , RRDB, Z5#54n[& 3 Ay
7)) RS R R 3x3 146 BUZ MY B ; SR 4 32 S1 2
S2 2 &40 8 1811 6 1 RRDB He , Hi v i 23 4> RRDB
Pt e 2] LR B RHIESS B, i) — 1> RRDB LA
FUZZ5 6 T B2 SRFFAE A5 B H 2 5 FR1E il B
(FB block) J T/l 5 SR 43 S IS B 73 S R IEAR 2,5
R A (Up-sample ) R F W45 3 45 72 (Pixel Shuffle). SR
332 K SRS S 55 1055 151 RRDB LRI S2 248
5/ RRDB BRAYERAE BB I B0 5.
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RS O ARG
PG > R R A B 2 ) L LR 2 HR E{%
A AR L PR S . SR, T Aot e S 2 2 [ L i
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S TIE A R A R ]

TFRERAE A AE TC PR 2 1 HR BIE ] 453 2 4H [ /4 LR &
18 HON LR S BS 31) HR MR o8 as (R R K. 2k
T, DA BRI ] 2 ) — A S I S R TR SRR
SR S TERE 2 BIRR . R, 80/ S 25 ) 2 i
R ERE R —Rh R T R

TE 2.3 5 M BEAl b A SCHRSERF IR R T —Fhfl &
] I FR 25 44 ( Closed-loop Branch) 2 i 4 ji 2% , 11 &) 4
ez, B PRE5 9 FH T2 2] HR 21 LR BRI, A1
TORAEAZIF B LR KU, 51— A 29 SOk s >
A REAY RS ], 4R 3] — > LR 21 HR EE AY fe e e
S AR R PR RE . B4 LR S AR B
W26 v, 28y S1JZ 1 S2 J2 73 il 7% 3 SR (2%, 4% FoR
FE) MR ANSR (4, AT FRAE) 5, S SR (4x) 18115
i 3 OUZ [ R EE AL 73551 75 21 CSR (2%) [EI{% H1 CLR 5]
&, b [m] 09 BF 45 74 Hy 4 BRUZ F LeakyRe LU T J2
.

BT i LR R A0 CLR B 1% SR (2x) [&] 1% An
CSR (2x) MR ] 1Y 22 57, A SCEE TR R IVR , BIAHT Y
M4 . PR, B Y 5 B AR R, an=Xi(5) B

ZG:ZPix+1Per+lGra+1Adv (5)

Hor, Ly RN BER UK, AT NSNS 1, 3275 B
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SR MG A BT it 5 1, R BB TER , T SE 4 b fR AT
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SR AE A UE BLSE Y SR BIME 5 1, TR XPL R,
AR SRYERE . £, 015, = (6) s :

i =lsp +1lx (6)
Horp I FR IR AR R AR 5 1 Rm HT R LK L

3 ERERSN

3.1 BUE&E

PG 8 43 450088, AR RO 25 PR A5 0T B4 e o RO =X
JE I Bicubic SRAFE . H i F BSE 5 SC EMRER 1k
AT E P, AE Bicubic SREEFFAE— & MG BRI , R
FH—~ B 52 0 R R B IR ALY EUR T R & 2K
FLER (R S . B, 2 R S SO MR A M SRR
PR, AR SO 52 56 28 7 & SR R IRl A R SR B =X, 2
R T S BN S (A5 IR 4R 5 AR ) B e
B4 RCdata 56 BB 4E FCdata.

RCdata £t 44 1 2 100 D 3814 % (HR-LR &
OB, A0 B VI 4E 2 050 %F, ML 4E 50 % . P HR
G R BSOS, % HR UG HEAT 445 F RS 5
XF LAY LR MG, T RAE T s AZ R AE .

FCdata 342 1 3 100 4> ST RGO AR AR, 457

YIZRAE 3 050 %F, MR 50 % . Hirb % B 52 ey
HEAT 245 T RAEAS 2 HR K8, X HR BRI T 445 2R
FEAS B0 LR BI&, R A J7 208 3L 8 Bicubic
3.2 SLIGIREE

A CFK A B A7 K 11 GB ¥ Nvidia GTX 1080Ti
GPUE NI -5, mFEiE T A Python. >R A HE 4
A RCdata 55 FCdata. & FH A9 PEAT 77 350 & WLPEAN 1
FUPER PR . B WITAN A W R (5 1R L (Peak Signal to
Noise Ratio, PSNR)'?! | & 1% 45 # #H 1) B (Structural
Similarity Index Measure , SSIM ) "2* FI 2 >J 8 401 [&] 1% B
AH L P (Learned Perceptual Image Patch Similarity,
LPIPS) %) Hirft PSNR F SSIM R 8 K # 4 , LPIPS {1 i
JINER . P A 3 e AN RS T ) o AR
S .

TEIZRET , 25 8 2 52567 & 1 PR g BR il 55 [ &=
AR EC KA F - 4, #5555 batch size 29 10, iters 4
100 000, #4327 21 % 4 0.000 1, 32K Adam {1k & .
3.3 HEEIZERSH

R AR UE X HE 45 R B B LN T, AR SO Bk 38
FE R — S5 - & BT YR AN . A SCX Bicubic,
ESRGAN, NatSR"', RealSR il SPSR To Fl 7% L M AR 3¢
AT T X e XN RIS A T 015 B an 2% 1 s
B A4 S DML Y SR e 2 SR . 26 1 Al 41, 76 FCdata
ARSI EE SR L, 5 LR A SPSR A HE , A ST s
JHAE A CPIGAN 45 b1 PSNR 42 25 T 0.199 dB, SSIM 4
T+ 7 0.002, LPIPS [44% T 0.010; ££ RCdata £L 52 345
PE4E b, 5 R 2B SPSR #H HE , CPIGAN fJ 35 4% PSNR
$£ 5 T 1.717 dB, SSIM #2 /= T 0.073, LPIPS $£ F+ T
0.016. o, 78 RCdata 45 4E I+, CPIGAN B8 i 45 b
PETF RN, B UE TSR B A O AR S

®1 FEEBEHENERILE

S b - ik
Bicubic ESRGAN NatSR RealSR SPSR CPIGAN(Ours)

PSNR/dB( T ) 32.680 29.380 30.603 30.375 30.426 30.625
FCdata SSIM( T ) 0.929 0.777 0.901 0.883 0.899 0.901
LPIPS( l ) 0.323 0.118 0.124 0.115 0.113 0.123
PSNR/dB( T ) 27.049 24.023 24.536 24.048 24.027 25.744
RCdata SSIM( T ) 0.842 0.683 0.784 0.704 0.765 0.838
LPIPS( l ) 0.447 0.168 0.172 0.167 0.167 0.151

El s R FESC s 45 b, L RCdata 5 FCdata 3§
P A v A e — SR EE R MG, TR ER A SO AN Y UK (K]
HRLTHERRFE AL E) , oo HR 3R B UG & 0 90
PEIG A 2 B 5 A P fR Sl A H A Bk X
Fb , AR SO CPIGAN 2 1 S B E 45238 T HR 3¢
YIEIAG , HLSCHE A0 1 38 R T B L5, PRI mT AR B AR SC

AR AN ERYE . 1 2R 1AL 5 AT, Bicubic -
PR AR AR (H 3 00 R R B o i A 2 , SO
TR, DR AN BB 16 B 2 A ARSI
3.4 HRRKIRSTART

R T 2 IR AR SCR T CPIGAN A R,
X HAEATIH ST, LA RN 2 FiR , K IGAN 2y
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RealSR

CPIGAN(Ours

B

" SPSR

€5 JryfBcAn o % LI

LG B BB BB, PIGAN Ry 5| A e Ji {5 8 e
Fl 4 7B RSB A O ASE RS .l 36 2 T 60, TG AN #5520 X
T 5 s 4 0328 LPTPS B M AT 728 K, A5 UM E S A7
TR, JE R N B, LR BR8] A B = Bk,
25 TR HCE ) i G R A 38 £ o RS o e AR A
PSNR F1 SSIM {45 24 &5 , (X F LR Bgk i, miifs
S AR S — g B DR b A R T RE A A A R
SRR, LPIPS fe bRl A7 FEAR . Hirh, FCdata J23# & Bi-
cubic SRAE TS B 1Y T 15 806 4, 2200 T B S R A IR
%, J5 221 PIGAN H1 CPIGAN 20 B i — b 2 7+ 7 1
LPIPS 35 #r , (4K TH % fIX T SPSR A5 A . 55 KL 28 A 74
SPSRAH LU, Z76 %5 16, AR SCT T CPIGAN # A H AT
AR BE
R2 EERERTR

Ak
itk Ei PSR IGAN | PIGAN | CPIGAN
(Ours) (Ours) (Ours)
PSNR/AB( 1) | 30.426 30.573 30.812 30.625

FCdata SSIM( 1) 0.899 0.901 0.908 0.901
LPIPS( ) 0.113 0.133 0.130 0.123
PSNR/AB(T) | 24.027 | 24.167 | 25.090 25.744

RCdata SSIM( 1) 0.765 0.769 0.804 0.838

LPIPS( | ) 0.167 0.176 0.166 0.151

FEA B B BOR W v, A [R] 04 [ (X 17 4 A (3R] 1)
R, A T AREUE IS A IR, DL RCdata £ 85 48 M 1],
PEAT X R BG , Bk 45 A2 3 R, e rp N1~N4 R
AR HAE B (nFe 4 rw ).t 3R 3 AT A1, IGAN-N4 [
PSNR #1 SSIM {# 42 J1 % K, IGAN-N2 f¥) LPIPS {i 42 J1- %%
R PRI B N4 TR B B, R a=
0.05,=0.1,V,, =50,m=128,n=32,5, = 64,5, =32.

max

£3 REBEEHRILER

Hk
HonsE izt IGAN- | IGAN- | IGAN- | IGAN-
SPSR
N1 N2 N3 N4

PSNR/AB( 1) | 24.027 | 23.693 | 23.85 | 23.806 | 24.167

RCdata | SSIM(T) | 0.765 | 0.766 | 0.773 | 0.760 | 0.769
LPIPS(L) | 0.167 | 0.191 | 0.174 | 0.181 | 0.176
*®4 TEBAE
fFRM| o B V.. m n 5, 5,
N, | 005 | 0. 50 | 256 | 64 | 128 | 64
N, | 005 | 0.1 50 | 128 | 64 64 32
N, | 005 | 0.1 50 | 128 | 32 64 32
N, | 005 | 0.1 50 64 16 32 16

2 4 AT, AR SOB o, p ATV, BEE N (E 1Y
X FEAN TR /N A 8 B B A1 A5 K By ok 1 5 i), 2%
J& RCdata Fll FCdata SCH7 UG E I 45 19 ROF ) R, 42 )%

5L CK/NH moxm) 1935 B 25 18 64, 128 i1 256 =
FhELA .

R T R UE 4 I S A A B R A, — St
fili i B 5 SPSR AL AU R4 — 3. T 47352 RRDB
B 1Y AS TR RN A B 9 45 Hh SR 3 3¢ 586 B 43 S IRL Y
2 H. 75 A R] 23 5% i RS R A A 8 R 5, ki 5
Wil 20 B L PRIEG A FCdata BUOHE 82 R 647 % o R 56
AL RN S iR, & PLAIP2 R W Fh 22 B
K. S, & FIESTZ 181 RRDBELFIS2 2 64
RRDB B H A2 1y ok P2 Ik SR RE e . kA Scisk
TR 45 RN TR 2 i

R T SR Rl G TR U B2 AR AR R 4 A R ELA S |
AR R S H 0 19520, LA FCdata S B HE1 75T He
REG, EALEE RA R 6 R . &6 A1, 2 4y ) 0.01 1
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x5 AELEHILLER
. . RS
e/ S £
IGAN IGAN-P1(13/11) | TGAN-P1(18/6) IGAN-P2(18/6) IGAN-P2(20/4)
PSNR/dB( 1) 30.573 29.962 30.081 30.812 30.604
FCdata SSIM( 1) 0.901 0.899 0.897 0.908 0.903
LPIPS( | ) 0.133 0.134 0.131 0.130 0.132
*6 AREBSHEITILER
Bk
pAEE S L7 CPIGAN CPIGAN CPIGAN CPIGAN CPIGAN CPIGAN CPIGAN
(n=0.01) (=0.05) (7=0.1) (#=0.5) (n=1) (m=5) (n=10)
PSNR/dB( 1) 30.549 30.549 30.625 30.427 30.298 30.205 30.117
FCdata SSIM( 1) 0.899 0.899 0.901 0.900 0.898 0.898 0.897
LPIPS( | ) 0.127 0.127 0.123 0.127 0.130 0.131 0.131

T 0.1 B[R] 45 2k A8 A5 0 A o B, LA 00 1) W
B 5 2 D01 B HE A0y 10 B, (8109 451 2% A 5 i R
o TR RO BEAS T Sk RE . Rk, b TP
5 [E] A9 2 RN R AR 2K, e & o 0.1,

4 g

AR SO i SO TR 0 W A0 1 O, Bt T
— i T [ U A 4 B TR A UG AT  26% 1 SC PR A5
OPWRE T — D7 B — R R SRR A
1o 0 HER SO LG b e B AR B B = AR 3 R
FIM& , 5o PR RUG 65 85 75— Jr i, it 1 — il
A A PR 4 70 R A B 25, FH T DL I 2% 27 ) =S
FRAE (S BN 7840 A2 2) LR 2 HR BRSO Y i)
AL EFRSAS RN SCIEAR AR 5 2 A SCIEE M HE A
SCREAEREAE Z2 B0 % MAR AR L XA P It s AHR =X
PLBE A, AR B v R R ) S B Y B
IR R BRSNS, B R R T

TESCYPR A R rp, TR AT 45 31 5 5y 70 B o
(0 SO MR S — UK A 55 . THA AR 2 B S SO IR
B | AR AR DA i DX 200K e i 2 A B o O,
— D SEERIERORL, LU e B SO IR
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