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Abstract

Current research in Image Super-Resolution (SR) focuses on developing lightweight models that
achieve a balance between reconstruction performance and low resource consumption. While Trans-
former excels at global feature modeling, it suffers from excessive computational overhead and pa-
rameter counts, while lacking the ability to explore fine-grained local details. Conversely, Convolutional
Neural Networks (CNNs) offer lower resource consumption but are deficient in capturing global fea-
tures. To address these issues, this paper proposes a pure CNN-based model termed the Multi-scale
Local and Global Feature Fusion Network (MLGFFN). MLGFFN utilizes a dual-branch architecture,
comprising Multi-scale Large Kernel Convolution blocks and Local Feature Extraction blocks, to cap-
ture global and local feature information, respectively, while incorporating an improved feature fu-
sion mechanism. Furthermore, a Feature Enhancement Feed-forward Network (FEFN) is introduced
to further refine the feature maps from previous stages, emphasizing critical information while sup-
pressing noise. Extensive experiments demonstrate that the proposed MLGFFN outperforms existing
lightweight SR models, achieving a superior balance between lightweight design and image recon-
struction performance. Notably, on the Set14 dataset with a x4 upscaling factor, MLGFFN achieves a
PSNR improvement of 0.21 dB over SMSR model, while utilizing only 37.38% of the parameters and
40% of the FLOPs required by SMSR.
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TR . BEE SR IE 4 RIFAE ) Transformer [2]AEBYAH B, 3T Transformer HJ SR #7144 B
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%% (Multi-scale Local-Global Feature Fusion Network, MLGFFN), FZHEZE WA 1. HAETHEAMZ OB,
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2.1. REZE GBI PHRER

WTAESR, R G o3 2 I 28 1) i e TR AE A8 Bl 180 2 R N 3K 2 490 56 9 U 52 PR 3 st v 1) S o I8 FH T
ZEHORZ M E. MR T2 R EH SR AR FEARBI G BRI SRR R, R ARFE
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SrHEE HR U R R, BTG EAE AR A F+ . FSRCNN [15]RHGE RS, HX
&7 SRCNN 7E M 28 AMTTBOR B R RSE BT AR I B RIS AS . DCRN [16]45 6 T i A B AL i ik 2=
SRR, FERRARASE A A PRI R B T T U AT S R RE . CARN [17]17E5R 2 M8 1A F 3 2161
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Figure 1. Overview of the Multi-scale Local-Global Feature Fusion Network (MLGFFN), including the architectures of
the Composite Feature Distillation Block (CFDB), Feature Enhancement Feed-forward Network (FEFN), and Multi-scale
Asymmetric Feature Fusion Block (MAFFB)

E 1. ZRERBS2FBFHEMAMSKMLGFFN) 2, B8 T 85 FHERBIR(CFDB)ZEM  FHEEIRATIRM
4&(FEFN)HY£EH9F01 % R S 45 ERE & SR(MAFFB) Y 4544

3. IRHEEZE
AN VEAR A H 2 R RS 4 R R AE b & X 48 (MLGFFN) AN AR 25 . 4] 1(a) 7~ 7 MLGFFN
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MIEEPREER, AE T TR ZHREIREUT 3 x 3 BAUE . F TIRZRHESRIUT 8 ANHES 15k ZRFE A2 B
A—AN A 3 x 3 HRUZ LUK PixelShuffle JZ[30]M EUE B &)= . B 1(b)AE] 1(d) 7wl R | 5 ERHIEZATH
HL(CFDB)FIRFAE 3G 558 7T 153 Y 24 (FEFN) I L 2R 2544, BRZEHFIEAE B (RFIB)H LA . K 1(o)BRTREE
FRIEZE RPN AZ O AL 2 RS R R R & SRR S5 44
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Figure 2. Architectures of the Local Feature Extraction Block (LFEB), Channel Attention
(CA) module, and Efficient Large Kernel Unit (ELKU)
2. SERFFEREVR(LFEB). BIEEE I(CARRFS M AL R JL(ELKU) B 451

3.1. ZRERUIFERESR

N AR LA B 2R S E RS R g, ARGt 12 R R RHE LA
(Multi-scale Asymmetric Feature Fusion Block, MAFFB). W1 1(c)ff7x, MAFFB K X475 37 g5 #a B4 J=)
R FAEE, Horp 2 R KAZ BB (Multi-scale Large Kernel Block, MLKB)& F T4 $2 K3 ) L F 3¢
WA R B AR RE S 52, 10 R AE$2 BN B (Local Feature Extraction Block, LFEB) I f& & i3 T 2 B = A
YT )R AR Sy 3, WL 2(a)e XIS SO @ —NMRHE R S B AT S, H TR RIE
BAEHME B B &S R B

%2 R KA R P (MLKB ) i 22 5k 1 22 AN 36 B K /INAS [ 1 /8 ROK 8% #2.6 (Efficient Large Kernel
Unit, ELKU)BEE, LI 2(c), $RIEAFEE R4 LN CRE. BRIk ZEEME T —AME Bmsh i@
18, AERERRHERE WA B f &, ORISR s 5 IR IE S B RIA . KB RIZ AT DR L EL
KIERZE, A BT BRSO RIS E S, (REFE BRI 8k — 8. [Fi, ELKU
15 B IR ) AR IR IR P2 AT 4 B R AZ B AR AT LA RO D BB [ S 80 . AR 7 =A KAl 54 11
119 f) ELKU #igk. MLKB B ARSEHLATT :

X, X,,X;, X, =S(Conv,, (F,))
Xy34 = ELKUs o (X2,3,4 + X1,2,3) (1
X, =Conv,, (Concat(Xl,Xz,X3,X4))
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o, S() BN EHEAE, Concat (.,.) MIBIEHHEIRNF. ELKU, R AMEHBRRT N K 192 RUE
R TG, LSRR FR
X =DWConv, (DWCoanXl (F, ))

@
GELU(Convlxl (X ))

Hrb, GELU [31147 Wiz 2 26 M 5 Ju 0 #R #(Gaussian Error Linear Unit), DWConv,  /E1% N 1 x K 1]
REERT 3 6 . R R IESR IR (LFEB) BRI 1 x 3 R 3 x 1 RSFAIAEXS BRI FE AT 3 B S AR e,
TR RCHARAAE B R E S B, i gk, SORAGETT, XEfE B T RGN R R ok, WK
2(a). LFEB 5 ELKU [} 7 I RJAERFRERLM, LFEB I IFATAOAEXI ARG AR BE, A7y K
PR BT ) B SR E R, R A A EANENRIL. &5 H— AN E GELU BUA M
FIRZoN 1 < 1 KRR B £ 55 B BN R LY. LFEB KSSHLan R

Y, =Conv,, (DWConv1X3 (F, ))

Y, :Conlel(DWConv3 (F, )) 3)

Y . =Conv, I(GELU(Concat(Yl,Y )))

)i MAFFB XK [ _E— = 0 10 4R AR S SRR AR B HEAT F G RARHE R 5 o SRELA R
a= CA(F;,’Z’/}‘,’Z (Concat(X Y)))
Xﬁm =a*xX
Yise =(1—a)*X

F,, =Conv, (X+ Y+X

“

fuse + Y/me)

Horr, « B TCER M IE(Element-wise Product)#(F, Fgrw () FIEIET#RIE(32]. CA NIBIETE R JI(Channel
Attention, CAREEL, WL 2(b). CA BEREI N T Hi&E M Tt it (Adaptive Average Pooling, AAP) I H & W
B Ktk (Adaptive Max Pooling, AMP)EAE, BALGINGIMISEE . SO TR B E 2405 (o
TEWT L RS AL 20 T8 B W ALEE,  [RIINHH) TURRHIE S B @ . CA B SEIL A R s :

F,, =F,*(c(44P(F,))+o(4MP(F,))) (5)

Hrf,  AAP NBEERCTEIAL,  AMP N EERN KL, o 4 Sigmod Hi B EL
3.2. EGTHERIER

N RN REREEMAERER, AW T —NE S RHEZE B (Composite Feature Distillation
Block, CFDB). CFDB ¥ £ N4 R AL A & B (MAFFB) R N SR AE 28K 3240 32 h, % MAFFB #2
HCEI ) 4 Ry R0 Je 3 b A 15 5L DA ST 24 1 x 1 BRUZ RN & Rl BT IBIE PR G A EHINE,
CFDB it FE A AR s A :

X}, X) =Conv,,(F,),MAFFB,(F,)
X}, X} =Conv,,(X,),MAFFB,(X,,)
1

(6)

X}, X, = Conv}, (X)), MAFFB(X})

m

X: = Conv;, (Xi )

v, X, Xy 43 AR 203 ST (m)FNZRAR 53 SC(d) I3 1 R4 o 35 J A SR 280 B A K P A 25088
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SCMESSCPHEAE—IR, FHEE 1 x 1 BRBSRHMENGER, SSIWT:
F,, =Conv, (Concat(Xj,,Xj,Xs,Xs)) @)

3.3. FHERERTIRMILE

TR E A FHE TR Y(CFDB) X T4 /) R Bl &5 B2 /G Bk T &M RS, A0kt 7

AE 38 55 i 15 9 2% (Feature Enhancement Feed-forward Network, FEFN)X} 5 & J5 (045 B HEAT 58 . 5 FURT
I £ (Feed-Forward Network, FFN) [2]%f EMG B MG = AL B AT H R RAE, Stz E2EEAJEHEEER
(RN, PR AS SORF FEN #E47 003 . FEFN (IS0 R

X,, X, X, X, = S(GELU (Conv,,,(F,,)))

X| = Conv,, (X))

X} = DWConv,;(X,)

X5 =Conv,; (X;)

X, = Conv,, (X,)

Y, = Concat (X], X} + X})

Y, = Concat (X}, X}, + X;)

F,, = Comy (¥ +1,)

®)

3.4. BREFEZER

bSO, ASCHZAMES FI5RERHEAS H B (Residual Feature Interaction Block, RFIB){E A% E 45
TEFREL. A 7RI ZRimAz e, A SCEA T2 H—4(Layer Normalization, LN) [33]F15R 2584,
RFIB [ A2 AT LR IR

X =LN(CFDB(F,))+F,

®
F,, =LN(FEFN(X))+X
4. LI
4.1. BUREKIE R LIS
4.1.1. BUEE
IR DIV2K BUHREBAEAINGEMBIESE, A8 T &I RN PEE R, Hahilgk

LEIAA 800 5K, IUFERE A 100 7K. A TH SO ASTERIRE ), ASGEH T H B AN 2L
PEESATINAR, A1FE Set5[35]. Setl4 [36]. BSD100[37]. Urban100 [38]F1 Mangal09 [39]. 7 SCf# FU4AE
{5 Lt (Peak Signal-to-Noise Ratio, PSNR)FNZE i) #HALUM: 8 £ (Structure Similarity Index Measure, SSIM) K
R E BB R XA 4 YCbCr Bt = [ B Y ddiE Bk .

4.1.2. SIS

TEVIGRIATE], ASCEHIR LR EHGEAT BEALK T8 5 A e 4% (0 Ba 3G 5, I DI ZRER BUE BE AL
B R/INR 64 x 64 BRI E G, AWAIR S SMFANet [5]5EMFIRI# KK ZEN L1 Loss A1 FFT
Loss R R EGHAT ISR, FEH Adam SRALER 40147 004L, HF £ =09, B,=0.99 . LI HERRE K
B9 500,000 XK. WIS TN 1% 1073, /NS R BCEN 1< 1070, FHEHRZIR K IT 411347 8.
FIT A5 ()52 596 ¥ 7E NVIDIA GeForce RTX 3090 GPU |1 [f] PyTorch HEZEHET
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4.2. 5%i#tFExtE

4.2.1. EESHH

NT VSR RE, A5 SMSR [42]. ShuffleMixer [43]. SAFMN [44]. SMFANet[5]. CFM
[45]« MAN-tiny [8]. MSWSR [46]f1 ESDAN [47]J77kiAT LU . 5 1 JBoR T & Mo e R 4 b x2.
x3 Flx4 ORI 7 HE E . Br T PSNR M SSIM f5br2 4k, AL T S35 & (#Params) FIVF fia
HIREHFLOP) H TV iR R 2R L. N T AR, ASCHER LR BB 2 #3 % 1280 x 720
BEIEE THAT A MBS R 5.

k1 iR, ASCH I MLGFFN JETESR I R T A IOR RS 3R R, WTERT A k4 LIs T
B RE AR AR, 7870 UE B T AR TS I MG E R R ) A, 7E x4 UK 7 1 Set14 i £E I, MLGFFN
fITEREEL SMSR HiEEHY 0.21 dB, TIZHEM FLOPs 18 SMSR 5 ¥EM 37.38%H1 40%. X Uik T
MLGFFN 754 8BRS BCR A TH 5T FE AR B[R] BE SR E 2 HI4FE(S 2. M5 CFM AL, MLGFFN
DA N T 18.99% S 5w MM, K13 T EALHIMERE, TEx4 BOKE T WA R4 LI CFM P&
H 7 0276 dB, [FE} FLOPs R[4 T 26.96%. MMTEX2 UK T Fx3 HOK KT 1 B i 4 43 3tk CFM
P 0.324 dB F110.272 dB. MLGFFN J732: 78 BUR H i e 5 BRI FE 2 2 (R AR 1 IR F5 1~ P 4

Table 1. Performance of different methods on various datasets

# 1. TR EETNERBIRE FRN

fes J7ik #Params (K) #FLOPs (G) PSN?SSSSIM PSI?S?SIM Ps]?qsfla)/ég?M P[SJIiIbI?/nSISOI(I)\/I Pl\s/ll?flzg/gls(;ia
SMSR 985 132 38.00/0.9601 33.64/0.9179 32.17/0.8990 32.19/0.9284 38.76/0.9771
ShuffleMixer 394 91 38.01/0.9606 33.63/0.9180 32.17/0.8995 31.89/0.9257 38.83/0.9774
SAFMN 228 52 38.00/0.9605 33.54/0.9177 32.16/0.8995 31.84/0.9256 38.71/0.9771
SMFANet 186 41 38.04/0.9606 33.65/0.9186 32.19/0.8999 32.22/0.9283 38.98/0.9776

x2 CFM 298 71 37.97/0.9608 33.62/0.9182 32.17/0.9003 31.94/0.9266 38.64/0.9773
MAN-tiny 134 30 37.93/0.9604 33.48/0.9171 32.13/0.8993 31.75/0.9250 38.58/0.9770
MSWSR 312 - 38.01/0.9601 33.71/0.9193 32.22/0.9003 32.29/0.9301 38.86/0.9774
ESDAN 541 97.4 38.07/0.9607 33.67/0.9183 32.22/0.9003 32.30/0.9296 39.02/0.9777
MLGFFN 364 65.2 38.15/0.9611 33.81/0.9199 32.33/0.9017 32.52/0.9320 39.15/0.9781
SMSR 993 68 34.40/0.9270 30.33/0.8412 29.10/0.8050 28.25/0.8536 33.68/0.9445
ShuffleMixer 415 43 34.40/0.9272 30.37/0.8423 29.12/0.8051 28.08/0.8498 33.69/0.9448
SAFMN 233 223 34.34/0.9267 30.33/0.8418 29.08/0.8048 27.95/0.8474 33.52/0.9437
SMFANet 191 19 34.46/0.9275 30.39/0.8432 29.13/0.8059 28.25/0.8525 33.84/0.9454

x3 CFM 319 34 34.37/0.9272 30.33/0.8419 29.09/0.8060 28.02/0.8495 33.49/0.9441
MAN-tiny 141 14 34.24/0.9259 30.25/0.8405 29.04/0.8046 27.85/0.8465 33.28/0.9426
MSWSR 307 - 34.40/0.9277 30.35/0.8437 29.12/0.8067 28.22/0.8548 33.68/0.9454
ESDAN 546 45.6 34.47/0.9280 30.38/0.8429 29.14/0.8065 28.29/0.8547 33.85/0.9459
MLGFFN 369 293 34.56/0.9285 30.46/0.8450 29.21/0.8083 28.45/0.8578 33.98/0.9472
SMSR 1006 42 32.12/0.8932 28.55/0.7808 27.55/0.7351 26.11/0.7868 30.54/0.9085
ShuffleMixer 411 28 32.21/0.8953 28.66/0.7827 27.61/0.7366 26.08/0.7835 30.65/0.9093

“ SAFMN 240 14 32.18/0.8948 28.60/0.7813 27.58/0.7359 25.97/0.7809 30.43/0.9063
SMFANet 197 11 32.25/0.8956 28.67/0.7825 27.61/0.7371 26.19/0.7861 30.72/0.9097
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CFM 316 23 32.17/0.8955 28.62/0.7824 27.58/0.7376 25.99/0.7826 30.38/0.9073
MAN-tiny 150 8.4 32.07/0.8930 28.53/0.7801 27.51/0.7345 25.84/0.7786 30.18/0.9047
MSWSR 316 - 32.26/0.8966 28.67/0.7843 27.62/0.7379 26.17/0.7896 30.60/0.9092
ESDAN 554 261 32.26/0.8959 28.66/0.7834 27.62/0.7373 26.22/0.7897 30.72/0.9109
MLGFFN 376 168 32.38/0.8972 28.76/0.7850 27.68/0.7391 26.34/0.7916 30.96/0.9123

4.2.2. EMSH

ASGE T BAFEATSHE) Urban100 FHE4E[38], ¥ MLGFFN J7iE ] MALEE RS SAFMN
[44]. CFM [45]. ShuffleMixer [43]. MAN-tiny [8]. SMFANet [5]F1 ESDAN [47] )7 7% Al MAL 45 BRAE <4 Ji
KT E#EATRE . 5] 3 71 T Urban100 #5411 img019 F1 img084 Wik K Fr B rTMAL R EL A5 2R o AN
MEEH, YT img019 B I EHR E @GN, A AR RS XK E 68712, SRR iR %=
JRPEEAZ B SR, MLGFFN i3 gk AN R RS RSB ARA A3k 2 RS B, BRIEMiH K E AN A
JF XSRS S, T I8 38 ) A I8 T e A R AR U M B X S (M I AS LG &, b 1 X I
Ko AT img084 B Fy AT SR BAE WK, HoAth T H @ 5 i B #S HEL T HR B s A 1)
X E, MASCH) MLGFEN J7 vk @ R UG IF AR H LA IR 265k, IXAR 28 T A S0 R R RFIE R B
(LFEB)X} 7 ) VR4 5 UL B AR BE /- 18] 3 7" T MLGFFN f£ £ WAL Jof & T R IR 4, AIERH T AR

2 11 MLGFFEN &5 5 7 ik 1Ay 2tk

&
27

22
552227
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27
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N
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MAN:-tiny SMFANet ESDAN
/ ' ' .‘ //l"" ’
HR Patch SAFMN CFM

Urban100 img084 (X 4) MAN-tiny SMFANet ESDAN MLGFFN

Figure 3. Visual results of different methods on Urban100 image019 and Urban100 image084 (x4)
& 3. £AF53E7E Urban100 image019 & Urban100 image084 El{§_E A AT AL LE R (<4)
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4.3. JHRASCIE

TEAFTH, ARSCHAT T Z MR 78, LA A APEAl B H (1) MLGFFN AR 30R, WAk
2o ARICHET x4 ) MLGFFN #8452 1 BT vl seas:, 48 A DIV2K £ 5L [34 Do gk AT I ZR DU T A
L. R R s R TE Sets B4 (35151 Mangal09 i 4E[39] -l & 1) .

ASCHTHEH T MLGFFN #8! [A% O 2 ROBE S A9 4R A Fil 4 B (MAFFB) FURFAIE 38 58 117 45 9 2%
(FEFN), N 7 REHARNE, A0 RN AL, 5 MLGFFN EfES R AT MR X L. 2 2 R,
F2F% MAFFB fEx4 [1] Set5 Fl Mangal09 #4348 73 7&K 7 1.38 dB #1 1.28 dB, T1fi#Fk FEFN At x4
ff) Set5 Fll Mangal09 ¥ffi4E 43 HIF#K T 0.38 dB I 0.44 dB. SZIG&E KM, £ R FHRHERA B
(MAFFB) I 48 58 5 15% X 2% (FEFN)ZE MLGFFN [ 4% th {0 B

UbAh, A MAFFB & T —AMHTIRE ARG BN MLKB. — /M TREREE BT
LFEB DL —ANH TRl G Rl A2 mE S a s, md 2 aTRIEH, AR08 MLKB il LFEB
BEHLAE FH#0-F SO 28 PERE O IR BE R B, T E Al S A e s 187 SR R RFAE AR IR, D) 2> LRSS AU AE <4 1)
Set5 Fl Mangal09 44 1 [#41% 0.19 dB 1 0.15 dB K5/ . Rl A HIE @8 4 & 77 CA FREHURTIE E e hi
ERAER R IEIE S B IAC HRE T, MR 2 TR T DUE Uil SR CA Rl e A E 5 #R L T — 8
FEREHIRE B N R . AT MLKB #EEUAR L Res2Net SR T AN S A KA ARG AR TR FE T 40 BB A0, %
2 WK MLK-K BEH B4 3 < 3 B8RS, 7Ex4 [ SetS 1 Mangal09 i85 LIRS EE S 5 FI% T 0.26
dB 1 0.21 dB, ix1§25 T MLK-K S IR A [F] RS XS RRAEAS B 1 R

FEFN fHAH L FEN B, o 25 SR E ZE A i E, Xk B _EERE G RRIEE BT
58, A SCHE FEFN BB 4epl FEN BidS, W28 REAE x4 [ SetS F1 Mangal09 ##a4E -l FEAK T
0.11 dB #10.14 dB, 1XF /& FFN BEHO AN B FRHES ST A R 0B, S =G 200 B 245 5
ik fe
Table 2. Ablation study results of MLGFFN on Set5 and Mangal09 (x4)

%2 2. MLGFFN 7E Set5 & Mangal09 #4245 _FAYERRSCIO4E R (x4)

T S 1k, #Params (K)  #FLOPs (G) PSN%/tSSSIM Pl\s’lli‘{;{g/gls(}i/[
MLGFFN - 376 16.84 32.38/0.8972 30.96/0.9123
MAFFB FEFN
(LAY o x Y 312 14.02 31.00/0.8663 29.68/0.8973
\/ x 122 5.52 32.11/0.8925 30.52/0.9084
w/o MLKB + Fusion 210 9.36 31.24/0.8702 29.84/0.9012
w/o LFEB + Fusion 257 11.51 31.56/0.8806 30.24/0.9056
Fusion — + 343 15.36 32.19/0.8932 30.81/0.9113
MAFFB
w/o Channel Attention 376 16.80 32.29/0.8952 30.87/0.9113
w/o Channel Shuffle 376 16.84 32.31/0.8958 30.88/0.9119
MLK-K — 3 x 3 &1 406 18.30 32.12/0.8920 30.75/0.9106
FEFN FEFN — FFN 345 15.46 32.27/0.8948 30.82/0.9109
5. 45ig

AR T — M fR] BT A ALK MLGFEN 73k, A R0 1 B 7 1 2 B A M E T 467 )
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. 7£ MLGFFN J5iH, $&H T RlE JR SR e AN A Sy REAE 1) 22 R S M REAE il & Bt (MAFFB) LA B T3
oy B L RRAE ORI 5 BT 15 4% (FEFN) o £ MAFFB BB, A0t T 2 N KB H (MLKB)
BN o AR AE S B (LFEB) B H ) T4 3R A SR R AE A R0 IE . KM SRI0 &5 R, A SCATIR I
MLGFFN 7750 S G EdERe /1, FIR IS ORFE T CNN PR BT #ERe1E . A S H (1) MLGFFN J5
R ) JR AR AR S B 23 S B R I e % s MR I 77 I R 4 1T 80 . HL R T vk LG, ERIEGE
R R T R A R SRR AR T DA )N ipk AR R AIE B P e AR A o) Bk AT 4 B, LAA
P E LRI R E .
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