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Lightweight single image super-resolution based on shallow feature
modulation

CHENG De-giang', WANG Zi-qiang"', ZHANG Hao-xiang*, KOU Qi-qi®, QIAN Jian-sheng', JIANG He'

(1. School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116,
China; 2. School of Computer Science and Technology, China University of Mining and Technology, Xuzhou 221116,
China)

Abstract: Shallow features play a pivotal role in super-resolution reconstruction networks, as they encompass intricate
image details and offer explicit reference value for precise estimation of deep features. Nonetheless, researchers
frequently disregard shallow features and excessively depend on deep module stacking and topology optimization,
leading to redundant information. Consequently, this study introduces a lightweight super-resolution reconstruction
network that endeavours to explore the mapping mechanism between shallow and deep features to enhance
reconstruction quality. Firstly, shallow features are leveraged to generate feature masks that guide the generation
process of deep features. Then, an attention-based feature selection module dynamically generates feature weight
information. Finally, a dual-branch feature enhancement learning module is devised to balance the output feature
weights and augment the feature fusion capability, thereby further improving the reconstruction performance.
Experimental findings substantiate that the proposed algorithm significantly enhances the peak signal-to-noise ratio and
structural similarity metrics on a widely used international dataset, while concurrently exhibiting a limited number of
model parameters and exemplary visual performance. These outcomes validate the effectiveness and superiority of the
lightweight super-resolution reconstruction network proposed in this study.

Keywords:  super-resolution; shallow feature modulation; feature masks; dynamic attention; dual branch;
lightweight
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EDSR-baseline 1370K 37.99/0.960 4 33.57/0.9175 32.16/0.899 4 31.98/0.9272 38.54/0.976 9
IMDN 694K 38.00/0.960 5 33.63/0.9177 32.19/0.899 6 32.17/0.928 3 38.88/0.977 4
RFDN 534K 38.05/0.960 6 33.68/0.918 4 32.16/0.899 4 32.12/0.9278 38.88/0.9773
SMSR 985K 38.00/0.960 1 33.64/0.9179 32.17/0.899 0 32.19/0.928 4 38.76/0.977 1
LBNet 731K 38.05/0.960 7 33.65/0.9176 32.15/0.899 3 32.30/0.928 3 38.88/0.9775
X 2 ShuffleMixer 394K 38.01/0.960 6 33.63/0.9180 32.17/0.899 5 31.89/0.9257 38.83/0.977 4
RLFN 527K 38.07/0.960 7 33.72/0.918 7 32.22/0.900 0 32.33/0.9299 —
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SMSR 993 K 34.40/0.927 0 30.33/0.8412 29.10/0.8050 28.25/0.853 6 33.68/0.944 5
3 LBNet 742K 34.47/0.9277 30.38/0.8417 29.13/0.806 1 28.42/0.8559 33.82/0.946 0
ShuffleMixer 415K 34.40/0.9272 30.37/0.8423 29.12/0.805 1 28.08/0.849 8 33.69/0.944 8
ARRFN 1013K 34.38/0.9272 30.36/0.8422 29.09/0.805 0 28.22/0.853 3 —
PILN 588K 34.39/0.926 9 30.34/0.841 5 29.08/0.804 8 28.09/0.8500 33.68/0.944 6
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RFDN 550K 32.24/0.8952 28.61/0.7819 27.57/0.736 0 26.11/0.785 8 30.58/0.908 9
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RLFN 543K 32.24/0.8952 28.62/0.7813 27.60/0.736 4 26.17/0.7877 —
ARRFN 1024K 32.22/0.8952 28.60/0.7817 27.57/0.7355 26.09/0.785 8 —
PILN 600K 32.22/0.8949 28.62/0.7813 27.59/0.736 5 26.19/0.787 8 30.54/0.908 6
DRSAN 747K 32.30/0.8954 28.66/0.783 8 27.61/0.738 1 26.26/0.7920 —
SFRN 1086K 32.41/0.896 9 28.75/0.785 0 27.66/0.7391 26.38/0.793 7 30.94/0.9129

TSN EAR, TR AR, — AZ R R BT A
23 EMHRTEE

FE 3 A 5 R T 1T, AR SCIR Y 1 SU B g
B R AT B 2 02 4 1 I 4E TR 1S LT,
Urban100 4% £ 1 Img033. Img093 F1Tmg100. M
Kl 3(a) iT LLE Y, A SO RE 8 0T M (R 3 KRB 4R 2%
7 IF), 320 5 TN T, JFG A Bk B o 1) Joit = A AE
A SRAN T IR, B 3(b) BE AR I A STRVE AL 3,
A DAE Y, AR SOV B % 1R 1 EE g o P b e ke
2,5 5 06 FUE BUR PR 47— B 1 HAR SR A7 A2 %
2R 2% 7 A R E A 1) R 3(c) R AT LLUR L, R
X 2 B S T PRSP 2 B 1 S e B D, B I TR
GEEUE, B A ) MR 7 2R SR i i 4 R R T B

). DR, 15 26 TR ST HE H R 2 SRR AE TR 1 5 vk, 1845
I 265 A5 20 B A B A b b 3R PG IR SO B T YT, UG SO
SRR, T B AR R, A R B
24 EEGIFTMAEEM

1E SISR H, K8 43 0 465 1) 1A' 48 rp 45 TR )2 R AIE
A L, G Pl 4(a) BT . 8 3ot ot 8 J2 e A1 42 A
B f 25 4 RO AN B, T8 B0 I 45 1 e 4 H #G, T AR 2D
ANV R R R ERAE. A5 Gl 52 KR
REAER 12, B V2 50 A B A AR R, $8 545k
TRIZRHAIE, SE0 T R 2 AR 0 5 OR Y, e 7 1
HE AL

NBAIER BRI R E R R A 18 58 A



4050 = #£39%

(al) IMDN  (a2) RFDN  (a3) SMSR  (a4) LBNet
22.50/0.5639  21.90/0.5337  22.77/0.5829  22.77/0.5829

f—t—t—t—t

(a5) ShuffieMixer (a6) RLFN  (a7) ARRFN  (a8) Ours
22.76/0.5636  2226/0.5326  22.91/0.5742  24.22/0.7427

(a) ANEFIELE Img003 K H Urban100)_L AL 52 25 SR %t bl

(bl) IMDN  (b2) RFDN  (b3) SMSR  (b4) LBNet
16.78/0.4681  18.96/0.6362  17.43/0.5158  17.43/0.5158

-~ 4 = -
(b5) ShuffieMixer (b6) RLFN  (b7) ARRFN  (b8) Ours
17.67/0.5326  19.70/0.6961 18.15/0.5763  19.86/0.7396

(b) RFHIEEIMmg093 (K H Urban100)_ (141 5 2R X Lk

AL 11

(cl) IMDN  (c2) RFDN  (c3) SMSR  (c4) LBNet
26.69/0.8041  25.29/0.7950  26.47/0.8065  26.47/0.8065

.ﬁ-. " |/ ) |/ L/
‘ (c5) ShuffleMixer (c6) RLFN  (c7) ARRFN  (c8) Ours
2618008022 2528007887  26.63/0.8066  27.48/0.8143

(c) AFRIFIEAE Img100 (K H Urban100)_ L (140 5 HCR X Lk
E3 MR ET 4 ERAMEERELE

L — — — —

_____ = (bl) HR@% (b2) KRB

| VB R \:
| i : 6l
| wEmmew |
| i | (b3) HEAHERmHIEE  (b4) HREMRFHEE
I‘ T A HL Y ‘ : (b) butterﬁy(ﬂ% EsetS)ﬁ{E@ .
| K 8 K
| ; |
| wesmes | g 6f %%
S — = 40.6X
‘ <y =
| i | z 1o.4%
1o
& 2r S
0
(a) BRI 0 baby bird butterfly head woman
(5 MR Z 5B —— AR

(o) R B4 (5 B S 1
B4 BZEUFMESSEMES
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A2fe5% F: A TR AR GEETREREAGE,HFEEE 4051

XTRFAE AT PTARALERAE. ] 4(b) FoR, ¥R E R 1E N
BT — AN 3x3 BRI IR RRAE L V2 FRE
HAIFLSE HR BUE I =005 2., 3002 285 v 1A R 208
BRI 2R AE R B, 1T UE 3R Z R AR (0 S5
SR B S R ) AE B 2 AR AE A A, 9 T
— B ALK AR AL, AR ST B SetS £ £ D9l ik
£, FE AN Set5 Hu i 4 v B 1 B RRAE, 3 1 s A
BRI AT B R R ) S S S, FENE IR 2 R =S
B5 HR BUE m s B AT 1845 3 s D8 H 44 %
B HEBNGE RN T 0 ~ 528, WA NTEZA E
bR ERE SIS B 5 HR BE &S AL a0
Bl 4(c) From, SetS Hdf 4 TR 1% 5 5k B BTS2 B H
JZ R AE M BUFE FEE 43 731 4 baby 58.24 % bird 46.58 Y%.
butterfly 35.89 % head 53.47 % LA J2 woman 45.94 %,
PSS ALLRE B N 48.02 %. & 4(c) T 41 (3 2R 8 4y
N BRI SIS B S HR & w4 B 2 18 1)
SEA A ARLRE, FH SR AE AR IR O 0.5148. 04314,
0.8390. 0.4319. 0.5117, P55 K AALE N 0.545 7.
AL, B RHIE R S S B, &8 RE S

FCS G AL A5 1, v Xk 6 i 2 R A 2R AT U,
A CATEAS 75 BEHE B ) 2465 2 FF 0800 I 246 S 0 1) [RI BT, 4
e A B T . X R B R I A ST R
FRIZFHEX R ZRHE R AR S E L
2.5 HEASILG

AR /N AT I I R S 5 56 v 2 R AE A A E
BE TV B )RR 3% B A B DL R R Uk T v R K
PE. 25 LLR U B, DSFM g Ji 9 45 () X043 32 485 4iE
WA i L H, DSFM_woSFML A DSFM 2% [ 5 iF 1 6
2 J5 HI R H; DSFM. woATT A DSFM 2 B VE 2 /1 4%
HERE B 5 (IR, DSFM_woCAL A DSFM 25 [ 9 Fil
R 75 35 MR E AT 43 514 DSFM_woSFML.
DSFM_woATT LA & DSFM_woCAL % it Jii /X 2% H ]
DSFM 4 2 Hi 34~ W 28 HEAT I 5, JRTE QR0 T i %2
ff) Urban100 #4848 b iEAT — % FoRAEE . I gkt
Firp, 2] R EB N x 1074 I X E A 16,
B KN BEE 9 5050, BEERECN 5, Il 2558 %1°H 300
. LI EE R 2 .

®2 TRBZEZEBYMEIE

B4 SHE R RFAE T ] TR+ G 3CRHE PSNR/dB SSIM
DSFM 401K v v v 31.21 0.9192
DSFM_woSFML 374K x v v 31.10 0.9177
DSFM_woATT 401K v X v 31.13 0.9178
DSFM_woCAL 396K v v X 31.15 0.9180

f 2% 2 0] LAE 1, % Eb DSEM A DSFM_ woSFML
A DA 3, X 2 230 AE O 0 27 K 15 L, PSNR
AT SSIM 43 S T+ 7 0.11dB, 0.001 5, 3% B 38 i % )2
FEAE IR A 2 T R 3 @A 55, &k i 2 R AE
it 5 AE IR 2 SRR AR e % 5 4 b T BHR A
BETHERNFIEEFEERRHEEREXNER
VE R /138 (pixel attention, PA), JL-F- A48 i ¥ 2% 2 %4,
R B A5 AU E -1 7 9 43 S B ARR AR, i 280 g
AT R AIE @A, 1843 9 2% 1 e 45 21 32 T X Lk DSFM
AIDSFM_woATT 1] LA tH, PSNR A1 SSIM 73+ Jll £ 7+
0.08 dB #10.001 4. 24 DSFM F1 DSFM_woCAL X kb
AT DL L, AR B e bE TE B HE R B 72 PSNR |
$2710.06 dB, 7 SSIM 427+ 0.001 2. PA ik, 7] AIA A
PP A [A) B R 1 7 2K, 13— OK T W 4 SCRRIE 2
(] PR 22 7, (S99 P9 23 ST A2 ) BN [R] R IR R AR
B TR e I 2 E MR R AR SR B 1(e) B s W43
SCREFRAE S B E5 1, A e S AL A H i
H LR EE S5, R 3 R T A AN HOE B 1)
W) 248 235 K 2 B, 6 AS RIS 3 H 1) X 2% 3R AT 1 25, 1
B2 % N1 x 1074 IZHECN 8, B v K/

59 5050, LR B 200458, I 15 4 G4 T F
43 AIAE Urban100 4 4 k47 9.

®"3 RRYE . MES XL M RERIRAT

(TR g SRR PSNR/dB SSIM

10 blocks 0.64M 25.23 0.7553

12 blocks 0.84M 25.29 0.756 6

14 blocks 0.74M 2531 0.7589

16 blocks 0.94M 25.36 0.7607

18 blocks 1.04M 2427 0.7237
AR AR

H 2 3 A LU H, W48 S 5B 1 K 5 HE S A
BBUAE AR GO0 R, B I A B S 3 N 29 0.2 M
(12 $ o, (BN 4 1B Er 2 AL BE 0 AR 5 B =
FCIEAR G, A ERHBAE 10 ~ 16 2 [, X 2% P g 5 45
BBURE L, 5 4% 52 3 B e 2 159 X 45 M e T B,
M 16 3% 18 J&, 1 % PSNR K B% 1.09 dB, SSIM T
B%0.037. [R Ik, R ARAIE X 45 [ i Ak, S8, 1 B 16
ARG S JERFAE R ) B R AT R 2 R AE ) R B A
1E.

i 2 RSB 43 9 2 X 4% — SR P D /b i i 5
(95 2k 2D W0 4% (1) 2 B0, SN 5 AR ST X 4% B A 3
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B RE R RS HEE N AR, (R E @ MR, Xl EMOS WIEHCN 64 1M 45 A L T 38 38 2k 48 (1 /)
X H AT W B2 I X L. 26 W B BN 3, 4%, PSNR #2£7+0.13 dB, SSIM #2710.000 9. [F]£f, i &
SIFRNT < 10~ IIGHL TN 8, VI ZRFE RN 20058, % KN 96 I 4% 1) 25 WL 4 b PSNR A1 SSTM, AH Lt T
FE 3 308 30 o 0 28 P BEAF (R BRI RS I, SE B0 FE S EUN 64 LR, 43 IR TH0.11 dB F10.000 5. £547%
A R RAR I EIE L B, R EE s A BN RS R I S ER, A SO e R H N 16,38
48, 64 196, I-1E 4 545 K 1 437 7F Urban100 %k &£ 2 o 64.

P AT K. S256 45 SR WSk 4 R, oAy Tk IR R R AR XS TR B AR R A B
Ak HATRS R AU DUT SE5, anlEl 5 iR, 5%,
£4 EEHRE N LRSI LA To R R HHR AR, AR E R R T4 5

e Py oNRD -~ TR 2R AIE AR I 06 A LR, B 3R 2 R AIE T o J2 )

" o18M 01 P FHBRIER I 422 35 A, B UE T 328 H 1033 J2 R AAE U o #3E 11)

64 030M 25.14 0.7226 R, R BN EON S, ST F N1 x 1074,

% oo i 07231 YNV Iy 8, Y1255 KA 200 5, H7E 4 48 4R 7

HIR AT LLE H, BB B NS S8 R E R4 Mr e RO e e,

<! = | & =S RS =Y =9

J 2 EE | 2L 6 || By

V]LM_‘HE_M_HLM"HE_M o (V) () )

oK X

SOl - NECERN x| (B | |

8 IM \\—m e = ;H@ ;H@

t%%—%—ﬁé—% =§Kﬂ—#@ () ()

| ) X

== |8 5= |8 g |2 n

B 2

(a) WA ERZFAERG] PR RIURE  (b) TCHEZRAER S E RE R IR (o) A BEIRE R RHIE S HURE
E 5 REFHEESIEHMSER

WK S FiR, (a)s (b)s (o) = AT EIFTRRIREEL & 784 i 4E SetS. Set14. B100. Urban100 I
443 5 ~: with_mod. without_mod Fl with_skip. % 5 fJ PSNR 73 5134 i1 1.21 dB. 0.79 dB. 0.42 dB. 0.88 dB,
H(@)s (b)« (c) T EARHIR T3 Z M FEAR, Mwith . SSIM 43 5l 0.027 1. 0.016 3. 0.010 2. 0.035 1, 1
mod 1 without_mod 4545 A & i, 47 1£ 1% 2 L 1 TIRZRHEN TR Z R R A T8 5 B X &
B, BT A2 SRR, MG SHEM I REREE S T INEE S E B, Ge % 5 i H H
UK, THHE RGN 0.53G, (H M 4 PEREA B K IE B 32 T RIS E @RS

RS HERETFAARNTRERIRE 4 M EERIRE TRYIEIRTEL

Set5 Setl4 B100 Urban100
Bkt SHEIKB F RS REUG
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
with_mod 399 1.03 31.24/0.8790 27.98/0.763 0 27.16/0.718 3 24.96/0.741 4
without_mod 368 0.5 30.03/0.8519 27.19/0.746 4 26.74/0.708 1 24.08/0.706 3
with_skip 378 1.03 30.71/0.869 9 27.65/0.757 6 26.99/0.715 1 24.58/0.7276

VE MR

M without_mod Ml with_skip FIXT LEH AT 08 BE4EHR, FE 25 4E Set5. Set14. B100. Urban100 L]
IS VR JZ R AE BIR E R B BRE R, /T AZEAT4E  PSNR 4353 50 0.53 dB. 0.33dB. 0.17dB. 0.38dB,
W2 SERH R B RS OLUR, B RE R R m M4 SSIM 4 7l #2 /5 0.009 1. 0.0054. 0.0032. 0.0138,
PEBE. {H# X b with_mod FA with_skip P SEER &5 FrE @ M ERGRE L. S8 T Rt B B E
REfE A, M BTt A B A SO R EERR M ZE F, A SCE B Urban100 04 46 H 1
PR AR R B ] DAEE— B4R TR B Tmg092 A B100 i #E 4E T (1) 148026 33E 4T 32 M0 AR 5t XoF
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Ee, M 6 He] DL B, with_mod W 2% B 2 HH i) B % Computer Vision—ECCV 2016. Cham:  Springer

BT, BES AT I AR AR I R SO R B
\ AN V\MA N VWY

E

PR
\?.J‘\\
(al) with mod (a2) without mod  (a3) with skip
(a) 3FEIHLE Img092 (K F{Urban100) I B L 45 1

Y

(1)1) with_mod  (b2) without_mod {b3) with_skip

(b) 3FHELLE 148026 (R EB100) L [ F 45
6 ML EEREHRILL

3 & #®
ARSCAR Y T — b IR TR R R AR R ] B M

o T EG PR s . 1%, Wt 7R ERAET

2, 51 SR B RE AL K, PSS 2RI AR BE 78 70

MR 190 88, 5 = B PR AR A SCBR A 9 45 B UK,

K 7 53 S A5/ A R L) 51 AR R B,

e A R 22 B i HH R AR AE 5 BRI 4R (SetS

Setl4. B100. Urban100. Mangal09) #4713, 45

TR 509 4. AH EE T ORGSR, A ST B A U {1 A T

e L2 5 0.11dB. 0.07dB. 0.04dB. 0.11dB.

0.18 dB; 5 #AHALLEE 42 7179 0.000 9+ 0.001 2. 0.000 9+

0.001 7.0.0018.

S AL P B R I S (EAT5 A7 A R R

P A S B R R TR R — B 4, IO 1 A R A A\

fiE 2 T AFAE 2R B 56 R AR, XA 7 AR 0 2 B

DU AR AR R AR R 2 AL 5 TR T2 R AL 2 18] 7Y

o AR A O R, FE DR A I 2% B A 10 R I, 2B SR ARG

R B R
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