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XM, & F, G A, RTA

(R B TR BE , BRVEVE & 710064 )

W E: AT BRI M4 Transformer 19 P 25T B R A AE-6 U B 1 AR IR RO (A i
RETHHEGRH, HICRA A BT . X, A9 SCHR L — ROt g | S 0 BURR B 19 12 368 ) PR LR 2 W 33075 (Frequen-
cy-guided Dual Sparse self-Attention TransFormer, FDSATFormer). B 5% , 1% 5.3 F FH 25 (815 6t DA 1 A0 38 [ 2 R 7 FE 3
TR 42 S £ B 04 ) A 9 /0 153, a2 T 42 HE RORR B 1F 3E 3E 7 AT 2% 20 I 46 (Dual Sparse self-attention Feature Leran-
ing, DSFL) LA Transformer £F = 433 28 1 ] M DASRAE [V 0 A9 IR, LR i SRk o AR 7 MG S i
JEARAL P2 TR B S A RRAF B 58 A B (Frequency-guided Feature Enhancer, FFE) , HF AR K 42 JR 5 848 S FF1E S
T A Bk 25 SRR 1 2% 20 . e A, B 2 T IO 245 1) e gk R 485 ) SR FRTAH L (1935 T, 30K 350 0 4 1 B AT H AR T P 1 . X
I, AR SCHE GRS B R 4% (Hierarchical Feature Decoding and Reconstructing network , HFDR ) , HAHILXEMm
25 M1 41 388 (v #AF: (Spatial Neighborhood Shift, SNS ) ¥4 R AIE AA% I 45 , 4 HUAS R 47 R0 1 [R] Bk i — 250l A B AR 1
B SR AH LRI TS B9 Uformer Fll Restormer , A% SCH3E AT A5 45 S 116 1 47 W8 {1545 Tk L 43 53 $2 F1 3.13 dB Al
0.12 dB, I ALIE 35052 T 1.39% F1 1.07%.
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Frequency-guided Dual Sparse Self-Attention Algorithm for
Single Image Deraining

WEN Yuan-bo, GAO Tao, CHEN Ting, ZHANG Qian-xi
(School of Information Engineering, Chang’ an University , Xi’ an, Shaanxi 710064, China)

Abstract:  Existing Transformer-based algorithms for single image deraining achieve state-of-the-art performance but
leading to reasonable computational loads while failing to effectively process real-world rainy images. To this end, we pro-
pose a frequency-guided dual sparse self-attention Transformer for single image deraining (FDSATFormer). Initially, our
proposed method utilizes the spatial sparse factor and the channel reduction factor to extract accurate global information and
significantly decreases the amount of computation. Furthermore, we present dual sparse self-attention feature learning net-
work (DSFL) to deal with the problem that Transformer is difficult to represent self-attention on high-resolution feature
maps. Meanwhile, by exploring the spectral changes of rainy image before and after removing rain streaks, we develop a
frequency-guided feature enhancement module (FFE), which exploits the global information from the frequency domain to
guide the accurate learning of spatial features in network encoders. In addition, the encoder and decoder of most existing
methods follow the similar principles, resulting in almost double computational burden. To handle with this issue, we pro-
pose a hierarchical feature decoding and reconstructing network (HFDR), which uses non-parametric spatial neighborhood
shift (SNS) to construct the feature decoding network and achieves fine results while further reducing the overall computing
burden. Experimental results show that, our method improves the average peak signal noise ratio by 3.13 dB and 0.12 dB,
and achieves performance gains of 1.39% and 1.07% in average structure similarity over the state-of-the-art Uformer and
Restormer.
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B LT B 7 2 bR & RO, T T S 2
HAPLIE Sk (R B AL TAEA R AR R 4
DEUE RN B TR A R BRWNR , OIS B R R
TEREE , KANFI G A S5 5 T 2 e . 7R TR 2
% £ (Convolution Neural Network , CNN) [ 5. [ 1% 2= 1
R s Wei 2517 RS AR FH A M A A BRI L RTIG B
F49 1 SR T LR I 2 99 2%, DT 4 1 8 0 1 3z AL g
Zhang %55 51 AW IR 0 % B A5 BT B2 18— Fh 2 %
A AL PR 5 25 T X 465 5 Yasarla 26 R FH AR B 2 145 B 06
R0 R R P25 B3 5 L 25O 5 AR 4 B ML o 0 2 R
BLs Ren S5 VAR Y —Fif 22 [ BEHTE (0 96 345 25 W 9 45, LA
/b 14 2 BURE AT R T 1) 25 PR RE 5 Tiang 55 R) T RN
IR 22 RO A5 BORAR TS 972 AL RE T ;s Zamir %1%
FHZ B B M 4644 U F5 W 43 24 FA155 . SR80, CNN
) Jed 8 R A7 B R o R 2 X 4 SR A R G e T A A
ZEHLHITCIE A 38 0 A AFFIE .

ik, Vision Transformer(ViT)[M%'Jﬁﬁz% EREp=¢
77 (Multi-Head Self-Attention, MHSA ) D4 5:1% 2= J& [l i
A5 ZR A AR by G 37, DT A 203 7k b T
CNN (AN R . SR, MHSA 93153 5 15 5 ARRAE 14 53 3%
REVFRER. M, H O HEFE MY Swin Trans-
former' ' 4 MHSA 3153 B il 75 AN 52 38 14 43 #1063 1P
H T Swin Transformer, Gao 28 A 0/5 | A S5 4E 5 1 F ok 2%
22 R R BRWIR . Wang %5 AR EE UK B E )
2% PR IR T oy B A | A Z )2 BN HL (Multi-Layer
Perceptron, MLP). SR, 7 11 B 1 2 1767 MHSA $ifigk
S5 BRI R . R Zamir 25 U856 B A ) 1)
et IV ) 5t 0F 11 7 38 A 2 B SR AE MHSA. U I 48A4E
HH HCAE 55 8] 2 B FAF MHSA RE W8 AT fa 40, (HA)
ZAL T TR IR 0 8 3 R R P S 4 TR T A L
XEETTAR I E B2 TR B A RRIE 27 ) A7 R 1Y
Gigz:

WA, TR IR 32 B A TR T A v A o3 1, 25T ek
T O A Ak SR B 0, DRI 5 | AR A B R 48 5
26 B REAE 27 2 1T LA I 4% 2 15 5 fE 6 A AR AE . 725
AR AR B 2 B R, Fu N2 ek T R
R e SRR AT A 3 3, K 25 TR 1Y) v A0 1 5 3
S S AR AR 2 et AF A S 5 W P4 . SRl , SCik 19,
20 J L2 Je o3 B i AR 20 B 0 0l S BRFI AR . (HJE ,3X
AR 0 2 T R H AR TR S 4 2 VA AR
4. 3K, Yang % N PUHE L P E S | ASRRAR R, I
27 20 TR L (AU AR A . AL, | 32 7 1 4 T 728 e A 4

SRR 27 2 S 48 B RO 2L, S BOTE R S B B
AHEAT WA . [N, SCHR( 22~24 15 A B /N i 8 4
(Discrete Wavelet Transform, DWT) 3 3k 15 41 1k (19 J51 %
FRAE . {H )2, DWT /9 25 R 52 brof R JE 5 8. . 5341,
A B 77 AR AL e A I B SR 5 40 5% B BT AL 1Y
W25 B, X B 4 R AT B S B R L R
SCHR[25~27 | FR BT IX — ZRAG B T L BT AS 2 A AT

i LR A TR R R R JUREEZ,
RA RO TR 2 FVRR I A 8 R0 25 52 2 S AN A2 . X
I, AR SR Y — Rl R 5 5 B SR i A T A B RTR
2 W 8.1k (Frequency-guided Dual Sparse self-Attention
TransFormer, FDSATFormer). 1% 835 G35 =3R4 - WG
i H R TR 2% 2] [ 4% (Dual Sparse self-attention
Feature Leraning, DSFL) , B 5| S 0 A 1 5 AR B
(Frequency-guided Feature Enhancer, FFE) il 2 2% ¢ 1iF
fitt 1% B 73 ) 4% (Hierarchical Feature Decoding and Re-
constructing network , HFDR ).

2 MESSHNHRBERENEE

1RAR SO R E 454 . KIH, PatchEmbeding
PR U WL s WU L A 1 R IE A 2 M 4% DSFLAY
FEATAR TG | T R R s AL FRE F0XUHG i H T 7 7 )
2% Ht (Dual Sparse Self-Attention Transformer Block,
DSSA Transformer Block) ; DownSample NTF RHEEAE,
UpSample iy I 5% FF 48 4 5 )2 CCRRAIE M A% o At ) 4%
HFDR Hi 4 45 2% Decoder B #4 i, , A% UpSample
123 8] 4B 4uk 7% 137 5% 22 B (Spatial Neighborhood Shift Re-
sidual Block , SNSRB) ; SNSRB 1 25 ] 41 3, #% i/ ( Spatial
Neighborhood Shift, SNS) #: / Fl 1x1 45 44 Ji, ; Depth-
wise MLP 42 DSSA Transformer Block i Tt P 2% . %y
JZ i i H 3k (Output Head , OH) A1 % 2 (Output Tail
OT)ZH Y .
2.1 NHERBEFENHEREII M

B 2 BT R, A SCHE TS 18] A B Bt 5 (Spatial
Sparse Mapping, SSM ) F13 il [ £ 25 46 ( Channel Reduc-
ing Transform, CRT) 2 H X H& i A 1 2 77 (Dual Sparse
Self-Attention, DSSA). DSSA — J Ifii &8 % 4 X 15 1
0, 55— 5 A 48 AR A5 T HER F & AARAE . ViT Xt
MHSA [ RAET] LLA AL

MHSA = (Ql‘,xc‘,KlIxc‘,/\/jk) V1chO (1)

K (D, QK VoA &, S m A E . T
FORHEMEE B/ d, RGN T e L, 35 A
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FFE FFE FFE XN SNSRB
% ~ o . SNS
2 E B E B g v < i
£ g 2 £ o 2 © S
g <5 £ <5 g <5 g =5 C°“1m
[7%) n . 5 i~
iy : 2 E : 2 E ERNAE 25 N | o
R 2 & & : o
= X1 & X2 & X3 & v
Conv 1x1
XU B [ R IR AE 2 2] 4% (DSFL)

Depth-wise MLP DownSample UpSample

'
Conv 3x3
Conv 3x3

v
Linear

v

Depth-Wise
Conv 3x3

L/
Linear

v

< X4
g«
=l O
o o
T < 2
w

A

T BB | R R L 1 3 0 PR R e R A s B

NFHIE A3 o — e 5 g ] B . ASCHRE MHSA
0 BRI B A XURRBR 1 T 50 DSSA, AL SR i

LN & FFN

g

SSSA

HlWyxCy

SSM & CRT

l MxHollo<(CyvM) 0

MX(CyMYXH, T,

M<H\ I *(Co M)

23 [8] [ 772 1 (Sparse Spatial Self Attention, SSSA) FIFiif
1818 H7ERE /1 (Sparse Channel Self Attention, SCSA).

' HollgxCy

M*HolWox HyITy

M*HolWox(Co M)

L)

Mx(CoMyxH,y Ty

M>H\ I *(Cy M)

Mx(CoM)*Holly

' HollgxCy

g

LN & FFN -
y =
HolloxCo &)
§ — s
=
2

SCSA

8 | A<M *Holl
-

B2 WRE AR R B

SSSA 75+ K F1 VB 5 6 iy AR AE 2547 g e
5T, 3R 40 4 1% HE)Z Linear 153 [n] 21K B2 Y0/ (14 £ )
T AR . B A0 K B AT LR R

I=1,xr, (2)
W S el (51 S R il 1 4 Y Sl BT BRI
R
ci=cyXr, (3)
Ao, r g A R T SSSA 1] LTI AR F R K
sSSA=(Q,. Kl N )V, &)

s 1 ARG B 1 1] SR . 5 SSSA RIR] 1Y
&, SCSA TEFRAE Q AN K i S X A AR 24 7 B B 5
T 3 3 4 A 30 ) e U/ N 14 A A i
)i . SCSA Al LA RIE N

scsa= (@l K. V) Vi, 5

73 78 RS 114 4 B2l ot — M KNS 25K — 30
LRSI, A RRE A AE R T4 A RRE R TR AR
BN E XA EEh (1, ¢) =(32%32,64) 1)

it ANFFAE , DSSA 7ERAE [ 7172 7 I 15 1 H 2 8] s o X
T r FISE 8 R4 R 43000 R 0.5 F10.5, ) SSSA rh A ifi)
T, B ) R ) S R 254 43030 Ol (3232, 32) , (32,
16x16), (16x16,64) , 1fij SCSA F 5 1] i) ¢, 4 i) I FIEL
] 25 K 4 9k (64, 16%16) , (16%16,32) , (32, 32X
32). AR SCHE Y DSSA 5N HEAT 45 () i i 10 38 3 oA 4
B9 [ 1 2 S (Dual Self-Attention, DSA ) ({33 5 % [
W s, H, DSA B 45 (8] H {3 % 71 (Spatial Self-
Attention, SSA) Al 18 [ 1% & 7] (Channel Self-Attention,
CSA) R . AT A& IR, AH HE XL H & ) DSA, WU B B
T 1 DSSA IR IE T 2 T % 80.56% , kTR &= T
K% 78.89%.
*1 TFRABFENGITEELL

HEE Fekitamat YIRS =Ry
SSA
DSA 1.43%10° 1.41x10°
CSA
SSSA
DSSA 2.78x107 2.74x107
SCSA
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341, DSSA i 1 SSM Fl CRT Bif J& 1152 1 19 28 (k4%
BLANFE 2 firas . AT AR IR, BMR ) SSM R CRT A L 5
F 7 0 A R B FEAT 72.87% FI1 27.97%. H I,
SSM Al CRT ¥4 1] DL R#AR 43 a4 .

#2 RASSMMCRTEIEBEEENMITEEST L

ER=wil SSM CRT Tkt Hht
i X X 1.43x10°
ii v x 3.88x10’
iii x v 1.03x10°
DSSA v v 2.78x107

2.2 SRES| SHYFHEIEREIR

e IR AR 46 7 ¥ v, 2 i B2 48 (Dis-
crete Fourier Transform , DFT) i) 2% 5 A &2 81, (H A X H
R SR G R TG R R LR AT A AR R A
DWT AT DA B A [R5 K- B R (H AR BT E IR
W . AR A2 B AR 5% A8 46t ( Discrete Cosine Trans-
form, DCT) (4 i A%y HH 329 S 52450 FE T DCT, A SR HY
ARG AR IR SRR FRE, 4 3 Bz . o FSM
Sy A 3k A B e 5 (Frequency-domain Sparse Mapping,
FSM). FFE {37 T XUR i, F 1 8 1 7 AiE 27 > 1 2% DSFL
o, O — 2 G EEA TR A e, A A 4 )
5 EORAE 5 AR T

DCTo DCTi == DCTn-1

vV Vv ¥
01 /|..|n1 iz _E]
C A oo

@

MH(CoMy<H T

MA(CoMy*xCy M
AT %(Cy M) softmax
K

MX(CoMy<Holly

AP(Co M)y*HolTy

8
3
g
[

3 B | S AR SR A 7 A

1E H TG IABRAE AT B EIR E 5 k1
FE XS AR AR L HEAT Ak HRS 2 P A P A A ] 3 4 Ja
XA 45 0 2% 3 A 6 B T U L Xk, AR SR
V& ELEAM IS 4 Ry (7 R 48 = 25 SR 45 iR 27~
FFE & SR DCT #3255 3 WS 151, 2 4 DCT 9 22 208

H-1w-1

F(u,v)=c@e) >, > fG)glj; wv)  (6)

K(6)H, H, W AR 2 [ 53 B £, 5) R s ]
AR R L R ERAE . g(iLjsu,0) ECFTE R
7(i+;)['5)n u}cos [*U +V?/'5)n v} (7)
FA () BB

g(i,j; u,v)= cos[

o= UVH, u=0 (8)
2VH, 1<u<H-1
K&, () FBEFIE NG e (u) [ HE . 24525005 5]
ZJG , FFE FI A I 048 57 B 5 FSMUKS 3 R B AL, 1F
7 30 Ao 4 3 42 2 1 3 A i) ) e A o i . X (6) 6T,
DCTERAG OB H —EEHa)mEE , K FFE
) FH s i A sk [ 7 35 77 (Sparse Frequency-domain Self-
Attention, SFSA) 7EiW 8 4 B 115 A & 7, i s 8
YEPE(R B TAR, B
SFSA= (@7 KL Nd ) Vi, (O
ELRI S, FFE 38 23 5% B0 8 Q'R K/ >k R AE 8 A
TER T, P FH X 23 Sl 1 {0 1) i A T B i, e 2O 2
R AZ T — 2GR M 4% L5 | S HAR R4 >
2.3 ERFSIBEEEMLE
FEF SCHk [ 25 1A Sk [ 27 ], A SCIA Sy [ Bsf £ 25 ]
530 T A 4 R AT A 858 T A R I 4% (1 SRR o
B . AR SCHR M A ] AR IR R v 5% 22 Bt SNSRB, Hi i L& 11
23 6] 4 38 8% v B /E SNS Fl 1x1 35 AUk )i . SNSRB 7] L4
FRH
X'=GELU(Conv, , (SNS(X,,)))
X,=Conv, , (SNS(X")+X'
K (10) 1, GELU (=) R 33 R K, Conv,,, W% K /NNy
Ix1 YA, X, FLX 4 o0 A A i 25 1) AR o o
SNSRB 1 B4 A FRAE 5k 8 4, A3 41 4353l 1) 8 43 rp
B — A5 T — MR R R 3h, B 7 A e A 3 1k
— A IV S TRHERL A . R8T BRI, SRR 7
PEAE AT LLTRT B3 S [ 4 () = A B0 . AR SCIR] st = A
AN T B RS A7 45 VR 1R AT S 00 2 B % 8 A8 Sak B8 7 45V st
FDSATFormer HU5 5 8- (1) 5 T 2 30, A AR SC 52 46 1y
K 8 ABIRAL v A . Hovk MR8 SCRk [ 28 11 F o, A%
SCHER 22250 R B GELU 0% R B Re LU 34775 bR
Bkt — PR R M RE . BLAh, DA TAEAE L E
iy S CR ] — 2 B RSB, S 80 2 P iE R AE
PR g2 TR1A IR . A SORE A3 SRy i S A s 2 MG 45
Horb OH 23 T R R s L 55 8 3 1 8 R IE 4k
M2, OT S 3x3 B .

(10)

(a) DARIRFE AL
P4 ANTR] ARS8 AR T R

(b) 44BIFENL (c) 84RERFEAL
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3.1 HIE&KIZE

R BIEAR SCRLRAE A B ] R, SRR G 4
T FH A [ MPRNet' ™ 4 & 18 FR &1 #5080 48 Rain13K, Ho il
Rain100H™ , Rain100L"** , Rain800°" , Rain12000"* ,
Rain 140001 Rain 12" 20 i, . Rain13K B 24 N 4255
13 712 %5 W9 B FIC R &, SR AR SO B B R B4 4
#1592 A I 2 13711 X’ AR . &5t kB
MPRNet!"*’ g Restormer" ™ AT 2R FH ) B s 4 2 ke /D 2R
12 300 X G . R3] L SIZ 56 ) A S AR SO A
b 78 0 2 g v, RIS B I 4R B AR AT R
13 711, [AlE, Ry 56 UE AR SCH A e B S0 I i 2 Ak Rk
1, ARG SR F SCHk (3219 300 5K ELSE RN R . %
B TR A EUER B o3 B R FE A HE B T T
RIS B 77 7% Uformer F1 Restormer, PR 1 5% 56 %) 43

BT T VA B A2 G TR A 1
5.
3.2 SRIEMIIGEE

SZETE NVIDIA Tesla A100 &K FII%5:, 76 NVIDIA
GeForce RTX 3090 {2+~ 3K . DSFL A4 44~ DSSA
134 FFE. 7F DSFLFRAIE 45 A5 25 14 194~ B Bt , MHSA (1)
TR E O o 1.2.4 .8, a8 [ i I 743 1k 0.25
0.5.0.5.1, B FE4ER 7 1.0.5.0.5.0.25. £ FFE 1 =4
BBt , DCT B4 K/ R 8,42, 78 B3 500 il 4,
B AL 3 Adam™ (IR IR 27 ) Rk 2x107, 285
ARIZAR 2 2 BRI AR NGB A R R 1107 [RlE), AR
SR TR A 0 0.5 19 MixUp ™ DL K BEHLIER: | 85152

ok SR N 250 . N ZRasd AR A B R Ry 32, b
TRANK 256x256. 112k pREICK B 5 R AL 2k 5 °F
4 SR 2R (R

3.3 ERMEXEITLE

RS I A AR FDSATFormer 5 107304 1Y 2R
Pl 5 2 TR B3 7 7 I (B 15 12 EE (Peak Signal Noise Ratio,
PSNR) FIZ5 A4 A7 H: (Structure SIMilarity ,SSIM)_E JE47
X H, X 89 40 9 A DerainNet' 2, SEMIY
DIDMDN'® | UMRL®' , RESCAN"® | PReNet'" ,
MSPFN! ' s MPRNet:" s Uformer™"” yi| Restormer-'™ JoE
W 3w . v, IOHLRD N Rl £k B 55080 43 26 R 24
IR RER PO NATIRENE S ESE =L 78 54 S 1 E e | 2= i .
FEU AR SCR A HURT 8 AN SRR T A a4 L 1y
TR, BARF I K T2 PSNR 2} 4.12%~51.60% ,
- 141 SSIM 42 T} 2.61%~27.00%. 1E Test1200 M 4E I,
Uformer ) SSIM $8 #5 e i3 , AN U8 bR HER 56— 1F
Rain100L Fl Test2800 B MK 5 I, 4% SCHY SSIM 45 b5
AR A H PSNR $5 453530 H 1 R B 75 BY Restormer.

AN , A A S PReNet , MSPFN , MPRNet , Uformer,
Restormer F17 B[R] {5 2 TR B30k 5 A SCa8 30k it 22 7R RS
PEATXTEL . QLS Bz , AR SCRTA AR T IR 20 A 2% 4R 1426
11 W 1 READIRE 2 B L, I A Bk g b B 2 S v
FAE R . (58 20, 56 3 1R, 58 4 iR W & 1
PReNet Fl MSPFN 4b B J& i) WY & o A7 76 K & TR,
MPRNet A1 Uformer 15 2| 1) 2= W 4% FP A5 IH AR B8 /0 5 T
IR, A SCH 755 Restormer 7E 58 42 25 5 TR 19 [R] B £
ERENHIUE R

®3 AEEZESAWENKE FHESXT

. Test100 Rain100H Rain100L Test2800 Test1200 S
Bk PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
DerainNet? 2277 | 0.810 1492 | 0592 | 27.03 | 0.884 | 2431 0.861 2338 | 0.835 | 2248 | 0.796
SEMI 2235 | 0.788 1656 | 0.486 | 2503 | 0.842 | 2443 | 0782 | 2605 | 0822 | 2288 | 0.744
DIDMDN'! 2256 | 0.818 1735 | 0524 | 2523 | 0741 28.13 | 0.867 | 29.65 | 0.901 2458 | 0.770
UMRL"! 24.41 0.829 | 26.01 0.832 | 29.18 | 0923 | 2997 | 0905 | 3055 | 0910 | 28.02 | 0.880
RESCAN!" 2500 | 0.835 | 2636 | 078 | 29.80 | 0.881 3129 | 0904 | 3051 0.882 | 2859 | 0.857
PReNet!""! 24.81 0.851 2677 | 0.858 | 3244 | 0950 | 3175 | 0916 | 3136 | 0911 2942 | 0.897
MSPFN!" 2750 | 0.876 | 28.66 | 0.860 | 3240 | 0.933 32.82 | 0930 | 3239 | 0916 | 3075 | 0.903
MPRNet!"?! 3027 | 0.897 | 30.41 0.890 | 36.40 | 0.965 33.64 | 0938 | 3291 0916 | 3273 | 0.921
Ufomer"” 2905 | 0.921 27.01 0.880 | 3591 0.970 | 30.91 0950 | 31.87 | 0938 | 3095 | 0.932
Restormer'"® 3200 | 0923 | 3146 | 0904 | 3899 | 0978 | 3418 | 0944 | 33.19 | 0926 | 33.96 | 0.935
AR S 32.15 0.939 31.55 0.911 38.80 0.982 33.14 0.957 34.76 0.934 34.08 0.945

3.4 HELSCIE (Shifted Window Self-Attention, SWSA )"'>' Fi i 23 [a] [

Shy 6 U AR ST 3 B B A AR S0 AR [ A B
PEAT I Al AT, W3R 4 Fie7s . X T 08U g A VE R R
fil 57 2 N 25 DSFL, 52 536 70 5l 3 HE AR 2 8 1 A EE R

1 SSSA | i i 3 1E B 1 SCSA AU B
71 DSSA; XF T 4 1F 3 5% 45 B (Feature Enhancer,
FE) , 555 43 55l % Bt 25 3l R iE 38 55 A5 3 (Spatial Fea-
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MSPFN!! MPRNet"*

s

ture Enhancer, SFE ) AU 5| 5 A9 SR AE 38 5 AR 2 FFE ;
X T FRAE 15 2% Decoder , 5256 43 53l XF L 45 B2 Conv

PReNet!""

I

Uformer” Restormer*! RS
ANTRVEE A A R ] L 58X

JEHi

JHXE L B A Y s 2 O #4545 i i Sk OHL R SC
Z 50T e B 2 45 B4 i B R 4 i A 48 R AR

2 (] SR B (3 5% 25 Bk SNSRB s 0f T4 i 2, Sy 22

R4 FREIMEEHERBIE Test100 MK 5= LAY E Rh LIS
FL2R W 2% J X X X X X X X X
SWSA X \/ X X X X X X X
SSSA x x N x x x x x x
DSFL
SCSA X X X J X X X X X
DSSA x x x x N J J N N
SFE x x x X J x x x
FE
FFE x x x X x X N N N
Conv X v N J J J J x «
Decoder
SNSRB x x x X x X x J N
oT N v J v J v N v N
OL
OH X X X X X X X \/
PSNR 23.41 25.17 27.33 2591 27.58 28.13 29.43 31.28 32.15
SSIM 0.815 0.829 0.854 0.867 0.871 0.887 0.898 0.924 0.939
% 4 ] g0, 45 fif 1 SWSA J5 A Eb S 4k ) 4% 78 %5 REAE3|SHIETE Test 00 ik &£ ERIERIRIAR L
PSNR - #2& 7} 1.92 dB. SSSA #f b SWSA $£F+ 2.16 dB. 7] P 7 1 PSNR SSIM
i, SCSA # Lt SSSA 7E PSNR |- F [ 1.42 dB, {H 41 £ DFT 28,30 0.872
F 3 i
SSIM J:imﬂ 1.52%. DSSA Ky I #E 4k SSSA F1SCSA. 7F DWT 20.46 0.890
FE o, >k JH FFE A [t SFE BU4% 1.30 dB 8942 FF . 7F De- - e 005
coder 1, SNSRB A Lt FLl (i 45 B T 1.85 dB. & )7 : '

£ OL 15 A OH AH Lb Bl f A OT 42 7+ 0.87 dB. 5256
UEBH A% SCH H 0 25 A e 35 6 A 1y 2 T R BUA 4T
Syt — 2 UE B FRE (A %508, 5256 3 96 HRE DFT
FIDWT 5| A FE 5ASCHE 1) FFE. B2 5 A1 41, A5 L
fdi HI DFT I DWT 5] AB 345 200 7 1, FFE fe 1 2
TR 542 71 3.85 dB F12.69 dB. [H I, FFE fE4 5L
R LY RS R S WNC S T
3.5 EXWEXIEITLE
Sk B IE AR SC R VA A ELSE TN R R R, SE R

PReNet''"" , MSPFN'*' | MPRNet""” , Uformer'”’ , Re-
stormer' "L FIA SCHL WL UEAT X G, U0E% 6 IR . FLSE
F VPN AR R A A 2R B S 5T i 1F A5 25 (Naturalness
Image Quality Evaluator, NIQE) F1 25 [i] - ) 3% 4 i &
(Spatial-Spectral Entropy-based Quality, SSQE) , H:{f #
AN )iy T

H13R 6 AT R, A SCR: A L SR [T SR RCRAE NIQE |
4891, WA iR/ G TR 2R —RRYE 0.08%.
#£ SSEQ 4845 I, MSPFN T3 45 5L 4 21.50 , Hoh r 43 4301k
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*6 FAEEZEESWENKE LHESITTLL

Bk NIQE SSEQ
PReNet!'" 4.930 27.28
MSPFN!'™ 5.377 21.50
MPRNet!"! 5.030 27.35
Uformer”! 4.985 27.81
Restormer''®! 4.897 26.67
AR 4.891 26.35

His N ARSI AR EHEA S RS TAE A A
T &I F5 14 Uformer F11 Restormer. AS[RIZEE) [ 9%
EMER IR & 6 s . Horh, X R 40
T (10 565 2 W RIS 4 M R P, A SO A A S BRI, 1T
HABSE L 0S5 R 5% B IR . 7E AR LA |, A

PReNet"" MSPFN!"!

MPRNet'"*!

SRR RGBS MR, T HA S Lo PR A R
3.6 EEMESH

N B TIE AR S A I RLR 92 K K PReNet!
MSPFN!'?! s MPRNet!" R Uformer''” s Restormer''*’ FA S
BIEM SR TR R AR = AR AR T L
S PR K A A0 B 100 5K 3 BE R 256%256 (1 T & T
NN R o (= = A I C1 B 28 < S ol NS RN
T PReNet, j& MPRNet 355 19 29.1%, Uformer 1155 5
% 50.4% , Restormer 1 30.7%. 1E 4 FE Rt K I, PReNet
Jr i 5 (] e 2D, MPRNet IR 2. R AR SCRE IR A
/b (BAH E B AT FE 1) Uformer F1 Restormer 43 1]
W 21.5% F167.9%. &5 Ik , A SCREAE EIR
FEIURIHE PRI b B0 B A A

[17] [18]

Uformer Restormer

Fl6 N[ TEFL S b i e Xt L

FR71 FEEELEBELERNEESH

(=R7R SHEIM THER/G TS
PReNet"" 0.169 66.250 0.044
MSPFN!! 15.820 604.700 0.073
MPRNet" 3.637 148.600 0.072
Uformer"”! 50.390 85.770 0.121

Restormer'®! 26.130 141.000 0.296
ARSI 52.820 43.220 0.095
4 #ig

i R AT PR PER LA B A 2 AR SR —
PR 5] 5 B XU i 19 T 0 SR, R UG i
TR AT | 5 > SR IR 280 2= SRR A i ) B
A PO 248 5 R LR LS ) ) 25 T R A A 2
TR TE BT, R 1) 28 A0 55 A4 2 I
S E AR, DR AT BRSO PR S RIS v

S% 30k
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