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Image Super-resolution Based on Multi-hierarchical Features Fusion Network

LI Jin-Xin' HUANG Zhi-Yong' LI Wen-Bin' ZHOU Deng-Wen'

Abstract Single image super-resolution based on deep convolutional neural network has made notable achieve-
ments. Deeper networks tend to get better performance. However, deepening the network will result in a sharp in-
crease in the number of parameters, which limits its application in resource-constrained devices, such as mobile
devices. In this paper, we propose a lightweight multi-hierarchical feature fusion network for single image super-res-
olution, whose main building blocks are the dual nested residual blocks. In order to better extract features and re-
duce the number of parameters as much as possible, the dual residual block uses an excite-and-squeeze structure. To
better transfer feature information, we add auto-correlation weigh units to the dual nested residual block, which can
weigh each channel according to the image feature information. Extensive experiments show that our method is sig-
nificantly better than the existing methods.
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network, CARN), &5& IR 5% 225 2], 4G
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Compact back-projection network (CBPN) /7%,
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scale residual network (MSRN)/7i%, R ZHR Wiz
AR SZ B A=, SEECAN R RS B RFEAS 2
BBl T YRS, Lai 520 $2H TR R T 4
B 4% g5 7 1) SISR /77 (Laplacian pyramid su-
per-resolution network, LapSRN), i&0 FXFEL
AR ZE, AR 58 2 A RS ) HREHR E 2.

DA D7 R T i R 2%, F X 2 R B N 2
K 250 SISR I RERY B Z AR, Lim 551" #2
H T — AN EEZP Enhanced deep super-resolu-
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RDN #1 RFANet 577 & A a1 A AR M) 5 8 4%
Wz SISR 773, MhReHr, ZEEWAECKR (7518
43 MB, 22 MB #1 11 MB).

FEFEZ RAE ST, B8 SISR ALY HE L
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FN S8 BN 1.47 MB, & 487K 5 J7 3% ED-
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Fig.1

Our multi-hierarchical feature fusion network structure and the residual group structure ((a) The

architecture of multi hierarchical feature fusion network; (b) The structure of residual group)
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(a) The structure of residual block
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(b) The structure of our proposed dual residual block (DRB)
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Fig.2  The structure of different residual block
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1.3 %EEZEHIT (MPRU)

AT SISR Y W 28 K iy, K % K % B 4
BT AR R BT FoRAE. 55 B SR,
TPAR 3 1 AR g () UG = TR A, (AR A
EHZA 3x 3 BRUZM, BORHE T, 2480&E
SRFBIRIN. T AEA B A G R o ) [R] N
b HeE, w7 MPRU. WA 1(a), MPRU A =
SFEATH BAEETHHA 1IN I1IERES1
MEBRREGRZHM. F5 M ERLSRS HR K
BRSEAHTE, B SR B & = I E 45 R
AL MPRU R 1 x 1 BHUZE, ATk K> 2
B, BMOKEFH M, WA BERESHE. FE,
MPRU 3RHC% 32 RFAE S B, 7] DA ook 21 4
R

N THE MPRU 24& 5 EDSR* /71
HEPITTSHEAEN L. R AT H
FHIEE So@iE 8 C, BEGBCRHE A S, EdER
BN 3EIE. & 1x 1 BAZ G RS il E
HHRNS xS x3. TEEERZEASHE, 15
it MPRU (E#EXEESECN 3x (1 x 1 x C+
1) x S x 8 x3).

EDSR & # IR 7L UK T S = [2, 3] I, £
F2N3x3BHEMIANTEESERE. H 14
LRERBMNNEEEEBESH C ¥k 25x
SxC, BAE WA REERZR RS B m S %
Y9k N ERE S i, @IE RGN O, A 5 —
NEREHIEIEEGE S 3, ERBRAER. SHEN
(Bx3xC+1)xSxSxC+(3x3xC+1)x3).
TEBRE T S = 4 WA 3 NEBREM 2 MEE R
BRE. FET RIRE R, Sk BIRBOR 2 5, PR
RKo2fh HSHEHN2x(3x3x0C+1)x2x2x
C)+ (3x3xC+1)x3).

S =2, 3|8, MPRU Z2#& 5 EDSRE ##
HonsHEZ

Ix((Ix1xC+1)x8%x85x%x3)/
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3x3xC+1)x3) (16)

FEAR OB A | B ) RHIE (S S B E O 48, BfI
C =48. 3L (15) A= (16) ATAI, KT S =2,
3 B, EDSR H# P IIu S &2 MPRU Z (&1
A7 %, T S = 4 &, EDSR &E# H s S H & & MP-
RU Z3E 1 23 1.
Fs = [Fs,, Fs,, Fs,| N{RZRHEMG B ICHEH
W ZRFIE(S B, Fp = [Fp,, Fp,, Fp,] NIXJZFF
AIE RIS B T AR AU 2 R AEAS B, 2B E @ o
E R SR LIAE
I; = Hyp,(Heonv, ([viFs,, BiFp,])) (17)

Hyp, 5 Heon, 77 RN i 3B WAR T4
MES 1x1 BRE, w58 7l Fs, 5 Fp, 1A
ENAE. I A TR EENEG. [ Fg,
5 Fp, AT A I 8AE. A X Z B EESRICA 3 4
X, BTl = [1, 2, 3].

Isp=1+ 1)+ I3 (18)

X, ZEEE R ITA SC AR (1, I,
Is) M, ALl & IS5 R Isg.

2 ST

2.1 SCUNRE

A DIV2KP HdR A 5 1 ~ 800 4~ K
BAERINGEAREE, FHXTIZREE AT 90° Tk At
NUBI K80 2047 B B4 . I 2 b B AN Tk
16 MR 48 x 48 BERMIE G, fFH 8 =
0.9, B2 =0.999, ¢ =108 ] ADAM 1L 2L, A&
SCAE WA AL i A I AUE 13— AL Ab BEP) )46 5 2
KW EN1073, LiIIZk 1000 ML, I H&
200 MNIEARE B ) 23 WON RS —F. fEH Ly
TR T RIEAR ST VENERE, fEH Set5™ br
Y I K 9 4 DL DIV2K Bl 45 P 45 801 ~ 810
sk = KR (ARid A DIV2K-10) #4746 b sz 56,
Set14, B100®!, Urban1008? #1 Manga109" £ 4
AN AE A B AR AT WK, FEAT P S5 R 15 g
tt (Peak signal-to-noise ratio, PSNR)® 5 454t
fRUPE (Structural similarity index, SSIM)P FE AR
PraeaG el B A PyTorch SE8, F7E NVI-
DIA GeForce RTX 2080Ti GPU LilllZ.
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2.2 SCIESMR #* 2 Sets 5 DIV2K-10 #didk I, UK 4 fif, 1847

200 JEACE 1, T2 RAIE ML 2T S AN R
221 HREHEIESF % E 173 PSNR

AP E 3 MR EM, JFHEHANE
TR E MR RERZESR. N T IRUETR ZH N
ANFEHCH BIUZ R B 5 22 PO B 52, AR SCHE
Set5 b K4 45 LA & DIV2K-10 % 4 ikt
1T A 585 HER L, ST N EH 23 38 5. 6. 7 11
BRZ AR LS. gk 1 Fon, AWEE N 6 I
PERESAE. XN EEH B 5 i, RS ER
0.24 MB, {H72 PSNR #8457 5l 7E Setb 5 DIV-
2K-10 ¥4 327 0.03 dB #10.04 dB, 1M 441H
HNTH, PSNR EARETIAYE, SHE R
i 0.24 MB. RSB ZIRAHON 6, 22— 5
(.

F 1 Seth F DIV2K-10 $ifik I, K 4 fi%, 1817
200 MMEREM, FRZH DA RIS RE R ZTHL
AL T3 PSNR K 540w
Table 1  Average PSNRs and number of parameter with
different numbers of DRBs in the residual group with
a factor of x 4 on Set5 and DIV2K-10 datasets

under 200 epochs

#H ZHE (MB) Set5 (%) DIV2K-10 (%)
5 1.23 32.23 29.51
6 1.47 32.26 29.55
7 1.71 32.25 29.55
2.2.2 SFMU B JTSLI o4

N T SRR R R ML B e R SR B R
KN, BB A FH 3 2 AR A B S B 0 S 7 T %o A 7Y
[FISZIR, AR SCAE Seth FrifE MR 4 46 5 DIV 2K-
10 B4l 4L b, HEAT 4 R5HE 2 MR L SE G, nsk 2
i, AAd R 2 4 AE il i B e S SO A e vk (8
RERHEE R, B S BRI ZE. 5% 3
i FAE RN B R, BB R/ NS i
HEMORET, RS EWE 2N, 42 KE
HUZI 1B, PSNR $8 bR T A AL FH 3% 2 R AE e
SEEJTIBRL ) X2 TR UM RHIE R B R D, 17
EIRER, SEUCREZ. AR S =41k
BRI HRE 1.3 5 I RUR Rt XEHTA—
25 ST DL HUAS [B] 2 IR R JZ RS 2., AT LAE
R 59 2 2 RS B AT A . R A S
81 FH BB AR RN BN 1. 34 5 IR R R AR
ST,
2.2.3 DRB XEELSLIE 34

LT JAT RO My, IR 2(a) B, A&

Table 2 Average PSNRs of the models with different
convolutional kernel settings for SEMU branches for
x 4 on Seth and DIV2K-10 datasets under

200 epochs
LR E Set5 (%) DIV2K-10 (%)
— 32.22 29.52
111 32.18 29.50
333 32.24 29.53
555 32.25 29.53
135 32.26 29.55

I DRB fEMERe A S HE B3 A R A CHE
Setb 5 DIV2K-10 %4l & E AT 4 £5 8 53 HF 5 0)
LU SEEG . A SCRI 7 AN IR R 4y T B O i Y
I AR TT. #5780 T 2 EDSR 284, {HIE, B EH
N H IR E BN 256 4kl 64, TR ZIE 32 45
VBN 18, B TT SR AR A T Ak 22 B v DRB.
7t DRB ¥ 5K [ B, EU fai N H R4k 8 3 205 il 15
BN 32 5 64, TU Sy N R E @ TE £ 70 il B A
64 5 128; ERZEM B, EU % N\ Ho B0 i %
A E N 64 5 32, TU Hi N H R AiF 8 18 5055 0l 16
BN 128 5 64. BIRY T FIRIRY 1T o JoAh 2 080 /2 4
) 7R ZERESHCN 0.1, 1847 200 ASEACE 1.
ZERF 3 i, 1E Seth 5 DIV2K-10 $i# 4
b, B TT B PSNR 209l & TR AL 10.01 dBAN
0.05 dB, 1A DRB tt ERSR 5% Z )5 5=
/1> 20.3 KB.
# 3 Setb 5 DIV2K-10 ¥4 b, HOK 4 %, 847

200 MEACE B, AN AR R PSNR

Table 3  Average PSNRs of different models for x 4

super-resolution on Set5 and DIV2K-10 datasets
under 200 epochs

MABR  FRERSHE (KB)  Setd (%)  DIV2K-10 (%)
Y T 73.8 32.11 29.42
R 1T 53.5 32.12 29.47

224 ACW XFEESRIE 4R

T EE ACW A &k, A 2.2.3 fih
R T A5 AL S ACW MAHIE T, 45 5Rinsk 4
Fios. i ACW J&, Setb 5 DIV2K-10%#54E I
PSNR 73 %425 0.02 dB 1 0.03 dB. 2345 %
B, ACW H 3% 2] ik 2= RS S50 301,
2.2.5 MPRU XJLESEE 04

N T MAEA ) MPRU H 2 Mg, A i 4
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# 4 Set5 Al DIV2K-10 #¥la4E I, JBOK 4 fi5, &17
200 MERAT, B8 /A EE ACW BRI
“F) PSNR
Table 4  Average PSNRs of the models with/without
the ACW for x 4 super-resolution on the Setb and

DIV2K-10 datasets under 200 epochs

5 Seth Ml DIV2K-10 #dladE b, Uk 4 %, 1817
200 MIEACH ], AR oA T4 PSNR
Table 5  Average PSNRs of the models with different
reconstruction modules for x 4 super-resolution on
Seth and DIV2K-10 datasets under 200 epochs

Y Set5 (%) DIV2K-10 (%)
T ACW 32.11 29.42
E ACW 32.13 29.45

HEHT 4R (KB)  Sets (%)  DIV2K-10 (%)
EDSR H# 0 297.16 32.11 29.42
MPRU 9.36 32.13 29.47

2.2.3 FifE A T ) EDSR & 2 s iy MPRU
Ja, GBI T EAT LA, PEANBEAL 1) 4 550 i 0T R
T3 5 f EDSR HEH e MPRU. MPRUZ#{
H=IUN 9.36 KB, K4 H A EDSR HE R ICSHE
1) 1/32 (297.16 KB). 7E Setb 5 DIV2K-10 4L
b, A MPRU 1 PSNR %3 #4275 7 0.02 dB Al
0.05 dB.

2.3 EESH
AR BB AE Set14, B100. Urban100 A1

*6
Table 6

Mangal09 FRAENNAEELGIE 2 5. 3 5. 4 580 8 fi5i8
THERPERE. IF SRR SRONNT, FSRCNNP,
VDSR!""), DRCN®), DRRN/, LapSRNI2°],
CARN!", SRFBN-S!", IMDN!"¥/, CBPN""", MS-
RN, MemNet®! fil SRMDNFP 47 P REXT L.

1) FMARFR R 6 P, S mgs RS k4
o m VAR RIS Abr . 7 Set14 $ida4E
b, TBORAF4 2 50, A3CH MHFN #2484 CARN
1A PSNR =it 0.27 dB, 78 H Aok B 7 i 15 70
AL, H MHFN #8250 &tk CARN % />

%A~ SISR J7iL 173 PSNR Al SSIM
The average PSNRs/SSIMs of different SISR methods

Set14

A e ZHE (KB)  poNR (%) /SSIM (%)

B100
PSNR (%)/SSIM (%)

Urban100
PSNR (%) /SSIM (%)

Mangal09
PSNR (%) /SSIM (%)

SRCNN 57 32.42/0.9063 31.36/0.8879 29.50/0.8946 35.74/0.9661
FSRCNN 12 32.63/0.9088 31.53/0.8920 29.88/0.9020 36.67/0.9694
VDSR 665 33.03/0.9124 31.90/0.8960 30.76,/0.9140 37.22/0.9729
DRCN 1774 33.04/0.9118 31.85/0.8942 30.75/0.9133 37.63/0.9723
LapSRN 813 33.08/0.9130 31.80/0.8950 30.41/0.9100 37.27/0.9740
DRRN 297 33.23/0.9136 32.05/0.8973 31.23/0.9188 37.92/0.9760
MemNet 677 33.28/0.9142 32.08/0.8978 31.31/0.9195 37.72/0.9740
X SRMDNF 1513 33.32/0.9150 32.05/0.8980 31.33/0.9200 38.07/0.9761
CARN 1592 33.52/0.9166 32.09/0.8978 31.92/0.9256 38.36/0.9765
MSRN 5930 33.70/0.9186 32.23/0.9002 32.29/0.9303 38.69/0.9772
SRFBN-S 282 33.35/0.9156 32.00/0.8970 31.41/0.9207 38.06/0.9757
CBPN 1036 33.60/0.9171 32.17/0.8989 32.14/0.9279 —
IMDN 694 33.63/0.9177 32.19/0.8996 32.17/0.9283 38.88/0.9774
A MHFN 1463 33.79/0.9196 32.20/0.8998 32.40/0.9301 38.88/0.9774
SRCNN 57 29.28/0.8209 28.41/0.7863 26.24/0.7989 30.59/0.9107
FSRCNN 12 29.43/0.8242 28.53/0.7910 26.43/0.8080 30.98/0.9212
VDSR 665 29.77/0.8314 28.82/0.7976 27.14/0.8279 32.01/0.9310
DRCN 1774 29.76/0.8311 28.80/0.7963 27.15/0.8276 32.31/0.9328
3 DRRN 297 29.96/0.8349 28.95/0.8004 27.53/0.8378 32.74/0.9390
MemNet 677 30.00/0.8350 28.96,/0.8001 27.56/0.8376 32.51/0.9369
SRMDNF 1530 30.04/0.8370 28.97/0.8030 27.57/0.8400 33.00/0.9403
CARN 1592 30.29/0.8407 29.06,/0.8034 27.38/0.8404 33.50/0.9440
MSRN 6114 30.41/0.8437 29.15/0.8064 28.33/0.8561 33.67/0.9456
SRFBN-S 376 30.10/0.8372 28.96,/0.8010 27.66/0.8415 33.02/0.9404




168

H Zlj

g
¥

49 %

£ 6 %A SISR FiEMIT#4 PSNR Al SSIM (4:3%)
Table 6 The average PSNRs/SSIMs of different SISR methods (continued table)

I ON 4 e

ZH & (KB)

Set14

PSNR (%) /SSIM (%)

B100

PSNR (%) /SSIM (%)

Urban100

PSNR (%) /SSIM (%)

Mangal09

PSNR (%) /SSIM (%)

29.09/0.8046
29.13/0.8056

28.17/0.8519
28.35/0.8557

33.61/0.9445
33.85/0.9460

26.90/0.7101
26.98/0.7150
27.29/0.7251
27.23/0.7233
27.32/0.7280
27.38/0.7284
27.40/0.7281
27.49/0.7340
27.58/0.7349
27.61/0.7380
27.44/0.7313
27.58/0.7356
27.56/0.7353

27.61/0.7371

24.52/0.7221
24.62/0.7280
25.18/0.7524
25.14/0.7510
25.21/0.7560
25.44/0.7638
25.50/0.7630
25.68/0.7730
26.07/0.7837
26.22/0.7911
25.71/0.7719
26.14/0.7869
26.04/0.7838
26.27/0.7909

27.66/0.8505
27.90/0.8517
28.83/0.8809
28.98/0.8816
29.09/0.8845
29.46,/0.8960
29.42/0.8942
30.09/0.9024
30.47/0.9084
30.57/0.9103
29.91/0.9008
30.45/0.9075
30.74/0.9114

IMDN 703 30.32/0.8417

@ A3 MHFN 1465 30.40/0.8428
SRCNN 57 27.49/0.7503

FSRCNN 12 27.59/0.7535

VDSR. 665 28.01/0.7674

DRCN 1774 28.02/0.7670

LapSRN 813 28.19/0.7720

DRRN 297 28.21/0.7720

MemNet 677 28.26/0.7723

) SRMDNF 1555 28.35/0.7770
CARN 1592 28.60/0.7806

MSRN 6078 28.63/0.7836

SRFBN-S 483 28.45/0.7779

CBPN 1197 28.63/0.7813

IMDN 715 28.58/0.7811

A3 MHFN 1468 28.66/0.7830

SRCNN 57 23.86/0.5443

FSRCNN 12 23.94/0.5482

VDSR 655 23.20/0.5110

x 8 DRCN 1774 24.25/0.5510
LapSRN 813 24.45/0.5792

MSRN 6226 24.88/0.5961

A MHFN 1490 25.02/0.6426

24.14/0.5043
24.21/0.5112
24.34/0.5169
24.49/0.5168
24.54/0.5293

24.70/0.5410
24.80/0.5968

21.29/0.5133
21.32/0.5090
21.48/0.5289
21.71/0.5289
21.81/0.5555

22.37/0.5977
22.46/0.6170

22.46/0.6606
22.39/0.6357
22.73/0.6688
23.20/0.6686
23.39/0.7068

24.28/0.7517
24.60/0.7811

(CRZ1b 7 120 KB). AT A MRS 4 L ek
RlFN 4 f50F, MHFN #28 t CBPN #E2 fil TM-
DN #7% PSNR ¥ H 0.06 dB 5 0.16 dB. B
TEER A HE 4 -, MSRN T RERS 4T, (HASCH MHFN
ZEAMERE I, MSRN ) 4 5 A S 85 & A
MHFN K] 4 5.

2) FEWAR A& 4 PR, ARSCKFEE Urban100
BRI E s A5 P img012. img024 5 img046 Bl
PL & Mangal09 A5 fEM 0 £ 4 45 # 1) Highschool-
Kimengumi_vol20 (HK _vol20) K. 7E & img-
012 7, IMDN 5 MSRN # #4515 5 B4 448007
)R S, AN SRR RS E i B 8 T 450 D, AT RE
SR BRI B IR T B R B RS
B, WBhE R CE S ERI SR, E img046
K4, Bicubic ##ift. SRCNN £A Al VDSR 7Y
KRG AR R, LapSRN #&%L, CARN A,
SRFBN-S # %, IMDN £ 7# 5 MSRN 4 7 & 4
SERLTE R, AR AR R . R, 7F img-
024 EMG A SO S Ho Al 7 VR S A7 AE R 1)

SRS H 5 R R A — B 1) R A Ty i3
M AR, A EEA R W R ETLF. 1
HK _-vol20 F§H, HoAt 77 v HL B 1 for 2 1 OR Al
EFE, A SCHE @SR B Z T HAMTE, 2iEWA]
R

e 5 FroR, SICRR TN 8 A, AT
T R T HAR . 7 img092 K&,
LapSRN #H! 5 MSRN #A! & @ 4 %8005 17 5
JE MG R, A SO B A AR Ben TR UK. 16
ppt3 EUG A S i 45 5L L H A AR R B 3 T
BT o T R D0 TSR A0 54 0 S, AR SORR R M R 4R

Th 225 . AT HE— 254 T AS R AR 45 # ) o
SR, ARSI TAE.
3 LERIB

AL — R R R 2 R UCRHIE R A ) 45
(MHFN), Fi ¥ 5 v i s 0 0 HF & A5k
T TR ETRZE Y (DRB) H T HE B MR RS
B, HRF B A H ey 9K E B4, I B AR
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Fig.4  Visual qualitative comparison of x 4 super-resolution on the standard test datasets
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