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Abstract: Image blurring refers to the loss of clarity and detail in an image during its capture or transmission due to factors
such as motion of the lens or camera, lighting conditions, and other environmental variables. This loss of quality and
usability can significantly influence the overall visual impact of the image. The technique of image deblurring has been
developed to mitigate such effects. Its purpose is to predict the clear version of an image automatically by constructing com-
puter mathematical models that measure the blurriness of the image. The research and development of image deblurring
algorithms have not only provided convenience for other tasks in the field of computer vision, such as object detection, but
have also offered assurance in various aspects of life, including security monitoring. Depending on its cause, blurring can
mainly be divided into motion blur, out-of-focus blur, and Gaussian blur. Out-of-focus and Gaussian blurs are less preva-

lent and relatively easier to handle, whereas motion blur is more likely to occur in situations such as road traffic cameras,
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pedestrian movement, and fast-moving vehicles, making it a more critical issue to be addressed. After an image is
deblurred, evaluating the quality of the results becomes essential, which is carried out using methods for image quality
assessment (IQA) , categorized as either subjective or objective. Objective evaluation methods can be divided into three
types: full-reference, reduced reference, and no reference. Owing to constraints in resources, objective evaluation meth-
ods make up the majority of [QA approaches. The process of image blurring can be represented as the convolution of a clear
image with a blur kernel, accompanied with greater or lesser degrees of noise. Therefore, image deblurring comprises two
types: non-blind image deblurring (NBID) and blind image deblurring (BID). Non-blind deblurring involves the restora-
tion of an image with a known blur kernel, requiring prior knowledge of the blur kernel’ s parameters. On the contrary,
blind deblurring aims to restore images with unknown blur kernels or unknown clear images, posing a more challenging
problem to solve because of the increased number of unknown factors. In light of these considerations, we systematically
and critically review the recent advancements in image deblurring. A comprehensive and systematic introduction of image
deblurring is presented from the following two aspects: 1) the evolution of traditional image deblurring and 2) the develop-
ment of deep learning-based image deblurring. From the perspective of traditional image deblurring, the existing image
deblurring methods can be divided into two categories : non-blind deblurring and blind deblurring. Specifically, traditional
NBID algorithms rely on prior knowledge of the blur kernel for the restoration process. Common methods include denoising-
and iteration-based methods. Traditional BID methods primarily involve estimating the blur kernel first and transforming it
into an NBID problem afterward. The kernel and clear image are often estimated iteratively until satisfactory results are
obtained. The emerging deep learning methods extract blur image features through training a neural network and employing
logistic regression to update models. Unlike traditional methods that require prior knowledge of the degree of image blur,
deep learning-based methods are capable of directly processing blurry images without the need for prior estimation of the
blur degree. From the perspective of network architecture, deep learning-based image deblurring algorithms can be classi-
fied into convolutional neural network (CNN)-based, recurrent neural network (RNN)-based, generative adversarial net-
work (GAN) -based, and Transformer-based networks. CNN-based methods can learn the mapping between blurry and
clear images by training on a large number of image pairs, which enables them to perform blind deblurring. These algo-
rithms take advantage of parameter sharing and local receptive fields, reducing the number of model parameters and improv-
ing the accuracy of image feature extraction. Image deblurring based on RNN is a type of neural network model that can
handle sequential data through learning the relationship between sequential data. GAN-based deblurring approaches define
image deblurring problems as an adversarial game between generators and discriminators. Transformer-based methods
employ a self-attention mechanism to encode global dependencies between different spatial positions, thereby capturing the
global information of an entire image. Our critical review focuses on the main concepts and discussions of the characteris-
tics of each method for image deblurring from the perspective of network architecture. Particularly, we summarize the limi-
tations of different deblurring algorithms. We also briefly introduce popular public datasets. Then, we review some image
deblurring literature from two aspects: traditional methods and deep learning-based methods. The capability of representa-
tive algorithms is analyzed using peak signal-to-noise ratio and structural similarity evaluation indexes in terms of GoPro
Labs, human-aware motion deblurring, and other datasets. Furthermore, this review critically analyzes the conclusion,
highlighting the challenges in image deblurring.

Key words: image deblurring; convolutional neural network (CNN) ; recurrent neural network (RNN) ; generative adver-

sarial network(GAN) ; Transformer; deep learning
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Fig. 1 The architecture of this paper
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Fig. 2 Chronology of classical methods for image deblurring
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3 fRE7TREGEEM

W 1 TR, 2017 4F 2 i EME L A0R 3 2R
8 Jy vk, T NAE B B0 TS B0 A i



$29% /FE A4 /2024 F£4 B

HikE, Ax, BRAZ, ERE, RRE, BFEF
E G LB R R ik

[m] B 28 L T4
3.1 FEEGEEM

G pAE R LBk B SR AN o /e 1
TR LT, BB S A R K 5 3 i B (5
fi,2022) c P, AR PR A 2 LR P2
J5 ¥k 4T %5 08 - 5 25 5 B4 R (Chen 45, 2010;
Danielyan 55 , 2012) 35 3% X 3K i 5] 12 #2 (Zoran F
Weiss,2011)
3011 SEEME B

T P8 25 ROR) 40 4, 7393 1) BF 50 6 45 Wiener
(1964) 4 i i1 [ 185 N J7 22 fee/ ME IS s , WPk
LR o %07 IR I AE S AR S B GE TR T
SEUE I AR A, SR 5 B X LA R TR R R
DLUERR M 7S 0 T 90, MR aEAT e 8 AR S I LM .
Kalifa 55 A (2003 )6/ NEH ARG B A, $2 1
T — i AE C C A AR R [ A B 1R/ N i, T 5
S ks B M e S 1 H A . i TR R AR (g
P B A 55 1 SR 15 R UE I BE 77, Chen 48 A
(2010) {7 FHAF Jay AR P4 (B U8 Pl e ol /72 €, M s, AT
e ZBOR] 3 A b B A AR T ARO[ 5 b AR £
Fi(5 B . Danielyan 55 A (2012) {5 % T = 4 K {5 B
VL AL 3€ ¥% (block matching 3D filtering, BM3D)
(Dabov 45,2007 ) (i JEVARL K L HT T RTR B DR
TEBRMEF
3.1.2 ARSI S 2

SRR A 15 T 2L PR BRI
A RS fE B AL T BE 25 BE 4R £ 00
(Mosleh 5, 2018 ) i 5 M P & A S8 2 A AR, [
I, V222 MR AL 8 £ B i AR B KR R
BR o Lucy (1974) %6 F DU M-S #98 §2 18 T
Richardson-Lucy 3£ G55, F] FH 5 RARUSAR Ak 1 X 46
BRI T IR LR A AW I BB R 45 2R
Yuan 25 A (2008) 4 17—l phy K2 240 1) i ik 50
BRI . T R R B2k A0 T I )
o, AT IR S PRS0 205 i 2, [) I s 4 4 4% 2%
I o Krishnan Fl Fergus (2009 )3 12 2 A0 Ak G 1)
i 578 288 T8 R A T PR B A6 B2 4 A, AT 8 381 25 B
MR o

AT EAEAR R b 32 1F I A 0 i) 1B 45 52
M) , PR b S 360 4 A o DU AR I T LB G e e R
AR, Zoran Fll Weiss(2011) K F 5 1R A AR 7 X6}
PG Peath A7 A, P 27 >0 19 3 1 RHRRRIE AR S 1

NI 47 dEH £ . Kheradmand il Milanfar
(2014) £ H —Fh I F A2 AR LR 1 IR L0005 1k,
T A AR R B AR A 8 i St 1T 1 DU Ak 1 A
B O FLITZ B K SR . Lanza 55 A (2016) 4
Y — g 23 1E A ASE Y | 3 5k £ P 5 4500k 1 ) AL
R 1 2 1K MG R BE AR, AR A DR v 30 e s g
IR A E 1% . Khetkeeree il Liangrocapart (2019) %
T 35 2 A 0 D 1) D UL e T ARG A R
PR , B2 1 T SR RIS ) o it
3.2 EEKGEEM

HARAEE B RS T — R YR BT
SRS, BRSO 5 M LA T, PR 2
535 X6F T il e S B RS 2 ASORY ] JEAF 7 — 2 S BR
Mo ABGEINE B0 2 S o BOMIAZ AL 1, P
AR AR E BUR R ), X A i AR T LA
HEAT , 3SR Ak SR A2 R v B RS, LB AL B
ISRk o ATHRBORI R F DT kA ST MR %
FEAE (Xu F1 Jia, 2010; Chen 25 ,2019) 5 K5 B g %
(Shan %, 2008 ; Levin 25 ,2011) Fl &I 45 B 1% (Xu
,2013) 10T
3.2.1 BT BRI GFER Tk

UGN SRR SR 4E UG A W] Sk i) 5 2 728 A sl 2
AR PTIE A 3 AR B . Joshi 55 N (2008)
[ BUE 3Rl E o el B SPEZE S STRILES B iif 78
SR 3k B 5 R i 2k 0 R R A AR T, Xu A Jia
(2010) 51 AT —/NH7 e b de Al 1t UG 0 Gk AE Fo e
B A I I TR FRR s Gt A TR
PEim T BOIAZAN T HERPE . Yang F1Ji(2019) AR
3 LIS AR B R R T B
PELIFRE T —Fh N BB 3 02 G 5 1 A48 oy 11 2 i
KA, LR BREMEBE . Chen 58 A (2019) N 42
T — L R A R B S 1) S BORAAE SR
FH S A6 12 £ SRR A 101 2%, AT fidf b 1 Pl 5 A
RIS | JR e HR e KA B (R /N ) [ R
3.2.2 BT EKERMRENITE

e K5 B MR A T2 — R ST DLt e T TR AR
(S EAG T % 8 5 KA R B MR ok B S 8K
Ho B T WUIECHE A AR, SR AE T 6 R A
AT Fergus 55 A (2006) £ H 1 78 B AU 4]
BAGFOLT |, S AL AR R FBORI A% R IE5 5 50 1R
B, S (] B AT BB AZ AG T A R B AR L Jia
(2007) N A i 5375 B B 5 [l {5038 S RSOR = 1) 7 G
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Fih kT S W EEAE B SR AR MAP [n] 8k AG 1
BOWIR% . Shan 55 A (2008 ) 3T MAP D], % {5
()1 DX Sl RN SO X SR A 7 24 o, e 5 AR P
22 bR ESOR figt te TR0 B A 2 40 A TR L, - 3% 42
PRIEL 5 R R SR B B A 2R AT RIS AR . 1T Cho
Lee (2009) £ t —FiO6H BOMI A% 2547 MAP Al 31, X5 5
R G R i 8 2 38 %) 7 3k o S5 B PR LB
Levin %% A (2011)7£ Fergus %5 A (2006) i) &4l |, XF
MAP ST O, I 256 78 43 1E WAk B XA
EUGHEA T BT
3.2.3 BT REMEMEEIENITE

P15 16 2 18 2% 30 o PE BRI X A AR 48 , K BIR
L B i =S T S B A S TR U (i S o N
1 PG B v A RT3 A 80 b 4 2, Ik 20> M
4R 5% 1 72 2E (Donoho, 2006) . Krishnan 5 A
(201 D) 7E G Ry @A b BEAT A% A T, RO Al ] % B
PG B e A 43 5 AT i i 1 L AT LR R DX 43365 ol A
FEORA S o 1 Xu 26 N (2013) 2 H — AN AT U T3
A AR Y ST 8 — BRI AE 2R, 8 i R 1
e L P A 24 B 53 2 bR B s 1 T DU AR, AT S
T RO . NS AE N (2015) Xk E R
T AT SE , B e IR B AR A T PR 3, P45 5
WA ) it A P A T AR S B A% . Pan %5
N (2016) A D7 R SO o F2 248 i i i 18 {5
FAE, DA e AT AR FH B3 A 0 A R A T R &
BRI . Yan 58 A (2017) 5| A B8 38 09 & X, IFFH
T IR A A A AU TR RO 2 BR UG A

4 ETREFIHNEGEREM

AP 1R, 2017 4R 2 5 [RG 25 R 22 2R A
W2 2] ik LT M AR T SRR A L8
R T AT 255
4.1 FEEGEEM

W31 ARG R AR B R O O ik
(Danielyan & 0 2012; Khetkeeree #I Liangrocapart,
2019) K2 K FHZMATRY AT AR, N BRAR 4l b 2
SRS A T MIEHGRAEE A R, 515k
B BT AR, R > 05 i BT BESR A AR 4R
PEARRE T, RE A S IO 5 ROAFIE R T3 =
TR . A Ik nT Aok WAL G 07k SR 5
2J A0 45 4 (Schuler 5§, 2013) 1 40 VR B2 2% > 7 ik

(Zhang% ,2017 ;Eboli %, 2020) .
4.1.1 ARG SRR IS G )5

HWE DA G E 2o A& ENAL .
Schmidt 25 A (2013) 38 i 73 #r 2 = U 1E W 4L (half
quadratic regularization, HQR) Fl# B KM% Jc 56 , #E
S ST 2R e [ A RS A A A PR 2 BORY] [ i
Schuler 55 A (2013 ) WU 42 H R FH 48 L it a7 1 00 4k
TR M G, T 455 2 2 B g 2B Dhse o
Xie 55 A (2019) Mt — A HE T 28 0 I TR M 45, %
PO 245 RS 19 205 17 27 > T D) A 1) i A 2 280, DT 52 30
SRR L BORIRCR o

SR, VPGS0 A IE AL OTAEZ 35 B, wF
FEN AL DAL 14 £ 2 R ik ke PR AR AR T B A5EH)
[A] % . Schmidt F1 Roth (2014 )44 45 )2 F { FL - 2%
B AASS &, P —Fh ik T BB S R BB AL 7
B, i 7SRRI S o i o Zhang 55
A (2019b) B3t i B2 [R5 23 B X7 J7 iR 1k
154 (bicubic degradation model, BDM ) , 38 15 B 28 43
5 1 A e 1 AR B SR, ST DA BT AR
W7 BORRY IR 15 . J T MAPHESR AR T L0015 75
B XA 1 AR AE W AT, {E S T AR R 2R
S e I RP SCBE IR 7 2 — o 07 Dong %5 A (2021)
it 7E MAP HEZE N HK G 27 ~) 25 [a) 28 A0 2508 e
AT, F5 0 4345 3R 1) 2 (B AR AARRALE | TS 2 0 T 0 25
[ S)RRAE , AT T EHR AN 9 S . Dong 55
N (2022) 75 22 KU GRIBCAE ME A AR B ol 2 20y g ipl
FIG)Z 4 BURFIE AR 45 5, o 3 I 11 25 1R 25 B
R
4. 1.2 AR IE

VB G T R 2 2 25 B A — R LT DA
TR E B Y PERE HIX 07— R E T
RS2 BURFE RN FIUAL B o O T 2 fff 3X Bl 0 , Zhang
A N (2017) 222K FH CNIN SRS 307 7 o 39 v 25 AT
BUAS T 8 B8 o Vasu 58 A (2018) F1| FH I &
CNN ZBREAG T P AFAE R O 52, JF 8 ok R 4 1
T THEE RS LB . 258 n PRI 401 )7 2
JA % Zhou 55 N (2020) SR B2 RUEE SR o iy AL &1 {42
PEATAL PR P IRGAR BRI R 2 AR A A, A Ak
IBOT BRI, T i 7 R RO RE . M
Eboli 55 A (2020 ) R A5 A8 11715 WA 141 45 ' 36 A% 1) 396 9
Wt R TN R A5, T HAR A 21 CNN RERS Hhoke
2] E RUE R T S R T IR O i
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R IR /N M, Kim 55 A (2022) % 12
R R B ISR, e 52 PG 7 rh F 2 5 A
BT EAZR A 23 1045 B 2800 o Quan 25 A (2023) F1) H]
AN TR) R /IS A A 22 ) 1) 5 A DG, 4t — b B
BAEASOR 1) B0
4.2 BEGEEMH

LA, B TR 2 M W R B LA BORAE
TR E G 2 1 )2 19 56 1 (Sun 55, 20155
Zhang 7% ,2020a) . AHARGETT Ik, 5 T IR E 52 T /Y
T3 EHR AR R R AT RO A 21, T0 5 X R
AT F 23 L CNN(Nah 45,2017 ; Cho
%%,2021) \RNN(Zhang 55,2018 ; Gao 5%,2019) .GAN
(Kupyn & 2018) I Transformer (Wang &5 2022;
Zamir 55, 2022) %5 4 A~ J7 X ER 22 BOB AT

e

4.2.1 JETHEBMZMEH Tk
BT EHA MG E EBM T2 st 22
B HURM AL RAE , BB A 327 ) U SRR Y 1
fiE, A= 57 it I 12 (Schuler 28, 2016) o Sun 28 A
(2015) & K CNN 51 AR H LB 4L, >Rk FH CNN
R TIN5 Pk iz ShEORIZ AR 7341 o Schuler
S5 N (2016 ) U1 T ph R 20 4 0 d2 A SEAR, 75 CNN
BT ] RO IUR) SR R E A T A A 1 SR
M, ZEART A BIAZAR RATE OL T, 307 k3R 3F
AFRML, Chakrabarti (2016) 2R H 22 43 B 5205 56 43 ik
T R Gt AR AT A A5 5 1 S S e R )
B I 26 2 1 i 42 7 = A I R75 21 1Y 1 45 B g Ak
THEER B . Gong 5 A (2017) R HIEE L
SAFE R INER T — A4 PR A 28 W 246 o B Ak
TR B2 3 . Xu 48 A (2018) 32 R BIH] E1 5
PO T3 25 0 JR &, 4 8 CININSE R0 Bk (TR
PEI T HEEEAAE B, X AT Y 2R AL B, SR A A5
WIH% . Nan F1Ji(2020) {5 F e/ — et ge ke Ak
ORI A A T v A 108 2 [ T, 2 i 1 AT A A 1 o
TR . AL GERY L T MAP J5 56 X5 T 56 50 0 P i) 4t
PRI AN BEAR U RAE Y EUR BIR AR S . MK, Ren
SN (2020)K MAP MR FERAIZE & T B A BRER %
FE 0 AR R IR I 2 i i 0 285 A 18 s 7 T e PR 45, id
A 2 A BRI A% o Tang 55 A (2023) I FH AR
2RI 2 1 TR B A 28 0 298 ok TR RO AZ 1 3% 22 L $2 4
T MR EENEE LB, Fang 55 A
(2023 ) $i i —Fh 3 T B s ) Se g AR K S B A% A 11

D5 R AR AL 3t Sh AR FR0Ne 32 Sl AR A2 2 ] e 55
Ryt a3 AT A3 (] 7E B B2 R A THRORI R

IRk G S B AG T AT RO
1T CNN ] 8 32 Ot () ASRY PR A5RTXE 17 14 7 I (BT 442
2 2] BUASORY FEIAGR FIE T 115 22 () e Bl Sk 56 28, DT
G TR AZAG T R B iR 2% . Nah % A (2017) F1
Nimish 28 A (2017) 5% 3 25 7 N2k T — R )2
(9 CNNASERY ] L DARSTRA 1 i A v i 2 o T o 1)
K4 . Dong % A (2019) FI H A S& G 1 2 R IT
AR B T — BRI T CNN AR G oM g 2 B
USR] . 3 78 24 RO JEAT 2SO Ab 2, mT
DL - b £ BA EIAR B A1 25 R 05 8 o % ikl
B, Zhang 55 N (2019a) B F—1~ 2 REEIK R 5L, I
SR FH 28 1] 4 7 38 DORE 3005 1 7% 25 Wk &2 1 ol TR
Cho 55 A (2021 ) D) 5357 w7 A0 DUKH 21 240 (9 25 4, £ 11
T Z & A Z & M4 (multi-input multi-output
UNet, MIMO-UNet) . 1% ¥ 4% FI] FH 504~ 2 5 4% 32 2
2 FUBE B ARG, 187 FH B i A 288 A o AS ] L 451
(LA G . a5 ] AT FRERAE il A AL i st
T RBRIAR o Zamir 55 N (2021) 5% F G fift 1t 099 2%
W) Z RE R SCE B IER A s v i o L
AR PRI S IKE T 2 BRI E R i —
PR T BRI
4.2.2  SETUERIZE 45 14 7

G B 22 D) 245 2 — i R4 A B P ) 5080 114 o 22
28R AE EMRE A0 T, RNIN Gl a0 X kR
TEAR B AT I8 PG A ERAE B Z 0 X RS AR B
% 36 285 M T X, DT 2% 20 AN [ X B 8540 22 ] 11 ¢
%, iiﬂi*ﬁ*ﬁﬁ$%(z}lang 2 2018) . Zhang =N
(2018) F FH RNN 1 25 [ia] mJ A5 M i AR 480 L ASORY i
T2, RNN B R ZE B[] RN 25 (0] 48 B UEA TG RT3
B E EGE A0 FIZ5 Y o Tao %8 A (2018) 4
2 RUBEAG IR L AS 0 265, 72 R[] RO 1 JE 2 45 4%
&R ER T ISR E 225 [FIR, 38 7R PR i
ARG T ARAT 25 ROE - iA G B AT &
BRI . Gao 55 N (2019) K7 2| UG ARE i R AR
BV, 7E Tao 25 A (2018) il 36l 312 H S 80k %
PEIL I ORI EUR AN o P Ry 22 RUBE R RS
FRIESHR K, Park 45 A (2020) 2Rk H Z 00 B A0E
Z REM 7l R A/ NS e, 1%
b B GG RUBE i 3 BRSO HOR S AT RS A5
M/ T R S 4005 . i Zhang 45 A (2020b) 1
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PE A — BB BOIR A LRI W 4, T R BR B
B BB RS VBB, fo G A g i A ) 2 R A=
B ERFAT o RS 2 B B, R IR S I AE Bh 3
1 3 2 R AR i A DK BIDHL Y 3228 25K 52 B
K.
4.2.3  BET A OB R 48 T 1k

B U X 48 2 — il T o 2 X 4% 2 B AE
A8 LG A AR X 2% FIH ) 2 I 4 . TR R R AR
55, 2R e I 5 F SO RS A SR i A T I TR
VRt tE o AL i DX 2 D) D A 1 2 ol i D) 245 i 13
USR5 B R — 3. B g R o A=
J i I 246 TR0 ) J31) g D) 0% A BB SR LA AR Y 2 K
(Kupyn %§,2018) o Kupyn % A (2018) 511 | —Fp3E
T OB I 4% 1 B R AR 1 4% Deblur-GAN
Hor AR s I 28 SR 1 3% 25 R UG R I 48 04T e
RH1 T 0 531 i ) 28 0 S FH -5 2% ] 5 ) 8 2R 4 7 4 01
AR EMG o SR, 127 15 AT RE 23 Hh 0 B0 2k Bk
FERIRE B o Kupyn 58 A (2019) 42 H) T DeblurGAN-
V2RI T 5 | B A i R 2%, 1T ) 4 R 2%
SR FH AT DADYAR BG4 S 01 g 3 4 A0 18 A X 18 40 i)
i, DT 3BE 5 1 6 B2 T R BB KE A 1R . Lu %8 A
(2020) TR A A= 245 9 2660 5 PR A G i, e
DAL 4 i i 112 LIRS AT RSR[5 45 1Y) P A R AT, T A
B G i 25 B BRSO (5 2, o ok X e P A 2 T 0 —
B AR IE Ak | R HS Bl AR B A 28 7 A 3
Wi % . Zhang % N (2020a) £54 T WiFl GAN R A
BIASRA GAN 12245000 GAN , B 78 /D B S AR Al
PR Z () ) 2 57 o Al AT ae 2 o] [RGB R o
SEELEMER LB . Yang 55 N (2021) FI) IR BE #if 28
8] 2% 149 TR J 2 1T 22 R R A2 i GAN 118 1 25 (1] B St
FEAE AR RS DU 52 ASTR RIAZ) 42 Jm 5 14 10 Jm) 3 4
o REZHONA T5 vk AR I 112 v 21 i A 5 35 B 14
18, B FEATEOI AL T T Li 558 A (2021) Y1125
T AL F A5 28, FH T 40 B A= B AR A%
G, IER DN A B A5 i HES TE B B A2 1 AT e s B0
IR IEDL
4.2.4 FF Transformer A

Transformer #5 8 f&:— R L F [ 1 2 I HLI FIET
BRI 2 M 28 )RR 2 2R AR . A TR LA B T
155 T b 3 T 51) B 2 > B [R5 B 2 ] A 46O G
&, T 28 D0 28 S5 40 e 0 A 8 b A 92 21 SR 3B A
SAEL M OC R (Liu %, 2021) o Zamir 55 A (2022)

P T Restormer £ 84U B Transformer I JH 3] &% 2=
BORIAE 55 o A1 ]38 Ao S i ) IO 2 S BT A 22 R
49 Jay S R4 SRy RRAE 27 >, v A0 Ak 3L PR R ) 2 A
IR, Wang 558 A (2022) 3\ A 42 J5) 1 & S ML
SR RS R B, AR T T R AR R
(locally—enhanced window, LeWin ) Transformer #5 5k |
FAF A AR R BB R SC TRl B LeWin #5557 H]
TERMG 2 RPEWR S AES b, ) ARG Y 4 Ja =) 7
15 BOR AT USRI & . Kong %5 A (2023) I FHI A R
T 45t 00 265 R A o O B TR P AR A J2 v AR 43, DA
MR T Transformer T FH Rt R0 2% BRI R AS
RS BT, Yan 55 A (2023) # i Sharpformer 5 71 |
i 3 Transformer BEH H H27 > R 4 Jr FRAIEFN A &
V7 Je BRAFAE , S22 BB SRR . R B AR E AT
T B IR AR L T T AL ) T R
2R {5 B o I Zhao (2023) ¥ 11 - 47 B9 CNN Al
Transformer X 2 28 42) , 7] BF 42 B4 o A1 Jsy 38 LG 4
TESEAT R LR

5 BlGEEMBEEEREITME

5.1 #HiE&E

PG LA S A0 T A B 4R 5203 65 Ak
AR AR AE . A UEE AR RE  N ToE L
R 2o A o A ISR [E1R (Levin 45,2009 ; Nah 45,
2017) o BRI R AT DUR B AL 5 0 i BUR 21T 6
R AR 772X . ok St A2 3 nT DB (b4
1 UG FUGT 7 1) T8 B PEIAZO6T , O 8 - U 2R A pEA;
SR ATERE . LSRR AR LS A P TR
K14 (Rim 45, 20205 Jiang 55, 2020) , 33X 26 [R50
ST AN 3 TR A R R S B0 R
IS . X SR AR B8 T 4 M0l S PR s v (9 (]
PGBIRIE 0, X S R T R AR . R 1
TS T G A BB B
5.1.1 A iddhse

B 1 BB B 2R T T R S A
BIA% A B O v A B 8118 o Levin 55 A (2009)
{1 FH 4 18 K/ Ry 255 % 255 15 2 55 i 15 Fn 8 4~ 15
SR T B AR M — N 32 IR S Y
g, (HJE Levin 45 A (2009) 4 I8 [ 45 40 3 %
[ 28 7E 255 x 25514 K, H i T BUREE 3 b i =
Z R, Sun %F A (2013) 3 i3 K Sun A1 Hays (2012)
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x1 BEBGEEMEIES
Table 1 Image deblurring datasets

EUEITES SHEUGE  BOIEGRE S eReE BRI KB VESORIEwa)

Levin % A (2009) 4 32 255 x 255 Bigam] iy il R -

Sun % A (2013) 80 640 512x 512 B pen] iyl R -
Kohler % A (2012) 4 48 800 x 800  ARIYSIELR AR E -

Lai % A (2016) 125 300 - A A -
GoPro(Nah %,2017) 3214 3214 1280x720  ARHSIEHN  SHMURE 2103/1 111
HIDE (Shen%,2019) 8422 8422 1280720  AEBSIEOHT AHURE 6 397/2 025
RealBlur(Rim %,2020) 4738 4738 - R AR 3 758/980
Blur-DVS(Jiang £ ,2020) 2178 2918 - AL STBOR A 1 782/396
ReloBlur(Li%,2023) 2 405 2 405 - e HIKA 2010/395

T =" TOAR R o

1) 80 W =5 Jo B 1 A8 K% Al Levin 25 A (2009) (1) 8 4~
Y 5 MR AZ HEAT 36 B, e 28 A i 640 R ASTRY 1145 o
SR, b R B G2 A B BRI A% S 35 S A58 , TRtk e
ZEAEAE I ZRA5 20 1 SO R LA S50 pelE
H SRR () AR I R, Sk T ASEABL A B SRR 5k
R, Kohler % A (2012) i 5% T 6D AHHLF I [A] 1 48 1k
B, I E AL AT & L E RS O L iz 5
e A UBER RIAR o AT P 4 W 77 A P {50RT 12 i 4%
BB S USRI T A R, A T — N 48 IR
R S B R B B i . Lai 55 A (2016) $2 L7
KBRS . Hh— AR R EAF Y = N
P 1 100 1 3 SRR IS 5 o5 A — A B8 45 4 &
T 200 M8 G B AR IS, b A 45 3R 1 5] B0 &
GRS SRR RIS

T AR T LS AR 1144, Nah 45 A (2017)
i 7 T A% Sk GOPRO e B 1145 — 25 51) 775 Bl /&1
15, 38 e %o 3 b i) o FsF [ A8 St %) PRI A 2R 34 1Y
05 k15 BB IR , 5 &5 3] GoPro BUIlE 8. 1%
B AL 2 103 X YNGR EHRAN 1 111 X R4
Shen 4§ A (2019) & 37 — iz 3l B £ 5 4E HIDE
(human-aware motion deblurring) o BB AR
PRARE e i) 11 A3 Sk A RSO 5, I8 o
TP g 335 B 15145 . HIDE %03 540 & 8 422 I 5144
XF, 534 6 397 XN ZRIEEFN 2 025 % i EHE
5.1.2  EEUELE

I HCE A ) AR 32 s T BT T )
BRI P15, %o T e AR 0 7 52 P A 3% o A R R A

FE—E W R FRPE . Rim 58 A (2020) 42—~ H S0
TR 5 B0R 42 Real Blur, %50 4E th T4
M, —A T4 2 RealBlur-R, & H1AHHLIE B4 K15 20
A5 7 — A~ F 5 2 RealBlur-J, & B AR HL AL H# 5
JPEG BHMR A B . iz 8P A L4315 9 476 X K15 .
Jiang % A (2020) fdi Ji] DAVIS240C A HLAf 3k — 1>k
R AN 4E Blur-DVS, 6155 1 782 Xl 25 4% Fi
396 X P (145, (] Bsf s 44 £ 740 I 0 52 1) BSA (5]
1% 5340, Li %N (2023) B —~ B ot R iz
ol B B 3G 42 ReLoBlur (real-world local motion
deblurring) , 1ZEH 4 FLACH R T R iz sh i ik
F BRI 5= A TR R0, Hoh A 55 2 010 %I 25
P45 0 395 XeH R A% .
5.2 EEFHY

SR T AR H TR Ao BT EAR RBOR AT 55 L
AREHFEB AR MERE R T8 2.2. 19
FIT A28 /9 PSNR A1 SSIM 3 A BF- 4y 36 s 1 47 1 1 o
PSNR i o 153 iy P 5 5 o e IR =2 Tl vy 38 2
K R 22 [ A 22 57 . 1 SSIM 3 1 i A 34 &
QB SERE XoF b B R 285 A6 AR ke i 1 PRS2 ) FY
FHABIE

PSNR 8 &5, 7R 2 B0 B 1R 1Y T & 4 .
SSIM FYHRAEYE Bl R 0 2] 1 22 1], #2230 1 37 RUR &5
FAAEARLE s, S UG B i . B RS %R
PSNR Fl SSIM 3 P > PEM 46 b , g 18 4 1 PP Ak BI&
14715 BT R 20 L B8 BE 0 RN X b R 45 T 1 G R B
FEHE Y S0 25 AR TR BIF I8 SC R AR
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5.2.1 fRGERIMR L EMISEERE B BB R IEAT AT o DR TE Levin B454E 10

H TG UG AR B ZSBE K 2 51 X0 B0k o
BHG AT 8 P53 AT , AN S A B0 4 1 iR A7 7 1 5y
Bro S5 3 B R 0812 N [A] Y Levin £ 42
(Levin 55,2009 ) fil Lai 045 4E (Lai 55 ,2016) P RE,
Levin £ 45 48 & — I BOI A% Sy Y5 51800 1 & il 8 4l
A8 T Lai 50806 52 062 5 B0 RMGORT & W R w2
R RC AL , SR 2 AN 2 firms .

MK 27 LLE H, AEH 2808 512 (Krishnan
il Fergus , 2009 ) 7£ PSNR 1 SSIM i b T4 4% &
F A 33 (Cho il Lee, 2009 ; Levin %5 ,2009) . iX
RN EAEE RO R SO A i E LM
T BEXTRORIAZ AT Al 1T — BB A TR i
B, B B A RO RO B 25 o S el ) T
WEFEN 51 & B EMG 30 2 A5 B A BT BRI % Al 11 .
Xu Fl Jia (2010) £ H X B8 30 45 B 6176 B 18
B8 T RO AL T e . ZE BB 4R
HR AT WY 0 Ve R 4R T, 2 I i SR AR AR £ BOA 55
TR LA . T3 SRR R4 B — R 91 el ik
4 (Sun %8, 2013 ; Yang F1 Ji, 2019) , A 36 2 ]
LA R A AR 4 T . b Sun 45
A (2013) 19 )7 B 4E Levin BG4 E ik 8 T4 507
21 S AR

FLF MAP (19 /7 (Chen ZF,2019; Ren %5, 2020)
i 3 A KA U S RS A% B I G 5 B ik e, o)

PSNR £ SSIM 5 Sun %6 A (2013) i AM LT, {H
TE Lai 2084 WAL T Sun 58 A (2013) J5 ik

T UG M B 238 9 778 (Xu 55,2013 5 Pan 45
2016 )¢ G A = AR AT B 7343 5, T DA 350 sk
MR RO B A . AR L REFE AR 22 T Sun
2N (2013) 753 H Eb Z R B 7 A — E R Y
2Tt

[K 4 Levin 5040 45 v i BRI GRS 224 19 5]
FECH A B (14 A5 P52 T Lai B0 4 W) 410, 25 B SR
BMG REG . i, 758 2 SR s Rp T LA
L BT D715 7E Levin S0 4E T 9 3R IR T7E Lai %%
e FRFRI . RASTE Levin 2088 45 I g il 5 PAL
GF IR SRR RS PRAE LT, UG A A RSy
S0, PR AR Y S M AR AE — o R BR . e Ah , R
BAEG )T K2 F B MR B, TCIR AL Lai 88
AL P Z R B O, X S B AL Y2 AL e 2
SRR
5.2.2  FETUREES SRS LM B A TR RE

FEFURBE 2 > () vl i T B R L A 2R
P, DUBA CRAS D R 6% b JHLAS RS [R] BT T O, 0T 8
B ARz AR e ) o S B A B 4R
GoPro B4 4E (Nah %5 ,2017) \HIDE (324 (Shen %5,
2019) DA K B 52 K04 4 RealBlur 204 45 (Rim %5,
2020) FFFRE . GoPro £ di4E Fil HIDE 4 4 /2 UL

®2 EGREGERMIT AT Levin 70 Lai 8IE & LAY ERE

Table 2 Performance of traditional image deblurring methods on Levin and Lai datasets

Levin §(#5 4 Lai £ fli 4
Bk FHIE
PSNR/IB  SSIM PSNR/dB SSIM
Cho Fll Lee(2009) BET M i G B ) MAPHESE 1 2S00 30.57 0.896 6 17.06 0.480 1
Levin % A (2009) PR B AZ 9 MAP Al 30.80 0.909 2 - -
Krishnan Fll Fergus(2009) £ T Hi 5 i my 4k 5 LM 31.06 0.900 6 18.73 0.501 0
Xu FlJia(2010) b JEE R AT RIS L A5 1R 31.67 0.916 3 20.18 0.708 0
Xu4§EA(2013) ARG 1 G 14 VR T 25 AT HE 22 31.87 0.924 3 19.23 0.659 3
Sun % A (2013) ST YA AR A 75 7k 32.99 0.9330 20.48 0.656 2
Pan 55 A.(2016) SR G 3H 3 £ A T 2550 32.69 0.928 4 19.89 0.665 6
Chen 5§ A.(2019) BTk oy S A KL B 40 MAPESE  31.73 0.923 6 - -
Yang Fi1Ji(2019) B TARGy DU ST 0 30 G e PRk 32.04 0.9120 21.79 0.704 0
Ren 55 A.(2020) HRA DAL T I USRS R A e MAP[R)E 33.01 0.9313 21.13 0.7319

T LIRSS 25 81 i DI R 5 = 203 X L SCHIR T AR 1 £



$29% /FE A4 /2024 F£4 B

HikE, Ax, BRAZ, ERE, RRE, BFEF
E G LB R R ik

9 PR A5 5 B R B, Ao P 3 A o i
LMK A A . Real Blur $UHE 8260 2 fi ML 6

% 2 1 RealBlur-R FIAHHLAL B (1) JPEG EIMZ 41
A% RealBlur-J . SEIGZE A58 3 iR .

3 ETREZIEGEEM AT GoPro 1 HIDE #iE5%E LAY AE

Table 3 Performance of some deep learning-based image deblurring methods on GoPro and HIDE datasets

GoPro HIDE RealBlur-R RealBlur-J
X £ B Bk
PSNR/IB  SSIM  PSNR/B  SSIM  PSNR/AB  SSIM  PSNR/AB  SSIM
Sun % A (2015) 2464 0843 2321 0.797 - - - -
DeepDeblur(Nah%,2017)  29.08 0914 2573  0.874 3251 0841  27.87  0.827
CNN DMPHN(Zhang%,2019a) 3120  0.94 29.00  0.924 - - - -
MIMO-Unet(Cho®£,2021) 3245 0957 2999  0.93 3554 0947  27.63  0.837
MPRNet(Zamir%,2021) 3266 0959 3096 0939 3599 0952 287 0.873
SRN(Tao%,2018) 3026 0934 2836 0915 3566 0.947 2856  0.867
RNN
DSD(Gao%,2019) 3092 0935 2911 0.913 - - - -
DeblurGan(Kupyn£,2018) 2870 0.858  24.51 0.871 3379 0903 2797  0.834
GAN DeblurGan-v2 2955 0934  26.61 0.875 3526 0944 287 0.866
(Kupyn %#,2019)
DBGAN(Zhang % ,2020a) 3110 0942 2894 0915 3378 0909 2493  0.745
Restormer(Zamir%§,2022) 3292 0961 3122 0942 3619 0957 2896  0.879
Transformer FSAS(KongZ§,2023) 3421 0969 3162 0946  40.11 09732 3262  0.933
CTMS(Zhao % ,2023) 3273 0959 3105 094 - - 27.18  0.883

E ML PR R A5 B R A 2R 5 =7 2 X L SR JCAH 1o Kl

Sun A (2015) 5265 CNN R ITE (&1 18 25 A
S . S HAE GoPro Al HIDE U4 T AR IEAR
GEM BB TR 2 ) LR MR O s i R
W JREESE T, DeepDeblur Al DMPHN X8+ ¥
Ut Tt 5 Sun 5F A (2015) J5 LA E, EATHE
A BUECE4E T (1 PSNR AT SSIM #RHUE T 0 4 7
JuFJE DMPHN f£ HIDE % #la 48 |\ /s H B i 1k
AE. Rl TR HE ° ) DR A IR, o 21 S 14 SR 07 1%
MPRNet (multi-stage progressive image restoration net-
work ) Al MIMO-Unet ££ 5 86 5 BRI (4,
PSNR# 1 T 30 dB. LA, 75 H 9245 42 Real Blur
ORI N R AYRCR

MF 3 Al LU Y, 25 T RNN /iy SRN 1 DSD
(dynamic scene deblurring) J M Rl — B B R
AR5 1%, 75 ISR AN LS AR B IR
(¥ RE , H PSNR A1 SSIM F i T A vk .

HTF GAN 51T HY DeblurGan J5 1 B AR HAE A L,
BE 4 bV RE 45 A5 0% 372 T DeepDeblur, {H 7 Real-

Blur £ 45 & b & B 46 . H OH oo 7
DeblurGan-v2 Fl DBGAN (DeBlur GAN) (¥ BE7E 24>
£ BUBCUE 4 T 1% PSNR I SSIM 5 %6 RNN (19 J7 %
A {HFE Real Blur B8 45 8 BBk

Transformer 15 5 GE 4% 4 37 4 R A6 ¢ &, IF AT
AR PR B R B B SUE R . PRI, I 4R
i 19 Restormer, FSAS (frequency-domain-based self-
attention solver) Fll CTMS 45 & & #8 2 £ T Trans-
former #1741 . 7E GoPro %4 #5 4 I, ‘& {119 PSNR Al
SSIM #1435 15 8 1 32 dB #10. 96, 76 HIDE $diz
&b i A S . BRI AE SR 4R Real-
Blur |, 13 3R 3 00 75 09 S 96 A40OR ik — 20 R B
Transformer 58 7E PR 2 BRI Gl HAT B R T
5.3 EMITM

Pl 3 FEL 4 53500 s 1A% 48 7 Tk RS IR B 2
AR EME LB 55 BT kg R, Jf k4%
T PANER MR 5 DL R R AN [R] ZS B0 Bk 22 1] 1Y
FeSto
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(a) TR & (b) ChoHLee (2009)

(c) XufilJia (2010)

(d) XuZE A (2013) (e) YangFlJi (2019)

B3 AR50 et L 45 5 (Yang 11Ji,2019)
Fig. 3 Qualitative comparisons of traditional methods ( Yang and Ji, 2019)
((a) blurred images; (b) Cho and Lee (2009) ; (¢) Xu and Jia (2010); (d) Xuetal. (2013); (e) Yang and Ji (2019))

(a) LM &

(b) ZH% &L (c) DeepDeblur

(e) DBGAN (f) MPRNet

P4 PREEAE )7 e PE LA R (Zhao 55,2023 )
Fig. 4 Qualitative comparisons of deep learning methods (Zhao et al. , 2023)
((a) blurred images; (b) reference images; (c) DeepDeblur; (d) SRN; (e) DBGAN; (f) MPRNet; (g) CTMS)

W13 iR 1A% G R 2 BOM 7 v 1 T Ak 46
(Yang F1Ji,2019) . JSE&E R T E B 5
2 (BFE R LB 3 S A A B R &R
Horp | 5L MG 3 G R A 25 B EHGASRI 1) 7 1k (Xu
il Jia, 20103 Yang F1 Ji, 2019) 58 v 8 {5 82 KI5 A9 20
PR A5 5 T 5 K5 50 8 #8149 J7 ¥ (Cho 1 Lee,
2009 )3 3z 5 | A TE A3 g oy e A 1 G
A TR R A5 (] BB T 35 R i 3R 38 1 O vk
(Xu 5 ,2013) fE A 280 H 53 25 G 5 450 AR A8
43, T/ T W PR s 977 A

BT UREE 27 2] 1) EUR FSA5E0 5 1 rT MRAL 45 2R 4
Kl 4 fi 7R (Zhao 55,2023 ) o 38 43 XF e LR JLFR A [F]
Y )7 3% « 2 F CNN B9 Deepdeblur (Nah %5 , 2017) Fl

MPRNet(Zamir 5 ,2021) 775 , 5T RNN 19 SRN(Tao
45, 2018) J7 ¥, % T GAN i) DBGAN (Zhang 45 ,
2020a) J5 ¥ F1 % F Transformer Y CTMS (Zhao %5 ,
2023) 771k ATLUULER B, AU BRAG AN [ X J A5
WAAEF 2= 5 BIER DA AR R0 26 45K 1 5
U Deepdeblur Al MPRNet , th.23 7= 4 R[] (25 5 . {8
PR T 1Y S, 2 T Transformer (1) CTMS J7 7
IR B Y RIOCR 3R
5.4 BITHE

TEHE TR EE 2% > W R B Sk b, 3 38
BV Y32 A7 I ] PSR S5V Ayl dat AR 503 1Y
HEAER (Cho 55 ,2021) o BEHL T AN [R] W) 45 42 ) v
BAREEWRE  IFS T ENTE GoPro B4l 42 1
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A b 5 MR 2 B BT 5 141 24938 47 ][] A 2
SRR AR IR AR o BURERW] R RIL R
I IB AT AR 1 s PN, RS S0 R 1 S R A X
BR o R, e L N 5 B2 5 75 TR X MR AR
DA PR 7 52 P O PP BE RS U R r A R R B
I R BT AE AR o (E an ey - - 2432 4 7 s
(] A Y S HCR AT 7 2 0k — 2D A BE TS RIR R, LR
o P LR 51 BB R RE

R4 FRBEEHEITHE

Table 4 Running efficiency of representative methods

ERTS E el $i?§fﬁ
DMPHN(Zhang %,2019a) 21.7 0.04
MIMO-Unet(Cho%5,2021) 16.1 0.02
MPRNet(Zamir %:,2021) 20.1 0.09
DSD(Gao %%,2019) 14.7 1.60
DeblurGan-v2(Kupyn % ,2019) 60.9 0.04
DBGAN(Zhang % ,2020a) 11.6 0.06
Restormer(Zamir % ,2022) 26.1 0.08
FSAS(Kong%,2023) 16.6 0.13
CTMS(Zhao %,2023) 16.5 0.12

E ISR R 5 B R A4 2R

6 & &

150 1 UG LA 7 vk N 20t kAL IR
NG B FIHR B 3R I8 5507 T RIS $E i TR 2
TR SR o RN, X LeAB 58 Iy VA 7 N T e # 4y
fiE, I H R Z X A O T (RO, IR b 3z feRE
152 B — 7 BRI T B TR 2 2] BRI B
BT IR LA ) 25 R MR RO A AN Wi 2L
AALAEMERE 2R T % 5 i, 1 ELRE A8 B 4
b N 25 RO PR S .

SRR 27 2] J7 iR AE MR S BOW s s T E
KHE R AFAT A7 A — S 7™ R Bk ik X A

DA PSR . H RTFE R R AR s b
i)z A8 A PE 45 bR & PSNR Fl1SSIM., PNSR 1Y
iy R A2 RS RN i s R 2 TR 38 5 1 22 , Tk I
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