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Abstract

With the development of deep learning, single image super-resolution technology has made great
progress. However, most of the existing research focuses on convolutional neural networks to
construct deeper network models with a large number of layers. These methods are difficult to
apply to real-world scenarios because they inevitably come with computational and memory costs
associated with complex operations. Therefore, we propose a lightweight hybrid model for su-
per-resolution reconstruction of single image—lightweight fusion CNN-Swin Transformer network.
Specifically, we use Swin Transformer block with shifted windows to fully learn the long-term de-
pendence of the image, and build a CNN-based local feature extraction block to effectively extract
the local feature details of the image. Meanwhile, a multipath dynamic convolution block is de-
signed to learn the edge features of the image. Experimental results show that compared with the
single image super-resolution model based on Transformer, the proposed model achieves better
results.
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1. 51§

FA PR 53 %2R 72 (Single Image Super-Resolution, SISR) & 7E MIB LMK 43 #% % (Low Resolution, LR)
BHG A WIR A AE R A 15 50 . A o0 & B4 1) 5 43 22 (High Resolution, HR)EUE[1]. AR, FETIREE
LAHZE N 2% (Convolutional Neural Network, CNN)I1J SR AR R AR Pk & 58 A= A UG = A 15 7 T 1) o 3%
PERETRAT R . BARIXET L O AT T ARYERE, (HH TR AR A RS N, FEANRRR
T S T SEBRAR TG . DRI, FECRRFZS S B A IR [RIIN SCREIRAS SE P BB AL LR T T AR = T )
W ks 2 — 2 51 N L], 201 DRCN [2]#1 DRRN [3]. A — AN R R RN L54, 21 CARN [4].
IDN [5]. IMDN [6]. RFDN [7]%5. IXUEHRERLE TRy e RN M 48 454, A2 ERERE Ly TS
s, BWSEC R MR, MEDE R AT E I EIR.

TSR, BEE HAE S A2 (Natural Language Processing, NLP)H Transformer [8JHEI AR & &, 40
B H R FAFENL AT 5 SO — AN 16 @ . Transformer 7] LUK UG A ARSI PR AT 2458, X
SR IRHER R BE 1 E B T IR S IS4 . BAR, B5T Transformer )77 VERERS B 4F AR B R )
KIAMHIOC 2R, (H/& CNN $REURFFIE T RE AT AN AT AR, X EEAFIERERS AE AN R AL A D OREF 1 S
e, AT RGN E . Kk, FRATEBCKE CNN I Transformer @G, 78R =& BRI A,
S AT SR R 22

R, ASCEEH T SISR H42 = 2K @A CNN-Swin Transformer M %%(Lightweight Fusion CNN-Swin
Transformer Network, LFCSTN). fE LFCSTN H, A T[AIF {8 CNN H1 Swin Transformer [958 4 2 4% 454
I —AN50, PR RS A CNN-Swin Transformer #2(Lightweight Fusion CNN-Swin Transformer
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Module, LFCSTM). iZAR R 3= i JR iR HE U (Local Feature Extraction Block, LFEB). Swin-Transformer
Hy(Swin-Transformer Block, STB) 11 5% %% [6]yE & JJ(Enhanced Spatial Attention, ESA) [10]12H/#%. %}F CNN #B
gy, BT T RAEHESE, LFEB FZHRBEIIEIZ . GeLU o s BRI S AU 1E 3 = /) Hy(Efficient
Channel Attention, ECA) [11]41i%. %}F Transformer %3, FAITHFIFH Swin-Transformer K123l & FIA LR
STEMGKIAfRBIOC R ARG, FRAME Ao 2 Ay = JI(ESA)KRHHT bR SUE BRbG, A 2= =] 21
RS A4 RS B — PSR . [FIR, O T ORBRHMEE A0 A2, FRATHEET Chen S5 AR H
FIEIASER 1 2] BT T — 2 A3 S B (Multi-path Dynamic Convolution Block, MDCB){E NFAT]
R GIG RN, XA BT BRI R AR E iR .. A 32 TAE:

1) FAWEH T PR EHIE SR T SISR 4155, K CNN #l Swin Transformer #HZ5 5, A 2UT)
AlE T R E B RN R R AR o

2) TAVHIE TS ERER, FHIRH T — PP AiA 21 2 B AR S S G ARPUE R BRI 2% 2546 1) — > o
X, FERHEZ TR AN, ARk E TR ERE, RIS TS B AR RCR .

2. BXI1E
2.1. EF CNN #J SISR

3235 CNN SR KEHMER R EE S, IE4ERIET CNN ) SISR J5i:UE 7R KL E . fildn, 2014 4E,
Dong 4 A4 H1 () SRCNN [13]74 /0K CNN B2FH - SISR, H7E 24 BUS T B 354+ /110808 . 2017 4E, Lim
£ NTE EDSR [14] 32 H T —Fafsmik ZHORIIZRIR R, AR THEA . AT EZEARN
SISR #7, RCAN [15]#2H T —Fh BAT ok 2 85 M RNEIE I 2 AW U IR R 22 N 4 o B T IR BRI 4%, it
SRR T VP2 R SISR L. 4N, Ahn 2 AFIFHZIBALHIEEH T CARN [4]. Zheng %5 \FIF ¥
BAFEH T IDN [5], S5ARARKHARHE, SHSERUR/NIAT 4. 285, AbAITEodE 7 IDN RS RY g4 4
th IMDN [6], FIANfGEEZZAMEMI, ARIGHREL T 2 9AFHE. Liu 55 Ndt—00 IMDN {5 B 2 Z& il
IR ZERFIE TSR T REDN [7]0 ERARX LU Y E A | 40T A 45 AL DRI, (H e AT TR & Al T CNN
FIBLRL o X A BT R BRARBURREE, AR5 o] BRI A RS B, AR T BUG SO RIL 4075 1L 5 .

ConvGroup

Figure 1. The complete architecture of lightweight fusion CNN-Swin Transformer network
(LFCSTN)
1. RREER4A CNN-Swin Transformer FI4G(LFCSTN)EE kL5 #)

2.2. EF Transformer AJ SISR
Transformer 7E 5 A5 5 ALF(NLP)H 505 5 & 1 A& AT IETH SN ST 55 H A B 1R JI(Self At-
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el %

tention, SA) [8]HLill. Transformer H1/ SA LI AT LA BRI FHIC R < MK HME S, HE—Lemgiil
WAL P HAS T2 NBUGERZI S5 R, WG 25, BUERA>#] . 2, VIiT [16]2& 5 —1>H Transformer
ARBFFVE CNN [ TAE . N T ARSI ICE, VIT % 2D BEH R AL A — AN B 5 T A 141\ 3 Transformer
H1. Chen Z5 AFR I IPT [17]2 — M EER KATIIZREAL, ) T-5 A% Transformer 1) & ARG AT S5
M, Liang 28 AF2H ) SwinlR [18]#F Swin Transformer EEEZ R G IKEATSF, FHEUS TIRITFHIZER
Lu %5 A3 H 1) ESRT [19]ifid 2 54% Transformer FIRHIES> 5 5B/ T GPU WAFIHAE  (HIX SR AL %A
74775 ¥ CNN F1 Transformer §lia, IRMEFEFRRTY I/ INFNMEE 2 [A)K B 5 L 1157 .
3. KXF#*
3.1. LFCSTN {451

Wik 1 B, LFCSTN FHEA VAN HR: RERHMER. FEHE S CNN-Swin Transformer ik
(LFCSTM). Z M EBIP(MDCB)FIEUGE R . AT 1,, T 1, 73 05E SO LR BRI E 2 SR

B Hok, BAURRG E—MEDPRENG 1, e RTC, b H A w 4351y LR BRI FERISEE, C
FORFFBEIEE. BAVEM 3 < 3 BRURM 1, FIRRBGRZHRFIE F, € RN

Fy = fooms (1) (1)

i, £ ()RR, F, R REU R SRR REH SRS By LFCSTM Al
MDCB #i A\

=1 (17 (A7) &)

Fy= £ (Fy) 3)

Horr,  f" FoRH n > LECSTM BB, F, F7R55 n 4> LECSTM %l £, %75 MDCB [HBRGT, F,,
FOR MDCB R B RAZRHE. X5, BATE F AN ERHT, P EURIRE R
Fy = feo (F,) )
Hep, F, FoRREUIRERL,  foo (1) R THRREBIRZRAEGIRH, E2h 3 x 3 BREM
LeakyReLU Bi& s AU . 4 F, FIF, AR EUR B A3 2 SR K I, € R™C .
ISszp(Fdf“LFef) ®)
e f () RFEWEEERZ. 5T LFCSTM R MDCB HHEAIMIHSY, A VELEZ SR/ N34T A4
3.2. Swin Transformer ¥ (STB)
STB 14 LECSTM H[] Transformer 733357, 541Kl 2(b)Fi7n. Swin Transformer MR T7 12244

Transformer B IFRIEZ Sk H 3 2 /J(Multi-Head Self-Attention, MSA) [S#EL B 3 FE TR 8 i 1 ORRER,
HERRFEAAE. 15, BAVBRBGE RN H W x C FRERHE F, 19 STB (%N, Swin Transformer

%ﬁAﬁ@%ZZxchm%ﬁ,ﬁ&%ﬁﬁAﬁﬁ%Kﬁ%meMm%ﬁﬁm,ﬂ*Zf%ﬁmm

B8 A, HONEENE DA ERENEE ), [EREE LRMEE,, RYC 3T Rl i CUEHE 7
. EAMEAERE: O KV ETFEARA
Q = F}MfPQ (7)
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Figure 2. (a) Local feature extraction block (LFEB); (b) Swin Transformer block (STB); (c) Enhanced spatial atten-
tion (ESA)
2. (a) FEER4HEIREUR(LFEB); (b) Swin Transformer 3(STB); (c) 1&IRZSE);EE JI(ESA)

SRR, R AR LR A a1 A TSR R R

T
Attention (Q,K, V') :SoftMax[QK +B]V (10)

N7l
Horh B AT SR BT, 4 yg% YepE.

BNk, i — 2 2SI L(Multi-Layer Perceptron, MLP)ZHE(TiE— D BRI 40, MLP tiFAN 4%
$(Fully Connected, FC)ZHF GeLU G R AL . 7E5 MSA BHUR MLP 22§ T 2 IH—1(Layer
Norm, LN)/Z, FEXPIAMEIEH Tik 2R, BN ETUERA

Fyy = MSA(LN(F,/))+ £, (11)
Fyy = MLP(LN(F,,))+F,, (12)

T8 ) BRI S sk Z B 6T 1 R, IR T IR ERE . BON T SIS R &, [
I PR B T s A THAELRE /)5 Swin Transformer HIfEE$RHY 7 — R 8l & 1173 X7 1% Horb, W-MSA
A SW-MSA 73 3l Z A FIAMIAI RS Sh & 12 Sk Bk ), RIS RSBl & 1170 X R RAG 770 [X 2 FiPRFRFAE

B Q%H%B B,
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3.3. BEHERBUR(LFEB)

LFEB {£9 LECSTM [ CNN 7332y, HAEZA/EAZXA BIGRIGRZRAL F, 0t —P3RE, 130
LIRIRAAL, S BREARFE F, o EGRURIEIY, BATEFMEN GeLU Bl %L, T ReLU Buf e
H, GeLU Bams#5I N 7 BEHLIENIAEAE, EWL EERFE BARKINR. N T PRI e RILRE T,
FIE BB PEREM R I, BRAMEBIREZ G SIN T THE S 2% BEAR HLRE R f s PR RE A0 ROB TEVE B )
(ECAWLH, BARGHIUNIE] 2() . AN, O 1 SRR R AL, BA HEBRR ZJE I TR 228,
LFEB HJEAASFE R AR N

sz’l = feoms (GELU (fcom (Fyf ))) (13)
Fyy = fuea (F) (14)
Fy = Fy < Fy, (15)

Hrr, f. () N ECA B SHGERHFL F, Ja, FATRIFRG 32 RE R FI(BSA) B F, M1 F, AT RAE
R, TSR EREFIRAL, X — NP DR

F,=f.,(F +F,) (16)

Hep () 8 ESA WU, Z5fints] 2(c)fim. &k, AT LFCSTM It F, LUEN G LR 4
No

(Attention)

1
path » Conv 3x3

2 oy / . TN
Input ———> Conv 1x1 |path?_ ConvGroup —P-—HL(‘/(}—P Conv 3x3 —*»( —> Conv 1x] —»{ | —>  Output
& L 4

Conv 3x3 J

path?

Figure 3. Multi-path Dynamic Convolutional Block
[ 3. ZEREHSETRHRMDCB)

3.4. ZRETERRMDCB)

HXNSHER D WRELNLG, N T EENSIEBLEER, X7 E AT BRI 5t.
Lu %5 A7E ESRT #7115 A = A8 i BB (High-Frequency Filtering Module, HFM) [ 191K - FH 4 A1E B o4
IR, IXANA] R G I N TR TR AR IR AR, T S B AN FLRAY SR IR . R,
BAVETHAGRMEME, &t T — N2 BRESNEEHIMDCB) E N BRI Rl 43wty =2, HZ
HRERRIE B LG E R, RN R RE. AR MDCB LA 32 (SR A f S H0E 3k
37t ESRT BAFHIMERERLIERCR . W11 3 B, S35 K/ANA H x W x C RIRJZHHIE F, AE 5

F_;f = feomt (F;f) 17)
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Hrp f, 0 () R 1 x VERZ, BATHH 1 < 1 BRVEEAIEZ, SRR F, . XETREEA L
WIFRIURAE . S8J5, A PROLIERAE F, AF NG5 = BRI, Hort path! 1 path® HEEANE 3 < 3 BRI
R, path® AR, HIZEER 3 x 3 BAZ. LeakyReLU G, 1 x 1 FHAUZHM Sigmoid sREUH K. 115
TERME, path® Al path® il 0 ZAHRM 7 S THRAIER &, g — 3 x 3 BREMAZSIEER
Wore Zit, FATEN 2 ARSI R AT IR R N

szl = fparhl (sz ) (18)
Ft/‘23 = feoms (fpach (th)x (fpath3 (Fz/ ))) (19)

Hob, F RLE, AR path' s path® B path® EIGHAER R, £ ()« Frs ()1 fos () P BIFETS
path!path® il path’ ¥4 E3R15 F, il F ., 5, el DRATENA B BURHHTIALE KL% 5T 41/ 3 o Attention
HATR, FIFIRER LIS R B BULIRE . Attention #5405 SENet [2012648), 7N A7E T4t
5 R SoftMax B EORA: R ELE IR, I BB S ORI B R SR . 445 At
HHIEF, . EhA BRI AR

o, = £ (FC(ReLU(FC(1,,, (7)) (20)

Ezf = feomn (F;f23 xw +F,

xw, )+ Fy @1

Hrr, o f () FnA )R Ptk (Global Average Pooling, GAP)#:fF, FC(-) FmaiEf)Z, ReLU () 3w
ReLU K40, f,,, (-) 7 SoftMax B¥. wy Al w, P HIFRAD BIENALE . fefm, HATEL —MEE

AL GHHAL F, 1T SR BRHE,
4. LI
4.1. WREFITMN 184

FEASCHE TR, FRATVE AL 800 FKUIZRIRIZ T DIV2K [21 155 RN ZRBA TR LECSTN #RY, FAf
T 5 NSRS, 45 Set5 [22]. Setl4 [23]. BSDI100 [24]. Urbanl100 [25]41 Mangal09 [26]#E47 14 BELL
B, ASCRA PSNR A SSIM 1NV TER, A SR BIEAE YCbCr Fitaas|a) Y il ErvERE. N T 3T
PERERTELER, FATTHE TR SHE B S

4.2. LAY

FENZR AR, FRATR AT Rl AN BRI AT 55 . 5 RIS, BAUEH Adam TRALZRHEAT I
%, B =09, B,=0999, FJEFHENS 10", FUREECKA L Fkwtl, 5 Lkt &
PAF= A SIS IR . SRS, FRATIFE PyTorch 242 N {#F—> NVIDIA TITAN RTX &-REHATHIA 125,

4.3. 5%& SISR #H&I%FEL

FE# 1, FATH LFCSTN 5 At SISR #4137 1 LL#Z: VDSR [27]. LapSRN [28]. EDSR [14]. CARN
[4]. IMDN [6]. RFDN-L[7]. ESRT[19]. 1, CARN. IMDN. RFDN-L. ESRT A% &2 SISR f&7, &
S, FATHI LFCSTN TERTA TR F GRS T Bl R M fabrsi B TLAEH, B8 CARN TEMERE
R IRATA LECSTN, {HE S E%E )L P& LFCSTN [ =1%. [}, RFDN-L Al ESRT HIZ¥3E 10
LFCSTN, {H LFCSTN H(f5 7 L e T g Fe ok, FRATTLAMEE] LFCSTN 7ERCK 503 FIUE T
PSSR, IXUFBR T AT A 8
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FhH %

IMDN LFCSTN(ours)

UrbanlOO(X4) img 012 RFDN-L ESRT LFCSTN(ours)

Figure 4. Visual comparison with SISR models

4. 5% SISR fREHYATIILEL AR

Table 1. Qualitative and quantitative comparisons with SISR models show the best results in bold

# 1. 5&SISR HFREMEELE, RIFNERSMERT

Set5 Set14 BSD100 Urban100 Mangal09

Method Scale Params
PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
VDSR 665K 37.53/0.9590  33.05/0.9130  31.90/0.8960  30.77/0.9140  37.22/0.9750
LapSRN 812K 37.52/0.9591  33.08/0.9130  31.08/0.8950 30.41/0.9101  37.27/0.9740
EDSR 1370K  37.99/0.9604 33.57/0.9175 32.16/0.8994 31.98/0.9272  38.54/0.9769
CARN 1592K  37.76/0.9590  33.52/0.9166  32.09/0.8978 31.92/0.9256 38.36/0.9765
IMDN 2 694K 38.00/0.9605 33.63/0.9177 32.19/0.8996  32.17/0.9283  38.88/0.9774
RFDN-L 626K 38.08/0.9606  33.67/0.9190 32.18/0.8996  32.24/0.9290  38.95/0.9773
ESRT 677K 38.03/0.9600 33.75/0.9184  32.25/0.9001 32.58/0.9318 39.12/0.9774
LFCSTN (ours) 554K 38.08/0.9613  33.92/0.9219  32.28/0.9018 32.47/0.9018  39.02/0.9780
VDSR 665K 33.66/0.9213  29.77/0.8314  28.82/0.7976  27.14/0.8279  32.01/0.9310
LapSRN 812K 33.82/0.9227 29.87/0.8320  28.82/0.7980  27.07/0.8280  32.21/0.9350
EDSR 1555K  34.37/0.9270  30.28/0.8417  29.09/0.8052  28.15/0.8527  33.45/0.9439
CARN 1592K  34.29/0.9255  30.29/0.8407  29.06/0.8034  28.06/0.8493  33.50/0.9440
IMDN 3 703K 34.36/0.9270  30.32/0.8417  29.09/0.8046  28.17/0.8519  33.61/0.9445
RFDN-L 633K 34.47/0.9280 30.35/0.8421  29.11/0.8053  28.32/0.8547  33.78/0.9458
ESRT 770K 34.42/0.9268  30.43/0.8433  29.15/0.8063  28.46/0.8574  33.95/0.9455
LFCSTN (ours) 561K 34.52/0.9286  30.53/0.8460  29.18/0.8088  28.48/0.8592  33.96/0.9469
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Continued

VDSR 665K 31.35/0.8838  28.01/0.7674  27.29/0.7251  25.18/0.7524  28.83/0.8809
LapSRN 812K 31.54/0.8850  28.19/0.7720  27.32/0.7270  25.21/0.7560  29.09/0.8900
EDSR 1518K 32.09/0.8938  28.58/0.7813  27.57/0.7357  26.04/0.7849  30.35/0.9067
CARN 1592K 32.13/0.8937  28.60/0.7806  27.58/0.7349  26.07/0.7837  30.47/0.9084
IMDN “ 715K 32.21/0.8948  28.58/0.7811  27.56/0.7353  26.04/0.7838  30.45/0.9075
RFDN-L 643K 32.28/0.8957 28.61/0.7818  27.58/0.7363  26.20/0.7883  30.61/0.9096
ESRT 751K 32.19/0.8947  28.69/0.7833  27.69/0.7379  26.39/0.7962  30.75/0.9100
LFCSTN (ours) 571K 32.34/0.8972  28.72/0.7851 27.67/0.7412  26.49/0.7981  30.97/0.9142

FEE 4, FRATICHEAE T LFCSTN 5 HiAth SISR BEAYAE O 44 FRIASE ELEL. Mo B8 5 Wig2 2],
RFDN-L [0 2 ABA TR 1, (I EE I SR BBATAEIEE TR/ P52 . AT LFCSTN H A
SR G 6, 75 58 /D (R Dy s A B = 5 SO, JCHR D BRI L 5% - 1% 43 T A1 1 tH R T ) 1214% /¥ MDCB
WoRERTE, Er LA BIRUG E 2 L4 E R . Xit— B30 7 FATFLH A LFCSTN fAa 21 -

26.6

LFCSTN(ours
26.4 (ours) © ESRT

26.2 @ RFDN-L
26.0 © IMDN EDSR @ @ CARN

25.8

PSNR (dB)

25.6
254
252 @ LapSRN

25.0 VDSR@

200 400 600 800 1000 1200 1400 1600 1800
Number of parameters(K)
Figure 5. The trade-off between the number of model parameters and performance on Urban100 (x4)
[ 5. £ Urban100 (x4) LiRBEISHHEFNMTRE  [BAYELEL
UEAt, Wil s s, BABEIRAE 7B SEHE AR L B B AT AL . SR, FRATRT LSRR
LFCSTN 7EREAY IR R /NI e 2 [R) SEEN, 1 B4 1) ~FA8T
4.4. JHRASCIR
T BAEFATHEH ¥ MDCB LA LECSTM AAFIA 2tk JAl Tt 1 3 xS bseit. e 2 o, Al
IIHT T A A & AR e RE . FTRLE Y, 7RSS B REE R Urban100 #dlgeE b, FATH)
LFCSTN 41245 MDCB, PSNR {HH1Z M 26.49 TE#2] 26.25, IXUEHIEA 2 H 1) MDCB A LAREF AL 2
2SRRI ZAE S, TR TS Y I B A 5CR
5. &ig

TEIXI T AR, FAT TN SISRAESSH H T —Fhiz il CNN-Swin Transformer X 4%(LFCSTN). LFCSTN
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