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Lightweight super-resolution reconstruction via progressive multi-path
feature fusion and attention mechanism

LIU Yukai, ZHOU Dengwen
(School of Control and Computer Engineering, North China Electric Power University, Beijing 102206, China)

Abstract: In order to further explore the possibility of applying super-resolution methods on computing and storage re-
source-constrained devices, this study focuses on the application of deep convolutional neural network technology in
single-image super-resolution, especially how to improve the performance of the network without significantly increas-
ing the network size. In this paper, a novel lightweight single image super resolution (SISR) method via progressive
multi-path feature fusion and attention mechanism (MPFFA) is proposed. MPFFA includes a multi-path FPF module,
which can progressively guide and calibrate the learning of the following features through multiple paths. MPFFA also
includes a multi-path feature attention mechanism (FAM), which can improve the utilization rate of feature information
and the ability of feature expression by splicing multi-path features with weights. The experimental result shows that
MPFFA significantly outperforms other representative methods, thus achieves a better balance between model complex-
ity and performance. The proposed model can be better applied to computing and resource-constrained devices.

Keywords: image super-resolution; convolutional neural network; feature fusion; attention mechanism; deep learning;

image restoration; peak signal-to noise ratio; structural similarity
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LR) EME K & % 1 /Y 5 43 % (high-resolution,
HR) E&, C 4w 2 T 1 @B B ik 45
N 27 AR ST DL e ek . SR 77T, SISR & —
A2 ML g A5 ) A, DR SR — > LR R AT LLXS
Z/> HR 1% .

%8 43 3% (super-resolution, SR) £ A ) fiff
FUARIC RO e, 2R, 36 TR R B 22 4
(convolutional neural network, CNN) FJ R 57T
SISR HLARKYBFFT . B 43 2] 3 42 >J LR A1 HR
PR 22 [] 1) S5 e KR, I 5008 1 SISR iR RE . H
J&, BT CNNs Y SISR 75 i /™ HAR T 19 2% B9 A1
B, RO RO 2% rh S8 | R (2 80 F 98B (Gl JE
B 5. EEF SISR M PERE, 1R 7 2 AR
BRI 4%, il dn . Lim 4550 35 1 4 T 20 14 12
R 73 FE 3 1 3 5 U TR i 5% 25 M 2% (enhanced deep
residual networks for single image super-resolution,
EDSR) J7 ik, H 65 NEFUZ, SRR H] T 43%10°%
Zhang % 1 1 Al VR 1 5% 2% I T R ) ) 4%
(very deep residual channel attention networks,
RCAN) B RBUZ 0 1 T 800 J2, S8kt 24 16x10%
EDSR il RCAN 75 J7 ¥k SRR A R 4F O PERE, (2
7 LR BT AR RE 0, ME LR R RS2 IR 1Y
W B, B, Bt R E R M GHE A
T KB, X T Y HTAY SISR Jr ki 58 & A 4b
B o AR A R R P A AR 22 M 4% CNIN AL 7Y
52 F 2R SISR 1P B =2 [1) At 37 S e ) -4, o —
A EA P )&

2 B2 5] e — R AT 9 SISR 19 4% 4y
{4 . Zhao %' §i T —FhlE i LAY SISR
W25, FROMAR R 1RSI M4 (pixel attention net-
work, PAN), 1% R4 272x10°, HIIG T #4F
AIPERE . PAN A9 SC-PA (self-calibrated block with
pixel attention) Y43 & 2 4032 . — oSl &R
Z R 7 (pixel attention, PA), %433 & H T
B R AR AEAS 5 53— S R HE R 5
FRUZ, PRFF UG RRRIEAR B o 2 20 SR e i B
J5 #E 4738 18 PFE2 (concatenation), Wang 25" [
ST T R ARRIE (RVET B R AE) A B T 241
JEHFAE Y2 2] 5 Zhao %™ A ST W« SR AL
(I E PFE, AT A ITiAT o, T LA
FRAF IR IR BE JT . AR SCEEAZ Zhao % Wang
%R Zhao % I TAEIS &, SRINT — AT £
% A U T P R O AL A 4% R 2R SISR M)
#% (multi-path feature fusion and attention mechanism
network, MPFFA), 4% 576 T2 24 T Zhao %5
$E Y PAN, B0 MR T 200 32854 (3 A

520, % Wange U Bl B RE 2 2T 1 K, T
HEAT R AR S ORI R, 0T AT — > 20 SR AR 5
SRR Y T4 52 BOERE 2 T, JFARAE Zhao 2™
AR s 45 21, 4R 10 T — > 2 B E 2 )
BLH, e AL A A 53 S REAE 38 38, 347 BF
$%. MPFFA M4 T .0 11 2 BRIk 12
B M (multi-path feature extraction, MPFE), MPFE
AL 45 22 B R AE 7 E Bl & B (multi-path feature pro-
gressive fusion, FPF) Fl £ B¢ K¢ fE 14 & J1 ALl
(multi-path feature attention mechanism, FAM)2 {~f
e, FPF i o i i 0 FR1E, 2 Bk b 5| 5 5 T
FEOE A 42 0L, 215 3= T ARR A A9 3 20 FAM U
3 2o T, AL B R B S, PR T
PHZ . I R CH A e #E iy SISR J7 k1Y 4 f5 SR
FEAIFE Urban100 46 48 b 1Y 2 80 AP 41155
I {5 M L ( peak signal to noise ratio, PSNR) 2%
AL DL Y, A SCH2 H p 458 30 Jg i 2t 32 WP 9 A%
R, B ER W 5, A SCHE 1 B MPFFA J5ik, i
LT AR H ARl B O ik, AR A AT T
JEFPE R = 8] P-4, 4 T3 — B i Ko

1 2R W & m Ak T

1.1 BERSISRFE

Dong 2%V 45 1 AN 1 T 5F CNN 19 SISR 77
% (super-resolution using convolutional neural net-
work, SRCNN)., ZJ5, 1B 7 K& £ T CNN Y
SISR 77", {HJL, 3T CNN [ SISR 7 &
PO T 190 28 BUASE . 3, O 2 BB BR O, 3R GK BB
JyBsE, VEREQL B, SR, BRI M 2R AR 2
TR S HoR R R, X W R S T AT R
FOAF it B IR 2 BRI e o8 Bl . O 1 e ix
— @, 1P T KT CNN Y52 5 24 SISR JF
Weo BRI AT YRS SISR W44y
B Mg, BAR AT LI S 80, B RN e
WD Tk X — R, 1x1 4
N 7 - AN i 1] I = 2 R =
e 45 B 2o AR A ek 4 SISR W 45 S g vh 32
T, sl 1 PR, ARSCR T 2k E S
FEVE R IHLE, Bt T — R A g, b
TSR IR, $E 1 SISR PEREFITT IR
12 ZREFS

Z e > J2 CNN ZRM i — P H ZIE A, 5%
2 3t ' P 1 AT AR SISR 454 H th
B W 2 BR AR 2] o R 2R JE RN B B R 8
B R R AR AR R AL B, (H R 23 36 BK R YRR
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FRIUA . Ay bt 2 B At se o), 4R R R AR B
(IR R IR RE T, FFEE2 BIRFTE A SR B,

26.50 i
) LatticeNet
° o o AWSRN-M ACAN
[ )
26.00 - JREDN °/4' o X\ AAF-M o
: PAN IMDN CARN
LAPAR-A  MAFFSRN-L
m [ ]
= SRMDNF
% 2330f ® Me;nNet
& DRRN
A~ °
25.00 LapSRN
2450 e SRCNN | o VDSR ‘ .
) 400 800 1200 1 600
R 24 /10°

1 BAEH SISR AEMSHEM T PSNR ER
Fig.1 Average PSNRs and numbers of parameters for
each state of the art SISR method

Wang 25U 42 0V 75 1 4 B AR A e A'F (at-
tentive auxiliary features), £ 7% 2 P FEE 4 —A>
43 355 TR B ) A RR AR 2R AT 38 TE P T
a7, P A A L, 2R ) A i TE Y
B 5 — A AT ERUE S . Zhao & i

) PAN, FEASZH il L2 A AL ER SC-PA., SC-PA
AL 2 9330 — A0 3l PA, T4 U
= 2 AR B 5 57— 43 Sl AR o 1 5 R
J2, AR LA R RRE (5 B . 52 8] PAN Hl A’F B9
K, ASCRHT 3 453, I HAT DL ik 11 1 i R
1k, Zo B ot 5 | 5 J T RRAE () $2 5
1.3 FEAWE

VER ALY s NI R 5, B
e Hsh M R AT B E R X, AR & A0
W AL SRR, R R RE TRA
R S B8 A, 2 R AR AE B0 R P R A ke Y
Zhang %" 35 A9 — A 2 E R SCHEEE B (multi-
context attentive block, MCAB), A AJ DA [a] i 56 14 i
T Y FE 23 () 4R B 2 R RO O 2R o AR SCHE 1Y
Z2 B AE TR R ML, 38 G A P 4 22 i R
fiE, #E— 25 b 5w R e 5 RE

2 KX F &
7RSO T 22 B O 0 R R R

ML B 5 5 9% SISR M 2% (MPFFA) 224y, & I
K 2(a),

)

Concat

-
Conv o

‘ P A
A, : i 3 @ Sigmoid PRZ%L

o

Concat

}Y F | o o
-GG~ - (e
| i (eee) i

N i |

| [GAR] 4R TR |

(d) ZEEAFIESEHUR MPFE

(e) it Z UL

B2 ARNXEBIZEN
Fig. 2 Model architecture of this paper

MPFFA FZAHE—4 33 FHERZE | — PN IE
J2 R HE R BUER (deep feature extraction block,

DFEB)., — 732 $#1iE Rl 1 5 J1 Bk (hierarchical

feature fusion attention block, HFFAB) F1—~ - %
FEB (Upsampler)4 7871 o 3x3 BYERZ T4
WUV 2 7 iF , Upsampler i i 7 PAN' f) | Rk
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e, HFFAB FEZAEH] T H T 8ok BG40 B %
(A R B B 1 7 T I 4% (two-stage attentive network
for single image super-resolution, TSAN) Py %
R SCHER B MCAB, b TN R, X
AF| MCAB W FFIEBIE, H 1x1 (&R T
4 355 B 45 TR 4 5 %F MCAB (% HY A5 AF 8 38,
A <1 BB T T 4509 9K, ACTAEER
% DFEB, fU45 3 MR IEHE B4 (feature extrac-
tion group, FEG). £ FEG 7 6 2% M RRME 42
HUHt (MPFE), £ L& 2(b), FEG 25U 43 2 FR1E
PEATPF%, IF4 HFFAB TR Gl TG, DI
e A8l R AR AR S B RS 1Y B SURMIE .
% FEG #J MPFE J2 A& SCHOR 2.0k 1 o 4
MPFE £ 4% — > 2 B e ik ik & e (FPF) Fll—
A 22 B AR TE B AL (FAM), Z WA 2(d).
FPF fl FAM WTEAIN 41, Z 00T 3C 2.1 f2.275,
MPFFA ZE it 40 & — >4 Ry 5% 22 i 4, LR KR
S O = YA AR R B H AR SR BRI K/, F
T AR/ 44 MPFFA B4 N384
{E%/—\HE%E/\E@ LR @1%5":’1LR,ILR§%@H“/I\
3x 34 BUZ S IO SR FRIE
Fo = Convs,; (Ir)
FH s Convays (VN3 X3, Fo ok Hof 0 R 1E
58 o Foiffii A% DFEB, #E47 ¥ 2 R AE 42 B,
DFEB 4 & 3 4~ FEG, &1 FEG X U 6 1
MPFE. Frll, Fodt 2 3d 18 > MPFE, &1
MPFE F4 i il LAZoR K
F,=H,(F,),n=12,,18 (1)
X : H, ()R 5n > MPFE sREL, F, o0 Hofi AR E
55 o A FEG W 250 Fs . FuflFy, AT
i JE P
Fio = [Fs, Fia, Fis]
s [ AR AR 8 DR, Fuo b PRI BORRAE,
1 /& DFEB Bty i R4, P A ] HFFAB:
Fy = Hureas (FMO) (2)
l—f«t ':F': HHFFAB(')j‘] HFFAB I%lﬁ, FMj‘{I;H\:iﬁ,"H B/‘Jq%‘:
fIEAF B, Fu PR A R
Isg = Hy, (Fy) + Hyie (I1r)
o H s Hyy (O FoRFEHR Upsampler PREL; Hyio ()N
A% 8 B R = U A 1 oR K, B N B Bk 22 H, ()Y Hil
A5 B e 2 1 H AR SR B8 Ik 4T SISR
T SRR, K ZHOR AR K15 5
e E R, ARSI T PAN' B SRR
2.1 ZEFHEHEMER (FPF)
FPF 3% &% Zhao %' fl Wang 2" T4k 1

A, BEAT 22 % (R S 3 ) Wk AR 2 AN
FltG, I PR I B RRAE 5| RRS Y JS T A AR AR 2
Mo A THEET I M x IWERZE; 24
SCHEALE T 1T x IR B BUZ AT T A3 309 45
2,2 A B B2 Z A S 14 LReLU™ ™ JEL: 1 ik
TG BRI, 56 1 2% SCBE IR 21 X 109 45 AL Sig-
moid BREL, 515 FIRHEIZ SIS FRAE; 5 3 4550 1%
AL 1M I BEBUZ A 2 D33 ERZE, 21
HBRUZZ A5 14 LReLU AR 2R M 3076 R %L, 26
2 F% S B RRAE BROE a1 < 19 B LT Sigmoid
PR, 51 S A T IZ SR R IE . IR B F, HIF, )
SJEEEn > MPFE R4 A RIS, 200X (1). 3 4%
SRR REHE R RRAE S HH 00l Dy (2% T LReLU 3
LA PR
X, =Convy, (F,_1)
X, = Convs,s (Convy (F,-y))
X5 = Convs,; (Conva,s (Convyy (F,-1)))
AP Conviy N x I, Conva ()3 %30 4
B, 3 2% S B HE JS RS L 43 5
X =X,

X, =X, 0(0 (Conv,x (X))))

X} = X;0(0 (Conv,y (X))
A o ()N Sigmoid PREL, © R XF N TR AN, SR
J5i . 3 2R SRR e 1) AR R T R AT D, O
FHU x 1045 AR A 738 18 e 4 ARl o

X' = Conv i, ([X7, X5, X3])

s Convig (VT x 1B, [N E 8 PF 4%
22 ZWEFEEEHAISE (FAM)

FAM F %37 Zhao 45" TAERIH &, AL
R AR E PR, AT LIRS R IE R R IBRE ) o A
SRR SR T = AL, AT LA SR A0 N AU ik i
B, IR T PF . S FPF B S th AR 1E X, 38
i 4 Jap AL (global average pooling, GAP) 4
IR IRAE [0 i, SRS, & SOl IS 2 1 x 1
BRI BB Z A7 14 ReLU™ 54k
PE OIS pR R ) AT TE ) 48 AT Bk, e
1 ™ Sigmoid PR ECE BEAS AN 32 R AE 38 18 )AL E
I £

i & FPF B0 % fE DF 52y X =[x, 2,0+,
Xer o Xe] € RPVXC  GAP i8] Fem

1 H w o
z, = Hgap (x,) = m Z ZXC @ J)

o Hoar ()N GAP BREY, Z = (21,20, 20+ 2c] €RE,
3 S RRAE 45 Al T AL 0 R R R (BT
ReLU JEZ M 0 pR %)
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A; = 0 (Conv,y,, (Convyy, (£2))),k=1,2,3
A Conviy () HIx 1 E T, n > FAM B 5% %
Fthy, AR A
Y =Conv,,, ([A 0X],A,0X,,A;0X;])
K Conviy (O x B, X (k=1,2,3) K
FPF YL 3 4% 3 i 3 09 RR Ak, 120 5k 3 18 PF
He, o BUEE 1] f JC 2R 5 00 N RRAIE G G AH e .
T T AR E R, Hn > FAM B St AR IEF, 5
BRI L 5n A~ FPF B AF, -, B
F,=Y+F,,
23 S EFEMEES SR (HFFAB)
MCAB"”! A B 45 15 B 4 5 f9 b T SCRRAE
HFFAB HJEfEZ [ F3CEE 18 (MCAB) Hi &
B — NI I ERZ . 81— x 11 &2
FE4i R IE , DA b 8 5 — 1 < IS
E Y RERIEEE . HFFAB Biiiz 5, 2 W (2),
kRN N
Fy = Conv,y; (Hycas (Conviy (Fio)))

3 | %k MPFFA £ %

3.1 EWigE

YR B, A SCR AT B9 DIV2K™ $iffi 45
VE SR I 25 F0 56 TE s 46 . HiT 800 K B f5 (001~
800) FH T UIIZk, 10 5K MR (821~830) FH T4k, #%
120 DIV2K vall0, R T il/E X el %), 15t
M A HR BHSTT IR, 8 5 I H B = A {8
PAEAT R RFE, LI R R LR B . BRT R
KRR, AT 4R AR B Z AR RE T, R T I 2k
W B AT B Y i o B B AL X AR
7 90°, 180°, 270° 1 B AL i 5% LA B K- B G LA Xt
PR AT BRI 8 . 1 Se I ZRdr i <2 1L 80, SR
A P S G <2 AL, Y11 k<3 Fl x4 pFEAL, )
o, i T Set5. Setl4. B100. Urban100 F
Mangal09 3t 5 /-5 i AR SRS AT A
IEH A, 5 2 R B ik —FE, 76 YCbCr 25 ]!

Y5 (Y) 1818 [, PSNR FIZE 4 A BIME (structur-
al similarity index, SSIM)"! B ft , [R]B 75 St 32
T 5 2] B RN R A B (learned perceptual im-
age patch similarity, LPIPS)"" i i

BRI Zirpr, ARt R B AL E 32 A K A58y
48 By B, i AdamH fE AL 2%, B =09,
B, =0.999F1e = 107*, A SCREAIYIZR T 1200 4K
JAI A, WG > 38 N2 x 1074, & 200 41585 1A
iR —2, AR REE L, #id PyTorchm]
HEZR, —/> NVIDIA 2080Ti GPU 2 #i#% A, 3 ik
TR B Y1 2 A
3.2 HBhICI

T KAIE FPF, FAM LA &% HFFAB 94 51,
AT T 4 HXTLLSEE . 5 1 A SE5, AL FAM
Fl HFFAB, FPF #4003 A4~ 32 30 %, N &
AT ) R IR X i T A R AE AR o, DR A 2 A 2
% 22 18] A1 x 109 45 FRFT Sigmoid PR, 3X /AR F AR
i MPFFA_0; 5% 2 52450, 78 MPFFA_0 JEfili |3
B F T A AR AR X T AR AR AR, B e
f15 FPF, {3468 FAM Fl1 HFFAB, X M5 5l %
i MPFFA_1; %5 3 >S5 5, & 7F MPFFA_1 Y 5L Al
|, ¥4 HFFAB, iX MEAIFR iy MPFFA_2; 55 4
ASSCHS, JEFE MPFFA 2 AYSERE I, FE3E N FAM,
Rl 5¢ % 1Y) MPFFA W28 B A0 . 4 S EEAYTE DIV-
2K _vall0 $3E4E |, 3 f% SR #Y PSNR, Z L5 1,
] B, 25t T 45 A BT Y 2 8 AR (D
GFLOPs "™y Fil LPIPS 4 P! 4 5%, DUl %, K
W LPIPS {H /Nty v LLE 3 #5154 MPFFA_0
) PSNR 1Y 29.49 dB; £i% MPFFA_ 1/ PSNR 34
T 0.11 dB, 3B 2 B AR AR BT i Al G, i TR AR AE
B S HARRE B 2 2], RAR AR AR TR A
MPFFA 1, #i%] MPFFA 2 {4 T 15x10° (%
%5 F1 1.4 GFLOPs M 1+5 4, {ff PSNR {E 30 T
0.03dB, HZ A MPFFA A4 T4 %1 MPFFA 2,
PSNR X4 T 0.06 dB, 3 B X} 4% 4~ 32 B4R AiF 8
T PEAT AP 1) FAM B, 2 300 .

£ 1 MEEMAETMIERIEE DIV2K vall0 £ 3 £5 SR # PSNR. S £ . it EE#1 LPIPS
Table 1 Average PSNRs, number of parameters, computational cost and LPIPSs for X3 SR on validation dataset
DIV2K vall0 for different variants of network architecture

R0

Y FPFRHERRSr  FPF31M 44  HFFAB FAM  PSNR/AB {188 /GFLOPs  LPIPS
MPEFFA 0 x \ x 29.49 443 59.4 0.1861
MPFFA_1 \ S x 29.60 465 61.6 0.1836
MPFFA 2 \ S 29.63 480 63.0 0.1826

MPFFA v Y 29.69 523 66.2 0.1813
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3.3 $H{EREN4E (FEG) X%

AR SCHERI AL 3 4> FEG, 44 9 A5 A1 A A4
¥ MPFE., MPFE BBk, 2455 %8S
I LA FEG i 00 S [ % B R AE B
LG XHPERER N . AR SCAE DIV2K vall0 ik 4k
B AT T 3 SRR AR, D FEG
MPFE M0 5 B 5.6 Al 7. 2 40 T
RITE DIV2K _vall0 | 3 £ SR 55, &> FEG
/SR MPFE /> $i06) #5071 - #5 PSNR P RE FI S 40
AR
&2 AE MPFE NHXEE T PSNRIEGEMSHE

R
Table2 Average PSNRs and numbers of parameters for
different number of MPFEs

MPFE/A™ PSNR /dB ZHR/10°
5 29.55 445
6 29.69 523
7 29.74 601

18 Ao 45 a3 A, Al DL B 22 B [ & MPFE
BRI IN, BERLTE 3 4588 3 PR AE 55 Lt ae
B3 THF, X EU MPFE fe8 4 450t 7= 5 A A
X RIS B B A, DT B 4 b 2 o A R A
SR, 5 EHE A2, A MPFE /N0 3, 45
R SHCE WA K . XA AES SEE A AR5
HOINAE 2y, T W 2 BT TR A S ]
I, 7ESE R g R EEAE T RE 4 T R S 5
B Z B K &R, B —A A B 5, LA
PRAEC R BE A 54 1 e, SRB PR R AR I T F 5 Al
A, HHETF 5 MPFE, 6 /> MPFE /) PSNR
HAhNT 0.14 dB; 1% T 7 4~ MPFE, 6 {~ MPFE
PSNR W)/ T 0.05 dB; 7 i~ MPFE f#) PSNR 3% iii§
SRR, SRR RN —RE R, #E 78%10°,
AT R W 2% A R A 5 &, MPFE M40 6 (A
SCHR ), T REE— AT

34 ZREEFENVE (FAM) X1
341 % Z35u9R

J T % FAM £ 53l ROR, R 3
L FAM Beglo il 1 1 4532 #%, 78 DIV2K vall0 ik
£ FEIEATSCE . 3 /% SR Y PSNR 45 5% 4 29.56 dB,
X FAM 15 3 4532 %19 MPFFA #E% fY) PSNR
f£0.13dB. — 1AL E: FAM U & —
2% BRI [ MPFFA H 25451 FAM He (%) 45 1
(MPFFA_2) Y PSNR iA %1% 0.07 dB.
342 AMEFaR

SR D S8R . AR FAM g
YIS B, R UE 4 DIV2K vall0 -, 3 £%
SR () PSNR 45 %4 29.65 dB, . MPFFA 4% 37 %
SEARILZHE I, PSNR 1§ 0.04 dB.
35 ER#tmERE

H T RIS SCHR ) MPFFA J7 5 B9 A S0,
W H 5 H A AT AR SEAT T & R AR 1% H LA B
M T WA At A B L SR PR A ) e g, HA
TR 7 5 SRCNN™, FSRCNN', vDSR!"",
DRCN"” MemNet"'"!, IMDN"*' . REDN"* PAN'|
A’F-M", AWSRN-M. LapSRN™’ DRRN""  SR-
MDNF™" CARN"", LatticeNet””, MAFFSRN-L""
ACAN"" I LAPAR-AP", 7E 5 bl i S 42
b, 2.3 F1 4 4% SR () PSNR/SSIM . &% & 5
(B GFLOPs ™) £ 5Lt 3 3771, W56 2808
K 3 Fr7~ o [ LatticeNet 1 PANLAAN, HoAth 77 s
) PSNR/SSIM %5 5 1% | AR 1Y )58 3. Latti-
ceNet 25 5%, IR 1932 17 3 42 4t i i g s 7
Hi T PAN ffi F| 7 DIV2KAI Flickr2K'2 /4>l 21 %%
P, N T At A T SOh AR AR, 1
DIV2K Y Z4E I, FrdEAT 74k, PrLL, A4
J 5 JFIE 3 A 45 R A AR TR

R 3 KBSk SISR FiEM T PSNR/SSIM. S HEMITEELE R

Table 3 Average PSNRs/SSIMs, number of parameters and computational cost of various state-of-the-art SISR methods

ﬁijt . ﬁ};é&z}%/ FIA Y PSNR/SSIM

1551 10 GFLOPs Set5 Setl14 B100 Urban100 Mangal09
SRCNN 57 52.7 36.66/0.9524 32.42/0.9063 31.36/0.8879 29.50/0.8946 35.74/0.966 1
FSRCNN 12 6 37.00/0.9558 32.63/0.9088 31.53/0.8920 29.88/0.9020 36.67/0.9694
VDSR 665 612.6  37.53/0.9587 33.03/0.9124 31.90/0.8960 30.76/0.9140 37.22/0.9729

- DRCN 1774 17974 37.63/0.9588 33.04/0.9118 31.85/0.8942 30.75/0.9133 37.63/0.9723
LapSRN 813 29.9 37.52/0.9590 33.08/0.9130 31.80/0.8950 30.41/0.9100 37.27/0.9740
DRRN 297 67969  37.74/0.9591 33.23/0.9136 32.05/0.8973 31.23/0.9188 37.92/0.9760
MemNet 677 26624  37.78/0.9597 33.28/0.9142 32.08/0.8978 31.31/0.9195 37.72/0.9740
SRMDNF 1513 3477 37.79/0.9600 33.32/0.9150 32.05/0.8980 31.33/0.9200 38.07/0.9761
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ﬁﬁzjc . 7%&3%/ JIARY PSNR/SSIM
%k 10 GFLOPs Set5 Setl4 B100 Urban100 Mangal09
CARN 1592 2228 37.76/0.9590 33.52/0.9166 32.09/0.8978 31.92/0.9256 38.36/0.9765
IMDN 694 158.8  38.00/0.9605 33.63/0.9177 32.19/0.8996 32.17/0.9283 38.88/0.9774
LAPAR-A 548 171 38.01/0.9605 33.62/0.9183 32.19/0.8999 32.10/0.9283 38.67/0.9772
RFDN 534 123.0  38.05/0.9606 33.68/0.9184 32.16/0.8994 32.12/0.9278 38.88/0.9773
A’F-M 999 2242 38.04/0.9607 33.67/0.9184 32.18/0.8996 32.27/0.9294 38.87/0.9774
x2 ACAN 800 2108 38.10/0.9608 33.60/0.9177 32.21/0.9001 32.29/0.9297 38.81/0.9773
LatticeNet 756 169.5  38.06/0.9607 33.70/0.9187 32.20/0.8999 32.25/0.9288 38.94/0.9774
AWSRN-M 1063 244.1  38.04/0.9605 33.66/0.9181 32.21/0.9000 32.23/0.9294 38.66/0.9772
PAN 261 70.5 37.99/0.9603 33.53/0.9174 32.14/0.8992 31.93/0.9263 38.37/0.9766
MAFFSRN-L 790 1544 38.07/0.9607 33.59/0.9177 32.23/0.9005 32.38/0.9308 —/—
MPFFA (435 k) 523 129.4  38.09/0.9607 33.70/0.9190 32.21/0.9000 32.34/0.9296 38.98/0.9767
SRCNN 57 52.7 32.75/0.9090 29.28/0.8209 28.41/0.7863 26.24/0.7989  30.59/0.9107
FSRCNN 12 4.6 33.16/0.9104 29.43/0.8242 28.53/0.7910 26.43/0.8080 30.98/0.9212
VDSR 665 6126  33.66/0.9213 29.77/0.8314 28.82/0.7976 27.14/0.8279 32.01/0.9310
DRCN 1774 17974  33.82/0.9226 29.76/0.8311 28.80/0.7963 27.15/0.8276 32.31/0.9328
DRRN 297 67969.0  34.03/0.9244 29.96/0.8349 28.95/0.8004 27.53/0.8378 32.74/0.9390
MemNet 677 26624  34.09/0.9248 30.00/0.8350 28.96/0.8001 27.56/0.8376 32.51/0.9369
SRMDNF 1530 1563  34.12/0.9250 30.04/0.8370 28.97/0.8030 27.57/0.8400 33.00/0.9403
CARN 1592 118.8  34.29/0.9255 30.29/0.8407 29.06/0.8034 27.38/0.8404 33.50/0.9440
IMDN 703 71.5 34.36/0.9270 30.32/0.8417 29.09/0.8046 28.17/0.8519 33.61/0.9445
3 LAPAR-A 594 114 34.36/0.9267 30.34/0.8421 29.11/0.8054 28.15/0.8523 33.51/0.944 1
RFDN 541 55.4 34.41/0.9273 30.34/0.8420 29.09/0.8050 28.21/0.8525 33.67/0.9449
A2F-M 1003 100 34.50/0.9278 30.39/0.8427 29.11/0.8054 28.28/0.8546 33.66/0.9453
ACAN 1115 1051.7  34.46/0.9277 30.39/0.8435 29.11/0.8055 28.28/0.8550 33.61/0.9447
LatticeNet 765 76.3 34.40/0.9272 30.32/0.8416 29.10/0.8049 28.19/0.8513 33.63/0.9442
AWSRN-M 1143 116.6  34.42/0.9275 30.32/0.8419 29.13/0.8059 28.26/0.8545 33.64/0.9450
PAN 261 39.0 34.30/0.9266 30.30/0.8416 29.06/0.8042 28.02/0.8493 33.34/0.9435
MAFFSRN-L 807 68.5 34.45/0.9277 30.40/0.8432 29.13/0.8061 28.26/0.8552 —/—
MPFFA (43 J5#) 523 66.2 34.51/0.9283 30.37/0.8424 29.13/0.8058 28.35/0.8550 33.85/0.9461
SRCNN 57 52.7 30.48/0.8628 27.49/0.7503 26.90/0.7101 24.52/0.7221 27.66/0.8505
FSRCNN 12 4.6 30.71/0.8657 27.59/0.7535 26.98/0.7150 24.62/0.7280 27.90/0.8517
VDSR 665 612.6  31.35/0.8838 28.01/0.7674 27.29/0.7251 25.18/0.7524 28.83/0.8809
DRCN 1774 17974  31.53/0.8854 28.02/0.7670 27.23/0.7233 25.14/0.7510 28.98/0.8816
LapSRN 813 1494  31.54/0.8850 28.19/0.7720 27.32/0.7280 25.21/0.7560 29.09/0.8845
DRRN 1774 179743  31.53/0.8854 28.02/0.7670 27.23/0.7233 25.14/0.7510 28.98/0.8816
x4 MemNet 677 26624  31.74/0.8893 28.26/0.7723 27.40/0.7281 25.50/0.7630 29.42/0.8942
SRMDNF 1555 89.3 31.96/0.8930 28.35/0.7770 27.49/0.7340 25.68/0.7730 30.09/0.9024
CARN 1592 90.9 32.13/0.8937 28.60/0.7806 27.58/0.7349 26.07/0.7837 30.47/0.9084
IMDN 715 40.9 32.21/0.8948 28.58/0.7811 27.56/0.7353 26.04/0.7838 30.45/0.9075
LAPAR-A 659 94 32.15/0.8944 28.61/0.7818 27.61/0.7366 26.14/0.7871 30.42/0.9074
RFDN 550 31.6 32.24/0.8952 28.61/0.7819 27.57/0.7360 26.11/0.7858 30.58/0.9089
A’F-M 1010 56.7 32.28/0.8955 28.62/0.7828 27.58/0.7364 26.17/0.7892 30.57/0.9100
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R . ZHE  HER/ PSNR/SSIM
fir % 10° GFLOPs Set5 Setl4 B100 Urban100  Mangal09
ACAN 1556 616.5  32.24/0.8955 28.62/0.7824 27.59/0.7366 26.17/0.7891 30.53/0.9086
LatticeNet 777 436 32.18/0.8943 28.61/0.7812 27.57/0.7355 26.14/0.7844 30.54/0.9075
X4 AWSRN-M 1254 72 32.21/0.8954 28.65/0.7832 27.60/0.7368 26.15/0.7884 30.56/0.9093
PAN 272 282 32.06/0.8939 28.56/0.7813 27.55/0.7352 26.01/0.7830 30.33/0.9069
MAFFSRN-L 830 386 32.20/0.8953 28.62/0.7822 27.59/0.7370 26.16/0.7887 ——

MPFFA (A3CHTE) 534 43.0  32.36/0.8968 28.69/0.7835 27.61/0.7372 26.29/0.7902 30.71/0.9115
T B BSNRALAE, FIH.
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DERBEWLE ., I 3 TTLUAEH, Rk
) PSNR/SSIM 455 i 200 T HiAth tb 8 m9 75
14, LAPAR-A 1 REDN 774 A SCH) MPFFA 5
RImE K, HAE, PSNR 945 B —2 M T 2 N7
Peo x2.x3 . x4 B PSNR fE& BRI, #H
LAPAR-A feK{H25)4 0.31.,0.34 F10.29 dB; &
y RFDN A fH 48314 0.22.0.18 F10.18 dB., A’F-
M 7SR K2 & MPFFA S50 2 %5, 0
J&, TF Mangal09 HHlE4E - x2 ., x3, x4 Y PSNR &%
It MPFFA By25 55351 0.11.0.19 F1 0.14 dB
ACAN F x4 280 K22 MPFFA 240 )
3 %, £ Mangal09 £l 4 %W PSNR 4521, It
MPFFA 1945 %1% 0.18 dB, ifii Hil%# & It MPFFA
KA T 26 5. I 4 afLIEH, ASCOTER
LPIPS Z5 Rt A0 T HoAth L Ase i ik o

% 4 [ SISR 77i% 4 % SR Ky LPIPS {&
Table 4 LPIPSs of x4 SR for different SISR methods

SHuE/ R R

FELRY 10 GFLOPs Set5 Urban100 Mangal09
CARN 1592 90.9 0.1761 0.2363 —
IMDN 715 40.9 0.1743 0.2350 0.1330

LatticeNet 777 43.6 0.1769 0.2423 0.1113
LAPAR-A 659 94.0 0.1759 0.2317 0.1101
PAN 272 28.2 0.1741 0.2348 0.1107
MPFFA 534 43.0 0.1727 0.2265 0.1071
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Fig. 4 Visual comparison for x3 SR
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