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Video Super-resolution via Hierarchical Feature Reuse

ZHOU Yuan' WANG Ming-Fei' DU Xiao-Ting' CHEN Yan-Fang'

Abstract The performance improvement of current deep convolution neural network methods in video super-resol-
ution task is slightly lower than that in image super-resolution task, partly because they do not make full use of
some key inter-frame information in hierarchical structure features. In this paper, we propose hierarchical feature re-
use network (HFRNet) to solve the problem mentioned above. The network retains the low-frequency content of the
motion compensation frame, and use dense hierarchical feature block (DHFB) to adaptively fuse the features of each
residual block within it, then long-term feature reuse is proposed to fuse the features between multiple dense hier-
archical feature block, so as to promote the recovery of high-frequency detail information. Experimental results
show that the proposed method is superior to the current method in both quantitative and qualitative metrics.
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X LB T B G T VR BORE] DAE — e R L ARIETE
e, (HAEBCR R 0 R E @ MK R B 3)
3 5 R RBUR A TR 9] BRI 73 P 2 B
73925 RT AR FH AR A 2 18] PR 1 AR ABAA: 5 ol 2 7 0
SR, FETon Bl M7 VA I VE 2 S R RN,
o M A2 A SR STR. B TR ST
JriFiE BRI AN 4% (Convalutional neural net-
work, CNN) %% > ML 240 15 R AE oK B 8 vy 73 26
ARAR, BAS T LeAL 7 iR A I 25 R EIX e iR
FE 5 2 7 idi, Hodh — 26773k B R DAIR 7 A R A
ML g P90 58 A N L0 T B — e PR 2 31 7V 2 Se )
EATTHEAT IS B A, SR 5 PR G 3l w2 ) 45 R AR
N ENT A S IR EE RN, b iR
GRZE IR ICEA A Z R RAE. JR1M, 1KLL
5 2 T B AR 22 X 2% 22 2 o] SR HE S 1T A, 28
W 1 AE I AR o ok B AN R R JE X 28 R AIE
HEAT 7807 B S F H.

N R AT 53 7% 2 B g R R ORHE R
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JEIRFFIESE M 4% (Hierarchical feature reuse net-
work, HFRNet). ‘&8 i 18 20 # M2 ) T AL 21 75 75X
Fr 2 A ATRIGIR, 78 70 1 FH R BE A4 22 W 2% rh
K EANFEE R RAE. A SR A % 5 B DORE
(Dense hierarchical feature block, DHFB) /£ 4/
LRI A R A, L AL LA IR ZE AN R
BURHESE . DHFB Jid 5@ 3 R B A sk 22 e
A5 B RS HL Ril& A R 3 B AR E. AEAEH 2 A
DHFB & 2 AR SRRk e, A SO S
FROESE H A& N RS B DHEB HFE. RIS,
R5T DHFB [A) AN [F4RFAE R F J7 A 5Eme, AR
PARR 28 4540 |2 B SE e E B HERNet I8 T1F 2

1 tHxIME

L1 FUSEBRER

WL 73 ¥ AT 55 A — MR He R AL 41
PR, B B R 8. AR R
PR E ARG )T, AR > PR E AT
EAT Gy R BLR TUR S A G T B @ i 7 vk £
TN ) T AN TR 2 S B T

HET H A BOALIER 73 3 2 07 1M AR i
E R, BN RIZEN T, AR BRI OR A
B, VF2 3T B I 77 iR ER A TR AR A DL S A
DR AR IR, Bt Lin &80 1 DU f7 053
A [R] Ifi TH E 73 % 0 EE  EUR L AR B ) xS
PR R S A H2, XREE TR H 75 s H
FRASR .

e For ) BAAIGER 73 9% 2 05 0 A IR &
BB P P AL SR 27 2] AR 23 2 31 v 4y
PR WA ) R 26V Wbt Shahar 52 B AR AR L
PG s 2 R R &, I NBRH R R S i S
25 RE R w7 e EHUGBL. JR T, 1X K75 928 FH ¥F
Z EBMEIG/NR, 2 5 2 KB S THE B

IR TT VS U R AR OB T S e R, (E AR A
SR R IR BT R AL I E A R, M L& B &g 55
RO, A AR, i TR B8 5 21 1) J5 VR AE B ST L
5 7 EORHERE, il S HM B AR I e R
J5E 5 ) J7 048 FH B 4 2 I 2 1T DUER GE 25 Fh i 5t 1)
P N 42 BB 5 AR AL, AT HHE S AR AT
DR EERRRE, BeEEEPCRT. Kappeler
SO S P TR 3 A B A R ) e L
M £ (Video super resolution network, VSRNet),
Je B Li 557 3 R D9 Hs Nz sl MR ) SR 2 AL ARGEE 7y
PR EH M 4% (Motion compensation residual net-
work, MCResNet), ‘& 7E VSRNet fii A\ L5 fii tH HESE

ZEAmM T kR E . FRN, ERTTIEE WA
CNN Hif, ffi H J&#—4 /4 & 1278 5 Hik (Com-
bined local and global total variation, CLG-
TV)L AR MEAT ia Bl #Ma%, AT 3 — 4 m A
B HEZE RS FE. Caballero &5 #2 H —Fif 5114
B (Video efficient sub pixel convolution-
al neural network, VESPCN), AJB& Il Zkiz sl #h
PEFIALAIEE 77 He e E . FEMCHEA B Tao %5° 421
A% Zizsh#Mz% (Sub pixel motion compensation,
SPMC), FFHI F 9 ff i 25 WX 28 AT RPAE R 5. B AP,
A2 SR T I £ .15 DU T AR 93 7 25 B g v 0L
X S % 38 A PR 048 R AR AN N A XA B bR
BRI HOK B A A &, 4R THE AR,

12 BRHEMENIZIT

IR, BRI ML D gk T1F 2 A
A PR AR B 1], a0 AR R R B
PEAT I 2221, Szegedy S5 [T FLRBH, BB IR IR 4%
Sk A] 5 o) B B A AR LG, RIS 2 2N
fiE, M FRTHERE. E2, Ikt 23815 50 A X
N T A BRI Z R I 45 588, He S50 [ 5k
LM 2% (Residual network, ResNet) % /=2
(B {50 FH Bk R R I I ok B2 RIS, A 7 AT
H R PR 2 R 2% o 3= 5 HORRAE ], Huang S5°7 32 H
()% 2 1% 4 M 2% (Densely connected convolution-
al neural network, DenseNet) fff F % 821542, 44
AT J2 T T BT 2 W LR DR et kA D 4 80 2 A
K EAFEERBVRAE. FrA X5 p 28 # 2 —
g AR, RN Z0AE & J2 2 8] ST VF 22 BR R % DA
AR ZRAR R UR I I 2% . BRI R 5 T AR 1)
SEABAE R 73 e U AT R ). Zhang 552 44
BhEKE R 5 BB G, IRE R E T EM L%
(Residual dense network, RDN) SZH BI5GB
TER 2 R, RIS R & o & 7 R B
. Zhou FEPT B B 2% R AN A ROBE R
R EFHIE 78 SRR 5
1.3 SR PRREE SR A EN

TERRAIHE 73 HF AT 45 v B 3 (3 U2 1) ik 5 B =
P > HeR A RE S R, Y1 &P SR AR
{288 (Ultra-dense memory block, UDMB), ¥4
SR — K J I A2 i N 2 R R 7 A e S A AT 2
REAE, AT 57 5 1 RE AR AIHE 7 B R . Y1 &5
P TP Rl BIAAGE 7> e R N 4% (Pro-
gressive fusion network, PFN), @it/ e H A
Z5 M 5 >R L AS (] TR PRI R AR (R AR AIE . YT AP 42
H3ETF PEN HEZL 1A o Pl 225 FH PEN
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S 50 %

P AR SR AL R 15 BE 10 AN A2 NS BT A AIL i RN PP
73, WA Az s i S0 30 S 1A v 0 R IR

2  BXRFHESE A% HFRNet

AT SR RHIE R M 4% (HFRNet) [
ARG AL P — AN AR A, R, TR
Jas HFRNet A R B RFAIE 52 () 5 b 2 S PR A

REFII 28 258, LAR ST DHFB [8) AN A 44 2

fﬁxj‘ HFRNet F5400 .
HFRNet #2& DA% E 4K 7 HF 2 A0 St {1% .,

Iy ooy TGy oy Ty, IRY VENERON, UL a) fir
B o R R A R ISR R R SRAN TR

SE Ay HEER IR, o) IF e [0, 1)HXWXC 2R
t NS TR —T BT AR 5 AT, A2 5
N ) LS v A R AR TR € [0, 1)1 sWXC DU o
DRSS

B e

HFRNet HizZhhMEEHL R RF LR B, 45
fiER éAi‘%ﬁ%iFﬂj:mﬁ—iij%ﬁ% Gy 4L, dn P 1
7. X DY LR 53 9 93] B2 BT 55 2 AN AL 12

B AR

2.1

Sty )

HUmT ) S AR AIE s A8 o0 Al 2 h AN R R v E )
FRAE B 3G 0 BEAGOR ST RN S R T IR DY AN 56 43
BEAT 4.
2.1.1  IBEPFMEIER

B BAMERHALE T 5dE 2 B sl T SRR A0
AR, DAY/ AT 8] () KA % B85 32 S A5 0 A
SR 73 AR B2 . A SCE Je M A Drulea 550 2
) CLG-TV FRAE N AL BE 3 s Al vt 77,
bt 5 N 5 8 12 3 #MM (Motion compensation,
MC) 77k 8 H & RE 3 43 (Adaptive motion
compensation, AMC) FiEXF 1 BT 1) 45 Rt AT
B8, 5 Kappeler 551 SR H 775 —FE. WilR
BANAME R ZIEH R, W AMC BIRCRK E MC 4,
XN AMC 2980/ AT SE A &R 2. AMC
RN

(i, §) = (W=7, )NI5 (i, 5)+r(i, HI3, 5) (1)

(i, j) = exp(—ke(i, j)) (2)
Hodr, b R— N (LR 0.125), e, j) 25
ST (750 0 AR 55 AT H At A 5 2 (]
FE t NI

KEEBIAMEIRZE. I BEAMETT

Fl
{ e SR

AL Ad‘ii}%

(a) BARLHY

(a) Overall architecture

HFRNet(a)

F2 FJJI[['B

FDIH B

® DHFB 1 DHFB 2 ggud DHFB d g

FL)UH_S FUIU—B

(b) HFRNet(a) MHFIERLE B
(b) Feature fusion module of HFRNet(a)

/R A P ——
HFRNet(b)

w DHFB 2 g DHFB d

(c) HFRNet( ) IRRHE Rl A A
(c) Feature fusion module of HFRNet(b)

K1
Fig.1

JEUHFHER M4 (HFRNet) 454

Architecture of hierarchical feature reuse network (HFRNet)
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PLIRAL PR A AT T, Tome R EE ¢ AT HE NS
M7V TR FE AR AT i
2.1.2  REFHEER

TR 2 R AIE B FH AN 36 B2 32 BOOL A0 471
R JZHREAE . A SOR A MC 80 AMC J5 ikt
ITIE BN AME JG AR 51 Y = {1, 1™, -,
Ige, - ISy, TPy BLY = (I, I, -, I§™,
o I3 e} RN 0N

F' = fsp1(Y) (3)

F? = fspa(Y) (4)

HA fopr F fope X MEEHEIEE 1 DAIEE 2 55
MZ. FLESE 1A ERERSH, AR ES
Bz 2] F2? R 2 NERUZ M, 1B ARHIER
LS NN
2.1.3  4HERMERER

RRAIE Rl B AL I K R B R AEAF i L, XS Uk
T N R R A 2 4R 2 IRFIE S (DHFB) 153 |2 4F
FEBATRHER H . B R ERF e & B D A
DHFB, U H 4 N

Fipy, = fer(FRHB, o FPHB

FP p2 ) (5)

Hrf fer FRORFHIERL GBI, FOHFB ..
<o, FPHEB P2 PV Frpy, A2 5 AE B A 15 A SN
Ay L T R AR A SR AR R RS
B 21> DHFB. KER BIRHIER AR Bk 22 =)
M. B 1R T A4 451, HFRNet(a)
HFRNet(b), LAR 5t DHFB [A] A [H] i3 $2 5 5 E

2

DHFB
FR5,

SRR, B 2 /s T DHFB PER4s
¥y, W 2 Fiz~, DHFB /LA 2 B 4 2 B
HESE YR, 55 d > DHFB WIS ¢ Nk 2 He i) fa
HoN

S = fre(FiS 1) = vfres(Fi%S 1) + Fi%S, (6)

Horp, frp ®OREE d A DHFB H 3 ¢ MRERME
FIEE. v REEWHIH T, fre B HPDE
FUZ AR Z R PRy, FRe Sl &5 d A
DHFB 5 ¢ MRZERIAMGH. Ze =00,
F}s = FPUIB, XM DHFB fIiA.

£ HFRNet(a) 1, FPHIB R FPUB, MifE HFR-
Net(b) H#, FPUEP 52 B R BV REAE[FPI, -
FPHFB, FQ]_

FEER R AR IEE T B & ROt E A 24 T DHFB
FH A\ 1 AR A PR pAY S A 2= B B S )R A
B N T IR LE RS, AN T 1x1 BERE,
LA 3E B 3t 47 ) g tH AR IS R R AR AT AR

FPUB = fore ([FPME, FRS,- FRe]) (7)
Hi, [ ] BREBIEHERF, fopo RANH d A

DHFB ' 1x1 BRREE. FPEFP A FPIFB 25 4
/> DHFB (% AFH % .
214 EREFEEER

SRR EE AR A 5 AR5 = MR B v R
BB C R, & A B A PR 1 2 R
AR CAE S T Caballero 281 #2 H 1045
FERE-GHZ WM& L5, KA

RT3 4E
JEUURFE S

ourB
dpre

O

BB S |
| i o
TRV

DHFB
F

X7y
Res Res
F/L ot me F'L ¢

B o MRER
B d DEEZ UL

Kl 2 DHFB M3 445
Fig.2 Detailed architecture of dense hierarchical feature block (DHFB)
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IS® = frec(Fine) (8) FDHFB (ke A R HC R T d A DHFB (%) th B 4%

Hrr ) free Ron t IR J2 W0 25 LRI 25 R AL
Frpr, A2 RFAE RSB A Ry Y, I5R A2 1] AL Y

DHFB [8]g9%iEE A

fE{E ] DHFB $2H0 2 ¢ Ja B B s R L), A
Fi 44 DHFB [ FAFAE ST, L35 KB B R 2 5
A1 DHFB 2 [A] )34
221 KEBFHEFS

KER B RFIE S 2] A A K BE B R AE AT B B
FRZE 2], AUCAERN S FTA DHFB (i 4
fie, HFREAXN

Fire = fure ([FR™®, -+, FY™8, - FP™B]) (9)

Her, fure RN ERIZ KRNI 1x1 fl 3x3
B RUZ AL 1x1 BT B DHFB 1k
BRHEEECE, T 3x3 BRI FH T4 B ZFRE.
FPUFB 55 4 /4~ DHFB [ .

2.2.2 DHFB [B#9%EIE

TE K PE BRRAE 52 7 v Btk B, v TR A
DHFB [A] A [A] ()R ik 4 52 FH 77 A% HFRNet |
SR, ASCHEH T PR 5, xR 1 A ) HFR-
Net(a) A1 HFRNet(b). " [HIXS I P A 04 2% 25 ) 73 531
BT 4.

%f T HFRNet(a), %> DHFB ¥4 N #/2 iif
—/~ DHFB W E 4. )5 —1 DHFB fi i
J&, K B RHE S 7 4 AT BT A D A~ DHFB
(i tH PHEAE— S, 55 d /> DHFB it

F(?HFB :fSHFB, d(F}ij,}preB) :fSHFB,d(Fc]lD—HlFB) =
fSHFB,d(fSHFB,d—l(' e (fSHFB,l(f(IJ)HFB))) : )
(10)
b, fupn, o %8 HFRNet(a) 55 d /> DHFB.
FPHEBE] pDHEB 235 % HERNet(a) 58 d 4> DHFB
g NFIA H, B PP = 2,

X HFRNet(b), &~ DHFB B A\ &4 5
[ fTH DHFB #i th #f 4 4E —ik2, 4 DHFB 1%
Hok AL 6 45 5 T T DHEFB KN, 7E 8 s — 1
DHFB it &, KBRS RHE & el i g DA
DHFB i i #f e —i#2. 25 d 4> DHFB K% A

DHFB b DHFB
Fd :fDHFB,d(Fd,pre ) =

flgHFB,d ([Fgl)EIfBa o

2.2

) F{)HFB F(?HFB])
(11)

o, fhups, o B8 1x1 BRUZ S HFRNet (b) H145

d A~ DHFB W& &ig5. T 7 HFRNet(b) H#,

M, BB S MRE4ERE, TiH1 DHFB fHA
o R A PR AR R . A T RIERT A DHFB [a]
FEOEERE I — U, AU T 1x1 MBIk
P/ B NRRIE R4 R, FR B 5l SR Ak 5 AN
[7] DHFB [FRHIE 1) 5 2% H 1.
KR Bk 22 2 2 AT DLk — 20 o i B N\ B
ARG BT, MM RIERN
Firy = Fire + F! (12)

Forr, PR ZRHAEN 48 ARFAE . Foe /2 K ER
EREE KA. 2 KEEEKRESIZ G, &
SORAS T BATE 2 B S S R AE B Frpe, FRBL
IR Dy b SR B A X 2% A RN

3 SLWEHRDR

ARATE SR I B E AR U ZR AN A
B LR SERRIIN R T FX, M4 DHFB
%A D A —A DHFB i B Ik ZESREH R
XA R, G150, MAFE DHEB [A4R¢E S H
753, B HFRNet(a) Al HFRNet (b) HIPEREHEATEE
B E, AU IR I TS HoAt — SR AR 53
PR TEJEAT 1 e A E SRR L.

3.1 g E

A SCAE A TFF I AK 5 R B 4 )
Myanmar 4P #4714k, £ Myanmar £ 4
A VIDEO4 ¥df £ 47K, 5 777 (85 HAh
EBAT XL, AR SOK Myanmar B4 T REEN
960 x 540 B R I/ P&, Myanmar HH#EE H A5
59 M A, ARGk FEH ) 53 AN H BLIIZR. 6
DA, X — NIRRT 51, A SCESE T 5580k [7)
AHTEN R 4 it UG TIR. VIDEO4 a4 5
WALK. FOLIAGE. CITY. CALENDAR VU4 £ 41,

ARSI ZRJP B FE 2 B 518 760 2H 5 x 48
48 HIFR PR R /N I S A Rt/ N HUA
XFRL MG A HE 2t N EIL R A o 2Bk T — 2
BT HRR /N 5 AN ] TE] B A 10 WUR (2 B
BNTV R, RPN 48 x 48, FTf Bt /N e Je i
F| YCbCr Bt [alHr, HAUHC Y @ IEAE il Zrbi
A AEMNART By, A SCR HIEEEMELE (Peak sig-
nal noise ratio, PSNR) FZ5 M A BUE (Structure
similarity, SSIM) X P20 UL AR A AT 2 22 (8 7
HER AT, [, AR TE YChCr %43 ]
R E A E S R, Hoh Cb A1 Cr /Ml TE
FE R HER YChCr BUER Y T RAE. B RAE R
5 R~ I 3R A5 7).
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TEARSCHIMZE 257, B T AR B RHIEE H 5
KB MEE TR 1 < 1 BRES, i HAhs
HERIBRAE KNN3 < 3. B T H iR )
3 x 3BAAN, PR3 x 3 FALHE A T 78 SR AR
ARG R B KNANAE | 3F H B S HH B s
HEZEFE 35158 64, A SCAE B B E b R SCHR [4] 19
J7i%, AT RGRZEMA R R GTE R AR &
JREN Y mMiEE g R

ARSCAEF IR RO ISR 22 A L2 453 0K R A0 25
WX %, A5 FH BEHLAG B B SRR AR M 26 2 8, &=
FLYNZE 100 /> epoch, & BHLIR KN A 64, H
IO 107, FRAESE 75 /) epoch BB 22 3] R R [EN
WIGEAE I 1/10, 1 TensorFlow HEZE/E—H Ti-
tan XP GPU LIIZkTH4) 2 K]

HHBN, F—NF5FE) PSNR 8 bR 45A At
Fh AR, SRR T R6D6 i, BARISR T LA
NS AR T RE, (H I SR R R
ol By e AU A K A5 0 R R6DS Al
R8D6 & FyfE 55 3.1 i B SEEG i & R f N2 i
PAEOIRAS, VEREA I T . R A5 18 T Skt fE.
W Z ARSI GMEEER KRG, ALK
Fi R6D6 X Fl2H & 75 sUHEAT I 25 45 2.
3.2.2 DHFB Z [EREZEARAMNE RSN
FEA SR AL orHrEl 1 HFRNet (a) A
HFRNet(b) X FfAS 1] 1) 45 fa ot TR ) w2 .
Tl 5 1) R A [F) 2 Kb 2351 LA R6D6 A R 32 X 4% 45
¥, HAER G —A DHFB 2 )&, ¥Rl pTa DA
DHFB féi it AT KB S RE R, i T KBRS
B2 > PR EERI I AN R 2 Akt DHFB [AIFFIE R

3.2 ZLWHERSHH X o
M7=, B 2487 DHFB K% \. HFRNet(a) 124
3.2.1 BEEXIFERY (D) MZERY (R) 3t A DHFB #i A\ & _E—/> DHFB % ; HFRNet(b)
L5 SRRV EZ N KM #mSER T, S48 DHFB K45 24 56 A

TEASZIG FR | A SO 8 WX 4% r 4 o 36 A 214 1)
¥ H, Bl DHFB % H D f14:/> DHFB 5% 2% b
HH RN ZE R . AL UL HFRNet(a) 1)
GERIME N FERR M @R 4% . K 1 B T R4D6.
R6D4. R6D6. R6D8 Al R8D6 £ CITY, WALK,
FOLIAGE #1 CALENDAR VU4 FEF 34T 2 1500
AR 7y W AT S5 N3]0 PSNR. A 1 AT LA
EHi, BE% DHFB % H A4 DHFB 5k 22 Bt

Firfi DHFB fi th HF 5 AE — .

R 2 JEoR T IXMAEEIILE 2 5 3 AL 7
PR EEAE S TSR IR SEE. LRaRE
B, A SCHR 2 CRFE 52 R DL R 8 2 35 SR T
HFRIERE. LB UCRHIEE VLG, BAAE
2 fi5\ 3 {5/ AT 5% LI PSNR AR 1 dB
(1T . FEARSCHR HH R P 6L 55 J2 AR AE 2 FE L A1
4k, HFRNet(b) 2R & 1EREIL T HFRNet(a),

# 1 A[F DHFB #(H (D) fifgA DHFB 5 ZEHEH (R) X 2 (R B o PR EEMERENM (PSNR (dB))
Table 1  The impact (PSNR (dB)) of different numbers of DHFBs (D) and residual blocks (R) on
the performance of 2x super-resolution reconstruction task
B £ 77 50 CITY /751 WALK %1 FOLIAGE J7%1 CALENDAR J¥%1 -5 PSNR
R4D6 34.342 36.846 32.045 27.071 32.576
R6D4 34.339 37.101 32.117 27.067 32.656
R6D6 34.896 37.210 32.224 27.137 32.866
R6D8 34.901 (+0.035) 37.102 (£0.054) 32.187 (£0.069) 27.140 (£0.007) 32.833 (£0.041)
R8D6 34.633 (£0.039) 36.873 (£0.025) 32.144 (+0.050) 27.109 (#0.019) 32.690 (£0.034)
2 ARSI L R PSNR M hds 2 40&
Table 2 The average PSNR and number of parameters for different network architectures
RE R 28 5 4 ZH&E  CITY /75 (dB) WALK /¥4 (dB) FOLIAGE ¥4 (dB) CALENDAR /7% (dB) “F#J PSNR (dB)
TEFEER 2.8 M 33.793 35.919 31.884 26.291 31.972
x2 HFRNet(a) 3.01 M 34.896 37.210 32.224 27.137 32.866
HFRNet(b) 3.10 M 35.104 37.218 32.230 27.158 32.927
TERFFERER 285 M 27.220 30.113 27.019 23.344 26.924
x3 HFRNet(a) 3.01 M 28.235 31.513 27.539 24.190 27.869
HFRNet(b) 3.10 M 28.240 31.613 27.587 24.217 27.914
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S 50 &

FE 2 £ 3 LS 4y Wk 2 B AR 55 4 il S Tt T
0.061 dB. 0.045 dB. FZJ5[A /£ HFRNet(b) £514
)2 UCRRIE 2 T 3E 82 L HFRNet (a) %4 H)Z
KGR EFE . REP AR H R RFHER
FINLHIERLAIEE 2 AR 55 B0 B AL, I NS
¥y 2 J B kR o M2 Atk e As s 1R Tt
3.2.3  AREPERMEHTERIFNT

ARSI FUA 5] (R AL T2 xR 43 AR ROR
sz, X A SCR 8 CLG-TV Bk ik
IR — PR T ONN JriE e &M 4% (Op-
tical flow reconstruction network, OFRNet)®!. 5]
ANEET CNN Bz G, M HERES
IZRME FE 2 B 2 i v, (R SRR 45 R H (W03 3
Fizr), I CNN Al v 6 0 I 3047 o o o 1 5, w]
A1 23 J8 S (1 P RE IR AR it — 2B 4Tt
3.24  AEEFMEFSERRIE

A SEIT R AR AN R s shAME T % (MC
1 AMC) BLSHL (k1H) W5 PR 4 RIXT LG, 52
B RN 4 . eI gl AR, AR iz 5)
M (MO) I, k AE X PR R — e
Wi, AHEZI A+ B, H2 k= 0125, #8409
AR PSNR B i KB T 248 ] B & Mz s)
M2 (AMC) I, B2 #3451 PSNR 18 LA A
MC g A R HE 0.213 dB (2x) #10.092 dB (3%).
S5HMb AR
TEATH, AS0K HFRNet 5 JUA R T 5 15
FIET 22 WL (088 73 23 SRk AT BU A, ANE W] AR 3L
PEH PO A R AR . T B R i AR X =
RAGME (Bicubic). 7 PR EHEEIRAIE ML (Su-

per-resolution convolutional neural network, SR-

3.3

CNN) I e F Z i) 77 545 VSRNet"), VESP-
CNU. MCResNet !\ {773 485 IR AL AR 73 % < 1
% (Detail-revealed video super-resolution net-
work, DRVSR)PL B ZJE AP 2% (Residual recur-
rent convolutional neural network, RRCN)F, =
YEE o PR R EHE M4 (3D super-resolution net-
work, 3DSRNet) 7, B Z2 RFAE A B Ht AL ATGE 73
HER M 2% (Residual feature general adversarial
network for video super-resolution, VSRResFeat-

GAN) P A ZALAZ AT 75 9% 5 B P45 (Multi-

memory convolution neural network, MMCNN ),

AL ¥ HFRNet {3 R6D6 [F14544.

Kl 3 BN T AL T7 RS HoAh 4y e 26 T7 VR AE
VIDEO4 L £ ¥5 % A Myanmar WX 54 45
] PSNR A1 SSIM *J LL 45 8. 7£ VIDEO4 Il i #¢
P b, ARCOTTEWAR 2 7B R B i . #E Myan-
mar WEHE S b, AR CTTEAE 2 580 3 1548 7 #%
FALS L RvERe I AL T IA i

B 4 A 5 R 1 AR SO i35 HoAt LA ik AE
JEB 53 HE 2 E AT S5 I WG B AT TR E
FHRGRE % (Very deep super-resolution
convolutional neural network, VDSR)®\ 3&-F$i
by W & IS IR E 0 PR N 4% (Deep Lapla-
cian pyramid network, LapSRN)!", T LM
B 43 2 M 4% (Super-resolve optical flow video
super-resolution network, SOF-VSR)" HJ-XJ Lt.
K 4 4E VIDEO4 $di 4 T HEAT 3 il 7 P A
i, 5HARTTEA L, AR ST iR AR AT L S 3 T
BIREMANT. B 52X Myanmar 05 4 5 13
1T A S PR E ML R, B 6 M &Rk E R
SER BV ATTIBOR, LASRE & M AR ) 4015 b B R
MBI AT LA, ASCHE RS E R 1 o

3 AFEDGRAL T T2 5y HE R B MR RE AN (PSNR (dB))
Table 3  The impact (PSNR (dB)) of different optical flow estimation methods on
super-resolution reconstruction performance
RUE Sl 5E CITY 351 WALK JF% FOLIAGE %%l CALENDAR J7% ¥ PSNR
) CNN-based 35.226 37.106 32.244 27.817 33.098
X
CLG-TV 35.104 37.218 32.230 27.158 32.927
CNN-based 28.255 32.103 27.590 24.766 28.179
3
x CLG-TV 28.240 31.613 27.587 24.217 27.914
* 4 ARBIAMEFRE S PR R TR R (P PSNR (dB))
Table 4 Average PSNR (dB) in video super-resolution task, with different motion compensation algorithm
SBEIMEE S B R MC (k = 0.050) MC (k = 0.100) MC (k = 0.125) MC (k = 0.175) AMC
%2 32.493 32.510 32.714 32.615 32.927
¥ PSNR (dB)
x3 27.505 27.684 27.822 27.694 27.914
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== 3: MCResNet 0.950 = 3: MCResNet = ’I ’;S[fcl{"’ .
== 4; RRCN 7 - == 4: RRON 27 =5 DRVSR
30 == 5; VSRResFeatGAN == 5: VSRResFeat GAN .
g = SDRNet o 0925 =6 $DSRNer % 2 e,
e 28 -7 A (a) £ 0.900 - K (a) o FeatGAN
Z CEES &) 1%} == 8 A5 (b) Z 25 = §: 3DSRNet
w0 w0
£ o 0.875 g -=0: AT ()
0.850 24 = 10: K5 (b)
u 0.825 23
0.800 22
12345678 12345678 12345678910
P ] poars Ti S
(a) VIDEO4 F 2 fE MU B (b) VIDEO4 F 2 ¥R 43 i 3% (c) VIDEO4 F 3 ¥l 3
1°F-¥% PSNR °F#5 SSIM 1°F¥ PSNR
(a) Average PSNR for 2x (b) Average SSIM for 2x (c) Average PSNR for 3x
video super-resolution task on video super-resolution task on video super-resolution task on
VIDEO4 dataset VIDEO4 dataset VIDEO4 dataset
0.86 — 42 — 1.00
mm |: Bicubic = |: Bicubic
0.84 mm 2: VSRNet = 2: SRCNN
VESPCN 40 = 3: VSRNet 0.98 = Net
0.82 = & 1]\31%};?01 = 4: MCRestNet == 4: MCRestNet
o = 5: RRON = 5: RRCN
- 0.80 :S 5;&;‘& 5 38 = 6: MMCNN — 0.96 = 6: MMCNN
= PeatGAN = -7 K7 () =1 -7 KT (a)
7 =8 3DSRNet Z 36 -8 KTk (b) A = Ak (b)
&% 0.94
0.76 =0 i () & '
= 10: A3 (b) 34
0.74 0.02
0.72 39
0.70
12345678910 12345678 12345678
piRes ks Tk TS
(d) VIDEO4 F 3 f5HLATE 43 5 (e) Myanmar F 2 f5HATGE 7 H% (f) Myanmar ' 2 54T 43 5
{74 SSIM f°7-#] PSNR ST SSIM
(d) Average SSIM for 3x (e) Average PSNR for 2x (f) Average SSIM for 2x
video super-resolution task on video super-resolution task on video super-resolution task on
VIDEO4 dataset Myanmer dataset Myanmar dataset
37
= |: Bicubic 0.96 = |: Bicubic
36 == 2: SRONN = 2: SRONN
35 = 3: VSRNet = 3: VSRNet
== 4: MCRestNet 0.94 = 4: MCRestNet
m 34 == 5: RRCN = 5: RRON
Z 33 == G: MMCNN — 0.92 = 6: MMCNN
o -7 A (a) = -7 KT (a)
Z 32 = A (b) A 0.90 = Kk (b)
4 X
A3l
30 0.88
29 0.86
12345678 123456738
TS it
(g) Myanmar P 3 FEARATRE 73 2R (h) Myanmar | 3 FEAATEE 23 2
- PSNR f~1- ) SSIM
(g) Average PSNR for 3x (h) Average SSIM for 3x
video super-resolution task on video super-resolution task on
Myanmar dataset Myanmar dataset
3 ARCEMHEAN T VELE VIDEO4 1 Myanmar $#54E S5 2(1°F14 PSNR #1-F4 SSIM
Fig.3  Average PSNRs and SSIMs obtained by our method and other methods on VIDEO4 and Myanmar datasets

ZE PR AR MBI LA L SR TT T T IR Sk X
B LRSS AR, A7 R AE 2 AR AR AT X L
BT HAIR 2 T5 . XU 15 ) R IR G Ry
LA R

3.4 HIENERESRYMT

AR AT TF VR T B B 8 ST A R S
SARFEJTH, BT ARSI H ) HFRNet(a) 1 HFR-
Net(b) ZEiHRHU T &HEEH, FrLUsHERES

NP RCT (15340 Mt L BOE L. X T
W ZRad R R O RARUR S (W8 5, r R
48 x 48), HAFFPIF IS H KL (Floating point op-
erations per second, FLOPS) 435K 35.6 G Al
36.7 G. W RLPETT T, 75 A ST B R F A0 B A1
# Titan XP GPU L, 48 x 48 x 5 [T 5145
o 2% o R A BRI TR] 235308 0.126 s A110.143 85 0t
WA TFE R A T CLG-TV Hi%, HTFiZE0 0
S EAE CPU b, Jr DA FEIN 7] R i 73 7 %



HLSE I@% W= Mﬁﬁ SRCNN VDSR VSRResFeatGAN
(PSNR (dB)/SSIM) (25.07/0.699 0) (26.22/0.770 9) (26.50/0.781 5) (27.15/0.800 5)

LapSRN VESPCN VSRNet KT
(26.41/0.777 2) (25.85/0.778 7) (25.99/0.786 1) (27.79/0.841 5)

Kl 4 HFRNet 5HAMMIRAE VIDEO4 Hid 4 G L Ay HER 10 e tEnf L
Fig.4  Qualitative super-resolution comparison of HFRNet with other models on an image from VIDEO4 dataset

HEHEG =R/ €I SRCNN VDSR VSRResFeatGAN
(PSNR (dB)/SSIM) 36 85/0 943 4) (38.59/0.952 4) (38.76/0.955 3) (39.37/0.959 2)

VSRNet DRVSR SOF-VSR ATk
(38.88/0.957 6) (39.02/0.958 1) (39.42/0.959 5) (39.73/0.960 1)

5 HFRNet 5HAMBIAE Myanmar %045 FE L7 523 10 € PEXT EE

Fig.5 Qualitative super-resolution comparison of HFRNet with other models on an image from Myanmar dataset
-
. -
: 9

SOF-VSR KIS WRES

M= YAfE

VSRNet

Kl 6 HFRNet 540755 HAIE 5 HER 10 2 T b

Fig.6  Qualitative super-resolution comparison of the reconstruction details by HFRNet and other models
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