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Image Super-Resolution Back-Projection Network

Based on Holistic Attention

QI Tangyao, ZHANG Dongxiao
(School of Science, Jimei University, Xiamen 361021, China)

Abstract: Aiming at the problem of image super-resolution reconstruction, this paper proposes a back-
projection network based on the overall attention. The up-and-down iterative projection module and the over-
all attention module in the network work together to capture more feature information. Through the mutual
conversion of the up and down iterative projection modules, the correlation between different resolution fea-
tures is obtained, which helps to learn high-frequency texture details. In this paper, the layer attention module
is used to weight the attention between the layers of the feature layers output by the upper and lower projec-
tions to find the interdependent relationship between different layers, channels and positions. In addition, the
spatial channel attention module is used for the final up-projection module, which can guide the network to
learn relevant information within and between channels. Ablation experiments show that the enhancement of
feature information by the two attention modules helps to improve the reconstruction effect. Comparative ex-
periments show that the back-projection network model based on holistic attention proposed in this paper has
a good reconstruction effect.
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0 3%

i HEE (high resolution, HR) EIGE 6 5 HE M7 0 2% 2540 DL SR 5 i SCHR A0y, 7Rk
IR, A BT TZ TR, BRAERE . AR R, i . RSN
Fiom, FUR PR EAL, FUSZHE PR (super resolution, SR) AR IF 2 Wi X — )8, 14
SEF AR HER (low resolution, LR) EHRE 1 HR K%, dEmdestrPes, HAl, SR il
HEHLLSE R EGAL B (B e ORI ARA T W 08 AT, S AR |
RS2 4 D AF AU,

T M2 M4 (convolutional neural network, CNN) ™ HUG 58 K AYARME [ sh 2 AERE T, HET,
T CNN P B E D AR RE S 24 2] 31 LR BR 3] HR BURZ 82 24t R, Sl 4 4m
R Rk B, Shi L0045 e TV AR 2R 4 TR 28 ) 4% (efficient Sub-Pixel convolutional neural net-
work , ESPCNN) , i iof i AR 3R A5 B 4 I B AR Y 5 AR MR AT FoRAESRAE, FRAR T IR RIAS
Kim 257 5 22 250 5 AR, $H T VDSR (very deep super-resolution) 4%, ¥ W25 nE 3] 20
2, [RIBIIAER 26 2% 2] FORR BEFR BT | M ue 1 Fh I8 Ity Sk 1 ST S it 3 RS B R e S ) R, {H E i
FET CNN 2808 @ AR A T P AR 2 AR DG, i EL7E R R B A Al —
PRI 2 XSSO 1y e F et B e 77, IR 23 H155 LR 1 HR Z R R, SR
RIMELAI2 S M LR 3] HR AASHEBE . A, LIRS IIZS BB [R5 B2 S B B R i 1A 7 87 5
BRIKRGIT, BARIAARZZ B BA S ISR 2 A RRIE 215 B TR R B (50 £ 25 4) 1) F 390552 i s
SIS, BRI — K BYBRERZE 4 7T LUK 215 B B BIR)Z , (ER BRBRIE P 3 X 15 2
FRIEFRZHHE, XIFA KRG,

N T R R, AR ST AGEE R AL TR A R R I 4 s B B Y SR
P TR FE S B (holistic attention back projection, HABP) WI%% 2 M 4% 40, F& =5 1l /) A1)
o mhe, EEAELED, KM EREE AN R T, WREEM SRR, LIS HR &
8 LR EURAEA LA I N FERR R [ B e A5 8 ) i) B 5 L Al AR AR A5 6L, DT 5% LR (%]
fGH HR EURZ RIER R 5 (A AR 22 I Bl 4 i, rTRASE @l i ar i 4 . ok, MUK
WM RS AT )20 B S (layer attention module, LAM) , VUINALE )7 24 I 22 N 4R
fiE, SCIARRHEZZ BIERRE . Ba, BT ORER N REZE PR A B ) SR, 5 AliEZS
(8] 74 & S1#EHe (channel-spatial attention module, CSAM) , FHR P RI3E 58 AN HRE )2 B9 = 0005 B

1 BKESNRREMEZZITE

TEARZ EAEFET, SABGE R Haris 242 HEZEMRIRE R B M4 (deep
back-projection networks, DBPN) . FIRIZ ML AE AL EL R+ 0988 43 R B AT 55 P 3R A R AP RRSCR
(0 25 BB R R RRAE 2 25 A 20 . Hu 5500 FE 2018 4R 5 v 4 H i T B8 0 AL A RE &, X4
TEE I 2 [A)AH AR A I8 R AT W O, AT 25 > B A R a3 AR, LAHOR SR T R0 45 A RRE
FIBAET), SR, Fe TR AL A9 J7 0 2 ROE I A s (W] AR OG22 T 22 RURE T2 2 1] Y
FIEARA M . AT T —FB A S5 RS MR A R, A5 4 BRI 5 4
FZREH Z AR LA RIS FLRF L, RIS AR RIS S, AT AR KA K IR - A o B R IR AT 55
BUS TR

2 MRAZE
SEXTER A B AR AL, AR SCHR A HABP [ Z5H INIE 1 IFR . IO 4% RO O 2L T
WM RO R TR BRI T R e R R U R A | SR
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i b B 2 o] TR AR R PG AN B A Ia] 5k 22 14 TR I SR U AN [R] 20 B IR GRFAIE , 1236 70
BIXSUGRFIEREA T 48, e et i R & OF Bt
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FEAE 4 OB AR
LN
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/ Layer Attention Module |

C Element-wise sum

| . F——

1 Concatenation

.

HEB |

B 1 HABP R&EERTEE
Fig.1 Schematic diagram of HABP network framework

2.1 HFEREVELR

FEXSEAR LR BUR 1y, M —2ERZRBCTL R BRI Fy, A Fy = conv(ly) o
2.2 ETHRER

TEL T FRIF PR OB RAS 2R 2 HHE oIS, B F A BISSE HIE)_EBGEBE (up projection mod-
ule, UPM) FIF#HFAEIE (down projection module, DPM) , PARIE— BT FIIRGARE F., A
st 107 UMERDLE= T3 BN L e, o, i pw SRR |2 LR T 4
F = DPM(F_),i=2,4, 2N,
B, 2N +1 Fon b, THEEEAEI AR, X8 F,,, 2 TRABEAETIIR B R LR IE, 1 F,,
Fy oo B RN TR BIRRIE s F) L Fy - Fy Rl D BOE RIS B RE, i F,, F,, - F, 2
T ESEREYARBIARAE . 3@ UPM, AT DPM, AR ICHE S, (ARSI R 2R AR R vh 2 o] BRI 3R 22 51
BRaa ML, AW RZ%
2.2.1 UPM %5#4

BT A FUAT AR AR Y 25 (RN ZE FE 10 S 45 AR AT DA HRRIE Y 25 (R4 B2, BT DATE BT #8 i
Hr, 5% DBPN' i EUAR, R SRS B A BRI S BRUR SRR AE 25 [e) 2 JE i 42 T (FEAIE) o H2 S
DBPN [WZEHA A F], ASCTER— IR EREE TR E S R4 (BIREUR BR) I, BW5IATET
PLE, H AR R A SRR, [ R SRR, O TR, X TR
FUEEE RS (convolution channel attention block, CCAB) #l/zx ¥ FiE 1 H 23k ( deconvolution chan-
nel attention block, DCAB) , iXPHANHRAGLEFIUNE 2 PR, T4 U BCE AR 0 1 7 ) 25 40 2 4R
[y, Bl RS g —r 45t I

WE 2 FR, 7EREAR (S4RTH) FREas ey, Jexti A MR IEE T B (BB, 4
FEIEECH C WRHE, AR BRI, 531 x1 x C BFEE, BEA R AR —4 =2
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MM, ZMKRMAZA CMMEIT, REZAE C/r DA, MlEA C M gon, H
o BB, IR ORUE B T, WAR B BRCY Relu, 0 11 2 A9 W B9
BN Sigmoid . Z FIF LIH F Sigmoid, J& R T XF = )2 #1285 W25 1 i B A0 — R Ab B DT A5 B HUE v
FITE 0 ~ 1 Z M ACE R, el iX MEHEZB S LS ERE (RERZ) WFHEMH, S0t
Fede (BH4E) FRAERYEIE AL, SJEHEMBURIEE MBIER (BUREMR) F#IE L, 531581
58 e B HTRRE .

I T

@ Sigmoid function

® Element-wise product

@ Element-wise sum

ﬂ Deconv/Conv+RelLU

&9 MaxPool
=7 Channel weight

B2 BR(REN)BEITERTEE
Fig.2 Convolution (deconvolution) channel attention block schematic

HAFE AN H ORI EUR PR, IR EE A T 20 SRR E . R ] CCAB
FHRHER 2SR AE RS, TCIRIR PR = 4 R RRIE 580 PR R IR Z ARG I XT R G R, Ik, RSO
DBPN Ay EAH, 588 fdi ] DCAB Ml CCAB, DATHERRAELE & . R4 2 [ A0 B 4, gk imi=4 > )
RS HERARAE Z [ U (R R S 2R o X FR 4R FHERAE 25 (0] 43 9 R (1) UPM B 4549 4nf&l 3 Fifss . 5 DBPN
WS IR, ACGIAT —41 x 1 BBk A iG-S, X2 RARTRIEATIA, XFERT LIS
R TR OISR XERE | (s A BB AR5 A i sh, A BTk S s,

3 UPM M TER
Fig.3 Schematic diagram of the structure of UPM

UPM AT N 1, = C {1 D[C,,, (C[DU) ],1) ],D() | o Hrb: D Fox R EPUHIE T EHIz
B CRREPMIBEEIEE, C, (-, ) TR ABNPALFHECFEE B 4T P, RJEM1 x1
i

UPM 8 it b T 288 1 7 USRI R, KR B AR IE 1) i Az Abid ), 1) S DCAB #27+
THERE, SRS PEREERE N I o K5, 1) i#id CCAB AR E] T iR R e, B HICh
I o B, BN FRRAE 1) A 1 Wl AR, IR 1 x 1 BRSRIETE A R,
i RIS, KL F N DCAB $RFHRRELERE , 7k AR R A & BRI ICAE 1 o e, BPRTIRR
BRASEIRRHE 1L A L BRBEFHR e —1 1 x 1 B8, B25JE & PEREHE 1, |
2.2.2 DPM %5#4

5 EBGEAY o T AR B AR SGHE Dl A O 1 Oy ok F 8 = 2 BERRHE
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i, DPM 454855 UPM Z5#925 ), fnl& 4 fin, DPM AR K1 = €, 1C[C, (DC(L)Y], )],
CUt o

o
i
I—
qd
||
Q
I
d
=~/
\
4

E 4 DPMmZ#HREE
Fig.4 Schematic diagram of the structure of DPM

2.3 EBEFENEHR

Zopt BB S R B TR R ERE F R, e F AR EARIE F, 502550 AR 2 e
F'| = LAM( concatenate(F, ,F; -+ F,,.,))
Fy, = LAM( concatenate(F, ,F, =+, F,,)) .
ﬁ‘)%/fj%:jj*ﬁﬁ%, concatenate () %‘%%’I%#%?Eﬁﬁﬁﬁ?ﬁo

A LAM I FE R . 568 UPM 3B ERIE F, Ry Fyy F, TS IS YR BRI R, R
JE b R ERAYLE A AR LAM, S EIAGHRREIC A FLL . 50U DPM S EIHRRIE F, L F,, - F, R EC
JEHIA LAM, 3814558100 Fro X H, LAM B9/E 234 58 STk R 9 RRAEJZ ,  [R1B 4 il 5Tk i)
FRIEZ

37, ASSCHEH] CSAM [ 3 10 b 47f $12 380 08 (]R3 38 P 0 22 B 45 R RAR AR, HoE )
K Feg = CSM(F,y,,) o Hrr, CSM Rz [E BRI, F 3R 18 25 [ B AL th 1 R-IE
o T o NS @ 2 D B 9 =R B & 11 1 G B 1= Rnd 1] PE =
2.3.1 LAM %5#

wE 1 R, YRR T RGEARUE, T e R B R, X B A
JF UPM Al DPM fi tH () i (B)RRAE o () RRAE 0 2 2 45 SRR 2 SCHEAE T, (R BTS2 N 1A FIr A
[f], R 7 sm AL S SRR AR M 0 i AR AR, X AR 5 Fros 9 LAM 2% 2 i A AR 2 AL, DAY
R LRHIE 2 A, 0 NIEE ERHIE 2 A AGE

W s FroR, ZBE AT DUEE T UPM 15 200 & 0 B AR E, donT LUZ DPM 15 8 9 Ik 4 B
FRHIE, 9 TRORTTE, H F o Fom A DPM i th Rk SR BRSO F 5 BORHIEAL, H F o R BTT UPM %
YRR SRR B O IR A5 B AR E A

B DU TSP REL F o AR LAM, ¥ F AEREIC R N x H x W x €, 3B N FoRFHIEH
(AR, H FRFIER SR, W RRFHEN T, € RoRFHEEiEEL,

N TSR ZAACE RE, XIS, e, BRI F IR
N x HWC W e, R B 500 M A e e Ao, B2 B MG w,, = o(u (F), -
[w(Fe) 1) i, = 1,2, N o H: w( ) FORHRRELEZ IRAE; o () RO softmax BREL; - J2
WA w(F), RARFEA w(F) B 0175 [w(F) 1] Fmp(F,) ¥ERE 51,

I, EAHRIRAHSCERE R SRR w(F,, ) H3, IF BARRLI—DIBIN T o, HENEROT S HE
SRR F AR, 133] LAM S0 4R, LR Pl = o [w,, xu(Fo) ] + F o Mo,
(=) A (o) IR RHE RS BTN EE, x RRBEENRLE; o BIFETSE
HAs1EH 0,

XABEHAL S LAM A CSAM, LAM AN T H, LAM £
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| : EE =N
EEEE Em

= = = Correlation matrix
HENT EW

___ Reshape Transp Sofmax W N
| ] ranspose e [ e ] RO EEE =
HEEE N
' : U
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=
e Reee Nfﬁm
)
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[ [ ————»

C ]
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20
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E5 LAMKZEHREE
Fig.5 Schematic diagram of the structure of LAM

H EBGRRTE Y, LAM 8RR AL, ok 1 4k Z () 9 SCHC M, R  du3f o 1 stk
RHIEZ
2.3.2 CSAM 45#

AT, PUA 2 BB AL FEEOCERHE R 2 45 (9im) , 2N TEEE S, i
A FE R ML SRR A T AR, AN TR RS M B A TR A WL R G —
JERFE SR T LAY, 1A )R R 0B DU it e 1 (40— e DX S E A DR IAR SOy T —F e
(1) CSAM , IZAEHRAEAS ] 18 I b=y > 38 38 (8] A2 o] b4 4E B R R B, Z5M Nl 6 s,

09—

Conv.

HxWxC HxWxC

Correlation matrix

B 6 CSAMm&irEE
Fig.6 Schematic diagram of the structure of CSAM

I L AT, LR B S E A, BTLL L R AT — 2 0 0 T A
U, B E R, ACSCRR LT B S — 2 O S AR AR, 2.2 WRTA,
bR B S — R RN Fy,, e R™C RGN Fy,,, 00,

WE 6 B, B, ¥ F,,,, W EESEEE NS — R 3 x3 x3, KN 1SR
JEU 3D F B, S AL A R W SRR MU W 285 sigmoid BRELT
S50 18 75 (AR B A AR M (correlation matrix) , fe)e, BFAHSCMERFE A ARRE F,, T B LR
M, IIAGRLALBIF T B, SHARHE £,y SR, 135) Fy, ,, BOEE 2 WVEEE5E, 2t %
RN Fos = Bo(W,,) OF ., + Fyy,y o Hi1: o(+) 0% sigmoid #i%k; OIRBITLER:; BRM%
SR, HAIGE N 0, SEIAEHEA L, Fo AAM S T F7AT 30 2 1) 30 5 A IRUAS B, 5 1 B0 2

http : /xuebaobangong. jmu. edu. ecn/zkb



46 1 BRESE, A TR M R BB BRI M 4 - 519 -

() M B TR A LG, CSAM [R] N2 J& 300 T8 AR 400N 2 [A] 4R850 RRAE (R 2 2 (8] A AR LA, A
W0 £ B % 19 3 17 1l 27 >J 388 T A9 5 3 T B AF DGR AR
2.4 EEER

BN W4 0 B S R A T AR B, i AR R A S TR A LR, AR R G Y
M A BRI 22 300 18 8] Y E 2 A5 B i a BER AR, B 2 N RHEIEIE F AR R A ST RHE
b, DMEREAMSAE E AR R IER AR R . BAIERR

Fl = UT(concatenate(Fo,FtA))o (1)

Hopy U B RER, Folld 2, mE 1, 7220 (1) ol T — P REBRBRIZEHOR
BORZ NS EN Zhid B RS E Ik o 3K HOR T SRIVR 2 RAE AR B RHAE AR RIVE T, 43 e PR
AR LA AT Y1 2k R B, SRV AN RAEXT 25 R a9 VR

WG, B FL. FYL . F TR, KM EERERIE PR ERER, AKX NI, =
conv( concatenate( Fy ,F}\ ,Fe)) o
2.5 WKEREHIZIT

BT R B M ZE AR A5 R A AT R R B R LA A ) B E R, AR TR )
R HER AT 55 b, R R PRt B OCH 2E

WA BRZHO07EE ] L33 LK KA, BT LR RBCTC 3] HR BRI TE 2 RS
O3A, BRAEAES SECEAS ) HR BUR G 778 . AT LR %, LUK R B A TR & 4%
PE, FE—@RREE LAl AR BRBERCFIEASE , AT EUG I A\ A e 3z, (i 2 e (o) £ A3 A X
BEK, HaMBRMMATE Mg, Bk, ASCEH Charbonnier #5145 pREL ), 12451 oR 4K W) 1 i
T LR SRR R SR AT R L, 450K pR RO Tl A BRSO A R, BAR A Ly, =
AWL;(HwP@mmfmeY+éoﬂﬁuHmHQ%ﬁﬁi%%EEM%nﬁﬁﬁﬁA
FE A M AR D PERENR ;. HR Fm SR PRGN s PR SE 1 G, H. W, C il
ARG R, SIS HR, FREPIERSEE R HR 7E(i,j, k) MEEE; i e 2
HMESE, —B107,

3 XWHERKEDH
3.1 XWHIESE

AR DIV2K BG4 RN ZR M 4%, BEEUH Y 5 RS % s 52 1E R4, B SetS
Setl4 | B100, Urban100 F Mangal09, A< SCil i Z# 3 i il SR R R A (0 880, 389 7 VA B Ao e e
(90°, 180°F1270°) | Lu@l4iik (—MS20.6~0.9) , FEEFIKF-HHE
3.2 HEBSHIZE

GRS E. L FREAES S, AT 2 AR THHMERBE N6, BRIEEN2,
padding BEE N 2; 763N EHMERE RN 7, BRKEEN 3, padding BEEH N 2; 164 5HCF
FHHMER K/ NA S, HRKIEE N4, padding WE R 2; EHABH P ERZE NG R 3, LK
WEYA 1, IF HERFESE OB R 5 i B A LLAL ) T 046 BN R 46 FR2 Ja T AR A B — 4
ReLU 375 PR,

FTFBGEEISEE . RAT9 > DPM I 10 4> UPM,

AL SEOR E . R Adam TRA6ES, Hrhpiinas 2] 508 10 7 B S 2o B DKol shit g,
B, ik, ABIsEE M 0.9 10.999, He=10",
3.3 KHER

ARTTPRBE 10 PR E AR 5 NN 4E B 5 A SO HABP ALY L8, 53X 487 02 Bicubic
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SRCNN' | ESPCN'®' | FSRCNN'"' | VDSR'"', LapSRN'"*'  MemNet'"*' SRMDNF'"’ IMDN"' fI
MAFFSRN"" | Hh . Bicubic X =REMEAG{E, IMDM A1 MAFFSRN J2& Y4 R fof (08 HiA il 2
AR MU AR R 1 4500 T LR E A S ACSCHR Y Y HABP BERIZE 2 £% . 3 £5 0 4 f5 K
F FAYIEEIEMELL (peak signal-to-noise ratio, PSNR) AY{EFZEFIAHMRIME (structural similarity, SSIM)
MfE, I PER R RS, WA NRILRNEZRE mE, i, R b B 220 i
RGN IVR SR L7
Tl WEXBERETUXELINEEER
Tab.1 Quantitative results on the test set under bicubic downsampling

Set5 Set14 Urban100 Mangal09 B100
b Trik

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Bicubic 33.66  0.930 30.24 0.869 26.88 0.840 30.80 0.934 29.56  0.843
SRCNN 36.66  0.954  32.45 0.907 29.50 0.895 35.60 0.966  31.36  0.888
ESPCN 37.00 0.956  32.75 0.910 29.87  0.907  36.21 0.969  31.51 0.8%
FSRCNN  37.05 0.956 32.66 0.909 29.88 0.902 36.67 0.971 31.53  0.892
VDSR 37.53  0.959 33.05 0.913 30.77 0.914 37.22 0.975 31.90  0.89%
2 LapSRN 37.52 0.959 33.08 0.913  30.41 0.910 37.27 0.974 31.08  0.895
MemNet 37.78  0.960 33.28 0.914 31.31 0.920 37.72 0.974  32.08  0.898
SRMDNF ~ 37.79  0.960  33.32 0.916 31.33 0.920 38.07 0.976  32.05 0.8%
IMDN 38.00 0.961  33.63 0.918 32.17  0.928  38.88  0.977 32.19  0.900
MAFFSRN  38.07  0.961 33.59  0.918  32.38  0.931 32.23  0.901
HABP 37.82  0.960 33.56 0.917  31.92 0.926 38.23 0.976  32.12  0.899
Bicubic 30.39  0.868  27.55 0.774 24.46 0.735 26.95 0.86 27.21  0.739
SRCNN 32,75 0.909 29.30 0.822 26.24 0.799  30.48 0.912 28.41 0.786
ESPCN 33.02  0.914  29.49  0.827  26.41 0.816  30.79 0.918  28.50  0.7%
FSRCNN  33.18 0.914 29.37 0.824 26.43 0.808 31.10 0.921 28.53  0.791
VDSR 33.67  0.921 29.78  0.832 27.14 0.829 32.01 0.934 28.83  0.799
3 LapSRN 3382 0.923 29.87 0.832 27.07 0.828  32.21 0.935 28.82  0.798
MemNet 34.09  0.925 30.00 0.835 27.56 0.838  32.51 0.937 28.96  0.800
SRMDNF  34.12  0.925 30.04 0.838 27.57 0.840 33.00 0.940 28.97  0.803
IMDN 34.36 0.927 30.32 0.842  28.17 0.852 33.61 0.945 29.09  0.805
MAFFSRN  34.45  0.928  30.40 0.843 28.26 0.855 29.13  0.806
HABP 3446  0.930 30.42 0.845 28.24  0.854 33.49 0.944 29.14  0.807
Bicubic 28.42 0.810 26.10 0.704 23.15 0.659 24.92 0.78  25.96  0.669
SRCNN 30.49  0.862  27.61 0.754 24.53 0.724 27.66  0.858  26.91  0.712
ESPCN 30.66  0.865  27.71 0.756  24.60 0.736 27.70  0.856  26.98  0.712
FSRCNN  30.72  0.866  27.61 0.755 24.62  0.728  27.90  0.861 26.98  0.715
VDSR 31.35°  0.882 28.03 0.770 25.18 0.753  28.82 0.88  27.29  0.726
LapSRN 31.54  0.885 28.19 0.772 25.21 0.756 29.09 0.890 27.32  0.728
4 MemNet 31.74  0.889  28.26 0.772 25.50 0.763  29.42  0.894  27.40  0.728
SRMDNF  31.96 0.893 28.35 0.779 25.68 0.773  30.09 0.902 27.49 0.734
IMDN 32.21  0.895  28.58  0.781 26.04 0.784  30.45 0.908 27.56  0.735
MAFFSRN  32.20 0.895 28.62 0.782  26.16 0.789 27.59  0.737

HABP 32.22  0.896 28.63 0.784 26. 13 0.787 30. 48 0.909 27.63 0.740
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F1B/RT 1 MR 2 5, 35M4 RS FERSGR, fE4FERNFBIT, A
HABP {9 HE 5 A Bk LA HA AR Y . L PSNR F5453k A, 7EMA4 B100 L HEE — &t 0. 04 dB,
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Fig.7 The results of the 2 times reconstruction of the bird image in Set5, with PSNR and SSIM values
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Fig.8 The results of the 2 times reconstruction of the comic image in Set14, with the PSNR and SSIM values
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Fig.9 The results of the 2 times reconstruction of 69015 image in B100, with PSNR and SSIM values
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Fig.10 The result of the 3 times reconstruction of the woman image in Set5, with PSNR and SSIM values
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Fig.11 The result of the 3 times reconstruction of the baboon image in Set14, with PSNR and SSIM values
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Fig.12 The result of the 3 times reconstruction of 69040 image in B100, with PSNR and SSIM values
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Fig.13 The result of the 4 times reconstruction of the head image in Set5, with PSNR and SSIM values
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Fig.14 The result of the 4 times reconstruction of the monarch image in Set14, with PSNR and SSIM values
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Fig.15 The result of the 4 times reconstruction results of 013 image in Urban100, with PSNR and SSIM values
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