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Abstract: Image deblurring is a fundamental task in computer vision that holds significant importance in various applica-
tions, such as medical imaging, surveillance cameras, and satellite imagery. Over the years, image deblurring has gar-
nered much research attention, leading to the development of numerous dedicated methods. However, in real-world sce-
narios, the imaging process may be subject to various disturbances that can lead to complex blurring. Certain factors, such
as inconsistent object motion, camera lens defocusing, pixel compression during transmission, and insufficient lighting,
can lead to a range of intricate blurring phenomena that further amplify the deblurring challenges. In this case, image
deblurring in real-world scenarios becomes a complex ill-posed problem, and conventional image deblurring based on simu-
lated blurry degradations methods often falls short when confronted with these real-world deblurring challenges. These limi-
tations are ascribed to the extent of assumptions on which these conventional methods depend. These assumptions include
but are not limited to 1) traditional methods often assume that the noise in the image follows a Gaussian distribution; 2)

spatially invariant uniform blur assumption; and 3) independence of the blurring phenomena assumption. Although conve-

Wo#m B H#A:2023-11-20; 18 5] B #5:2024-03-13; FiEN 2 B 7 : 2024-03-20

*BIEEE KT yuzhu@nwpu.edu.cn

EETE : [HK A ARG H (61901384,61871328, U19B2037)

Supported by : National Natural Science Foundation of China(61901384,61871328,U19B2037)

3501



3502

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 29,No. 12,Dec. 2024

nient for theoretical analysis and algorithm development, these assumptions prove to be restrictive when applied to the com-
plex deblurring problems encountered in real-world scenarios. Consequently, there is a pressing need to conduct special-
ized research tailored to the challenges of real-world image deblurring and to enhance the effectiveness of image restoration
methods. Real-world image deblurring is an intricate task that requires the development of innovative algorithms and tech-
niques that are capable of accommodating the diversity of blurring factors and the complexities present in practical environ-
ments. This paper attempts to create unique deblurring solutions that can efficiently handle real-world scenarios and
enhance the practical applicability of deblurring methods. One approach to addressing the above challenges is to design
algorithms that are robust to various types of noise and are capable of handling non-uniform and coupled blurring effects.
Additionally, machine learning and deep learning have emerged as powerful tools for addressing complex real-world deblur-
ring problems. Deep learning models, such as convolution neural networks and generative adversarial networks, have
shown remarkable adaptability in learning from diverse data and producing high-quality deblurred images. Furthermore,
researchers are exploring the integration of multiple sensor inputs, including depth information, to improve deblurring accu-
racy and effectiveness. These multi-modal approaches leverage additional data sources to disentangle complex blurring
effects and enhance deblurring performance. As real-world image deblurring continues to gain attention, the research com-
munity is expected to contribute valuable insights and develop innovative solutions to further improve image restoration in
complex scenarios. The ongoing collaboration among researchers from different fields, including computer vision, machine
learning, optics, and imaging, will likely yield breakthroughs in addressing real-world deblurring challenges. In conclu-
sion, real-world image deblurring is a multifaceted problem that requires tailored solutions to overcome the limitations of
conventional deblurring methods. By acknowledging the complexities of real-world blurring phenomena and harnessing the
power of advanced algorithms, machine learning, and multi-modal approaches, researchers are working toward enhancing
image restoration in practical, challenging environments. Despite the growing interest in real-world deblurring, there
remains a dearth of comprehensive surveys on the subject. To bridge this gap, this paper conducts a systematic review of
real-world deblurring problems. From the perspective of image degradation models, this paper delves into various aspects
and breaks down the associated challenges into isolated blur removal methods, coupled blur removal methods, and methods
for unknown blur in real-world scenarios. This paper also provides a holistic overview of the state-of-the-art research in this
domain, summarizes and contrasts the strengths and weaknesses of various methods, and elucidates the challenges that hin-
der further improvements in image restoration performance. This paper also offers insights into the prospects and research
trends in real-world deblurring tasks and offers potential solutions to the challenges ahead, including the following:
1) Shortage of paired real-world training data: Acquiring high-quality training data with blur and sharp images that accurately
represent the diversity of real-world scenarios is a significant challenge. The scarcity of comprehensive, real-world datasets
hinders the development of supervised deblurring tasks. To address the lack of real-world data, researchers are exploring
data synthesis and unsupervised learning techniques. By generating synthetic data that simulate real-world scenarios, algo-
rithms can be trained on highly diverse data, and unsupervised learning is particularly suitable for improving adaptability to
real-world conditions. 2) Efficiency of complex models: Recent deblurring algorithms rely on complex deep learning mod-
els to achieve high-quality results. However, the models often result in computational inefficiency, making these algo-
rithms impractical for real-time or resource-constrained applications. The computational overhead and memory require-
ments of these models also limit their deployment in practical scenarios. Researchers are developing highly efficient model
architectures, such as lightweight neural networks and model compression techniques, to strike a balance between compu-
tational efficiency and deblurring performance, making them suitable for real-time applications and resource-constrained
environments. 3) Overemphasis on degradation metrics: Many deblurring methods prioritize optimizing quantitative met-
rics related to the reconstruction of image details. While these metrics provide a quantitative measure of image quality,
they may not align with the perceptual quality as perceived by the human visual system. Therefore, a narrow focus on these
metrics may neglect the importance of achieving results that are visually realistic and aesthetically pleasing to human
observers. There has also been a growing emphasis on perceptual quality metrics, which evaluate the visual quality of
deblurred images based on human perception. Integrating these metrics into the evaluation process can help ensure that

deblurred images are not only quantitatively accurate but also visually pleasing to humans. As research on real-world image
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deblurring continues, the above challenges are expected to be gradually addressed, thus leading to effective and practical

deblurring solutions. This survey aims to provide a comprehensive understanding of the current landscape of research in

real-world deblurring and offers a roadmap for further advancements in this critical area of computer vision.
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Fig. 1 The classification of deblurring methods in real-world scenarios
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Fig. 2 Uniform blur with kernels (Levin et al. , 2009) and non-uniform blur with motion flow (Sun et al. , 2015)
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Fig. 3 The overview of end-to-end deep learning-based image deblurring methods (Cho et al. , 2021)
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Table 2 Summary of advantages and disadvantages of independent non-uniform blur removal methods
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Fig. 4 The details of dual-branch framework for image deblurring and super-resolution(Liang et al. ,2019)
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Fig. 5 All-in-one-based restoration methods (Park et al. ,2023) ((a) independent model ; (b) model with independent encoders;

(¢) adaptive model; (d) unified model; (e) adaptive discriminative filter-based model for specific degradation )
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Table 3 Summary of advantages and disadvantages of coupled blur removal methods
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JRFAE, 0] B A B ECSE Y UG S5 A AT 2w T
Rk S DR 28 B ) oL R FH ) A AR AR A X Bt
P GAN FIE 7= 3 HU A Diffusion

e B A E M 19 GAN & U5 ¥ & DeblurGAN

(Kupyn %% ,2018) , H R AR BUAR 4T LB, 51 A
F) 5025, F Wasserstein GAN A1 PN 2545 2k R4 TR A1
Sk AESEBOR 7 IS T S PEBE . DeblurGAN-
v2 (Kupyn %5, 2019) 5| AFFE 4 - BE A0 5 5 11 )
R HRUAE 4 | f DeblurGANv2 1K 2] 52 F b BE ) 75 5K
ZJa B R 2 )71 (Nah %, 2017 ; Shen %, 2018 ) #R 4>
e W 26 HE H rp A 5 A N R AR T LR
W . Zhang % A (2020b) 42 H 454 2 2 1 il
R 1Y BGAN # %0 (blur GAN) Fl 2% > 2= 155 M 11y
DBGAN (deblur GAN) B, FHorfr | BGAN 2% 2] 4rifif
AT FHAS BOGT 4355 AT ISR P 4500 X 17 I 1 5 it fon A
B, 485 48 5 DBGAN 2% 2] W] 1E i b X 1% BUS 24 T
R R RNE IR B S W B Y, ot — R T T E
S e BRI ROR

F1 T GAN AR R 5 2 [w] I 2 A o AL 0 2
T A R T BT IR AR R e M AR S — R
0 R A AR A | Diffusion 158 8 &% 3 57 2 W97
B & 1 (Whang %5, 2022 ; Fei 45,2023 ) , HoAk: il it 14
A SE, 40 R I B R R IR,
fai Al TN ZRad B R Akt BB AR . Diffusion A5 7Y
43 Ay W R I B DA R SRR B B i X —
T3 0T AR o, /N DRI 0 M 7 0] A8 g i 2 30 e 7 11 [
18, 5 5 B R E R AN S [RGB M R
PRAZ H 7 BT RS e, B A R . 3 X B AR, AT R
YL —A e PR rf A Bl i v RGBT, L
T Diffusion [ MG ZS B0 15 10 0] 43R W R« A7 W8
T MFEREARZE S vk o A W 7 o EER RO
PG RN 75 R P4 7E — AR 37 1 M s (R4S
DU EAB G AE ] W BHE 5, Sk I1 2k Diffusion F27
Whang %5 A (2022) 5 F — >0 57 9 45 %y A E1E y
PEATRLIG () J 08 , P L T Diffusion 2% > 5% 25 K14
S5 e K A AR i AT LA R A A AR
PUBE SR LRI 25 5, SRR Al 6 BT .

SR, X BB S (O, 72 35 A B 5 1Y
THOLT BRI EANTE ) FREA I 7 3t A
R P A% A DI 25 B 1) Diffusion B2 7 1 47 &2 JR
GDP(Fei % ,2023) F1 BlindDPS( Chung 45 , 2023 ) #B &
A AE RV E a5 U254 59 Diffusion A8 47 2%
REOR] , 151 41 ImageNet 5 FFHQ %5, I, A4 1415
VE 48 S5 T Bt AR, R A B DA SR
EUR y 5 B SROM RME y Z 18] (4 B B 40 2k 4 TR A
TR AR S y AR R P A (S B ORI R o ) 145
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wiaEE
Eie M

[5l6 A Wi Diffusion Y L BIHIEE (Whang 5%, 2022)
Fig. 6  Supervised Diffusion-based deblurring methods
(Whang et al. ,2022)

BlindDPS i 2 BRFE QK] 7 i
4.1.4 /NG

25 L RTIR 3 R[] 28 1Y 1) A J5 15 BE X AR %
ORI P15 10 HE AT A 3, AELAE 43 B ] R 1 o 32 R Ak 34
I LA AR, I AT A DL B A, an gk 4 Fr
TN o FH T AR RS A AR R A ERHE 2 ) AR T A e
73 AETERCK B AT E S 5T AEOIATE 55 i
(W7 1R 22— R Bl R T HUBE AL Diffusion 1Y 5 5
BRI SR N, 8 I i B, A i USSR

xi—l

o @ %)) Vol ) % o)l .
6 O T

%
e e
® 24

=V ll—k (k) * %, + [l )l

7  FEFEAR Diffusion [ ZBUIAR L (Chung 5 ,2023)
Fig. 7 Zero-short learning Diffusion-based deblurring methods
(Chung et al. , 2023)

ThnaE L, BRI T RIS RCR . SR, T
Diffusion HE 4275 2244 IR — 3 09 BN Bt k1 7% 20
KA AT 21 000 20 B RAEIREL, S B R ERCR
A T HR 23 32 IRt feft FH %) UG e RO A R A
1256 x 256 {8 Z M B, TEAERR IS Jovk B4 H T
RRGF (1 280 x 72018 %) BlI& . I, Je 2L i
FE AT 2 B RO A A T I 28 i s A 3, D4R T
I3 PR EUG A AT 55 B PEBE , WnAT L2 2% Song 55 A\
(2020) FBIFE , 38 2 15 ¥ 30 R SRR 25 K AR AL R
FEALBR 5230 10~ 50 5 R R41 Tt

R4 ETRAERREHEMERT ERRRBE

Table 4 Summary of advantages and disadvantages of blur removal methods based on unknown degradations

Tk e 5 HE
\ _ \ ek T A e v, BEBRAERCR AR A 3 , ey
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BT R 507k

R B RGN AR S IE R B 17X
FRICHHE B R, B R T2 AL RE
S, ST A L L R

W AN A2
AL

BT A A 2 S 0 DA SR 7 A v A e o

PR FAE IS, A 1 I o D AR AT B BE Diffusion 157 AR AE AR B

] Z2 T T ) AR AT AR ME R

ﬁﬁﬁimﬁﬁﬁmﬂﬁgﬁﬁfr%%ﬁ gl
"?B’JXT‘FT“iﬁdt Wik oA AR

TR B R R M, S BURR T
55111?

BT GAN BB RN Zhad BEAN OB AR SE ,  AnAn] [ I 38 B e 14 52 D AR
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UnAoy -4 3 RO ALA £, REAS
T AT I T AN AE Ak A [) i
SURIRR R Z A5 B

R AE A i G

e R R A B AR

4.2 FIMNIEIEHED

1ML — YR R Th JC R T 2 A RUE B
AT BT, —A~ F AR AR 2 A A i B s s
FAG B HEATHT B, U D S B S0 3 5T B AR 25
BRI, AR SO A B SCHERAE G 7 1) T VE I TAE 3
R 3EHATAA 1) BTG AH B, LA 0 At it
SCBUE R 1 22 MG 2) SRS BRI A B L an s
FEALECHE 20N s 45 5 3) IS AT 55 Tl B, A 4 1 oy
H UM o2 R TR B A TR = Y A
4.2.1 BRI B

TV 1 T 38 118 7 2 i DR R 22 5 Bt PR R B2 )

Al R (H R T B R B k= R XS Ty

RRIAAE , A0 0 25 S PSR Z IR T
Wa . A EL 2 R, Rav-Acha 1 Peleg(2000) {ifi F] B AT
AN TRVEOR 7 1) B W 1 328 Sh B RS A T i e SR D
HRGIA T 220G EE S HH T PE o 5ITEK
S 2 LT T RO A G AR, BT R SR O R
T Z A5 BT RS M T ANTE , AR T 2
SRR TR UG . 5 R, AP O B A A
Wi i 2 ) AR 1% b — R R4S 5 48 19 2 38 (Rav-
Acha%ﬂpeleg,ZOOS) 514507 2 Wi A% 52 5 1Y
K.
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Chen %5 A (2008) #" & T Rav-Acha Fil Peleg
(2005) 4 4 19 77125, F A — 37 5 i BOR 1R AT L
ANER . Shin 28 A (2021) 1A A0 K% 19 |
M B K B AR B AN T i R R BAR S B .
Yuan 55 A (2007 ) fi B W 7 R T MR LB, 7
i AR — A F BRI A A 11, DA v, 1 P e
7 EMG r BE B 3 I EGURRE A T 00T, 0T Hak
T T =g R B eflih i RAF A0 aa
WA I 3 08 B RS o Deepa F11Jiji(2019) B
SeXT MRS EUR ST LM SR A M RS GOk
AR AT U i iz o0 2, K AR 1A 1% 43
(o) iz ) i R BT R T R . KREHEXHEm)
J7 Y e B AR A A T AR LR AR R ) o AR
PLARTS 55 i) 20 MG RSO TE Gy Aot 25
IR A . Li %A (201 1) B T MUEIE
KRG, e A I R 7] — 57 50 1 W > X6 55 A A
BIG, Jo s & A0 ) S BE 454 6 TRk B4
X, B ) 2 AR BB TL RE S 4 T R A O
FRAT T o o i UK R

Hacohen %5 A (2013 ) 42 ) 17— F i FH 155 Wi 7= 451]
EUR AT R0 7, 2% BUR A & — S 510
W S O E RIS I N2, AN SRR E B . Pan
5N (2019a) XA ARG (0] 351, 4 H 36 T2 2% R 1)
NN iR U O REN B S A SR EON T
A AT SE D AT AR AT ESR B TR
TGN . i %5 A (2018) BT AR L 5%
FURIEAT ARG S5, 51 A G Al TR A St U i
Y 485 0 IERA I SRS |, $5E 1 A A ) 45 o
[ MG ELAT AN R 220 5 | S G AE R g A AT
A PR AL SR AR A0 A 45 R . Xiang 25 A
(2020)JF & T ST At 45 M5 IR R 4G 2 S % 1
G R0 BB BERRAIE , AFE 5 0 £ B b R A 7 A 1]
18, 25 S F W8 7 18] v 7 39 R O 1T RS B SR
FBRMAT IR . LiZE A (2022e) $EH T —Fh 52,
ZIT IRV KR ST RS UG R i UG AE R 2
HREA, MR T PR RS 4, — TR
U A BRI RHE , 55— TS5 R 0 R
fiE o BT —AHEPHLE], RERRE RIS SR
A MG S5 M 2 R AE , DT 2B BCHE 17 I i R 4
B2, ik SEHE P REAE 4 ok o 8 MR T EROR .

AH LU Z 8 7 SRR 91 RGN, 5 i A GO 5 B
HLA R B 3¢, AT RR 1T 7 1 5 Y A skl
FH T Li 25 A (2022¢ ) % A MR 0 P A et 2 FR
il , B SR Az AL RE T o
4.2.2  EERISIEIE B

BT R EURAE A i B B AN, 38 Ho A
12 TR AR AR HUA) B AR T AR hy 22525 190 4l B A5 15
B MG It AR, il , 2T 40 22 6338 B A K
AP 55

AH LG T AT D56 9 S 3 % 1 7% 74 400~800 nm
() DX 8] P, 21 % 8% T 4 48 O 3% Uk K o 800 ~
1 000 nm AYETT LETAME B, T R £15M S (near-
infrared, NIR) , A] LA HH T % B 1% 48 % {5 RGB (red
green blue) 1] WLYGEIME E . Yue % A (2014) {1k
5819 RGB 4 {6 [R5 RN AT 21 40 PG AE JR 3 1X 3 1
B AR OC R R, AT AR RGB MG RITRR 1
T8 M7 (% NIR R b 52 H W b RGB BI& . Li %8 A
(2013) A 41 T —Fp T4 X 205 AHAL, AT [R] B 4 4R
— NPT ZLAMA G USSR R A %5
R AT 21 A6 B 2 SRR SR — A G E Ak 7 %
I A BB e K5 B0 3, R A Qb A TSR A%
it AEGIR S o Z 75 S T RGB FINIR
EUR B, T EA PR 4071 Of B8 A s s T RE

%ﬁi*ﬁjﬂ ( event camera){lﬁy‘:f%ﬁﬂ E‘J{%JEK%% s J&
ARG E TARZ A R, B4 K iy SCHERED
E T F 0 AH AL £E R BT 55 i b 2 1
fE , R DR TE T A A AL RE 0% LA AEG A% Asf 1] 428 38 2R Jlf
PR T REME TR RS 1 A o IE S H AR 32
M58 5 B R R T T RS 2 FERCR , B
T E 28 B R T G 43 9 L R A0 LA R
SN2 T Bl A% 4540 B . Pan %5 A (2019b) B 55K 55
PEAIHLAN G 2o BT 55 Bk ZR R M T T3
1 A BIL A 2 B RH 50 7 A5 A0 . L A 0 A5 A (event
double integral, EDI) , 24 Z J& 1Y J7 ¥ B8 1 # g
Btk o AFL Pl AR TR A Sy 7 BRL XoF S 47 o 7 5 A1 R e
A MRk B, B RO — M. S5Ok, Jiang SE A
(2020) . Shang %¢ A (2021) . Xu % A (2021) Pk Jz
Zhang 1 Yu(2022) %76 EDI A9 3&4l 1 2 T &
= ) B AE 0 T 1k LA KR e 40 i s ot = 2 Ak
FET BT RO A AT LA B WA 47 it 454 55
AIPERE . Wang 25 A (2020a) [F AR 5E EDIAR Y | -
{85 B 1 2 A EHE , IR 43 B3R 1Y event B4 FIABH
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UG R R4 T 250 AT AR 20, O J e s v I
RIS . Sun %8 A (2022) FI] 0 ST (4 A g ) =5
PR A TARRAE SR I, oA T A Rl A =R R R R
FRAE , BETH T — A T 45 24 G0 1) F A — T
PR EE AL T R, BT G 4 4 S A SRR AE I
TEBRIER

A 253 DA b R B AR A i 2 . Jeon
N (2017) $2 10 —Fp T 2 Gz 3 S0 (1) 8T i
1) 2 RS B A A, 3 T3 SR e, (i — 4l
ORI 5 S AR AR AR AT, REAS OR B R TR
WA PRI %) B A A 4 . Hu 28 A (2016) 38 5 15 P A Ja
i (RN SCRUINE ) i SEAHMLIZ 31, SR 5 ARl 2
PR A A AR BRI . S5 ZE (Dual-pixel )%
SRR ST 00 28 W FH 1 Ak B AR AR 1) A, 3 ek
7 LR PSR TP 2k S i P AS T AL L EDR P
BUAHBL A shxd g, A F LR UG 7E F 153 R 4k
FEREE 5 X3 4 Sk A B e ok 5 SR T
Abuolaim 1 Brown (2020) 43 #7 35 F FH T K Z B34
FHML L A UG 25 A5 e L i T B , 51 A —Flig
JEE R 22 X 28 BRG] 4 FH Dual-pixel Z 57 1) FFLAE EE
R BAERI . Lai % AN (2022)FF & T —FhHETF
PUBEREAZ Sk fil A B AR B3 G 505 R 40, 14 &R
ekl H 4532 sh I sh A 5 FHZS 2 HHPL, Bl an i £
FHAIL, 1 DA PR DR 135 ol R A B B, b 4%
S Al R M P IR AR 1) TS, T 52 B Sk 5 3R AR
A (EL ISR P R A 5 o 308 ok o) 255 TR0 o 57 45 3 PR
R PG, Iy HH — W A ShASRY 1 775 b PR

AH 80 5 A i B 0 D7 v ol R A
SEIMHPIEEE THEZX T RNENEL,
WA F AL RE WA 3K B ORI 1442 3l , 21 SN HLE
i 1E B 3 LA 4 3132 2 H A%, JE T B S B0 1T
FREO AT LAFRAS B 4 BRI, ) a0 35 T S5 (R AR ML)
J5 1% (Sun 55 ,2022) H T AERRME BB £ GoPro
(Nah %,2017)_FHUS T Y /TS 36 b5 o
4.2.3 BT EG B

X R AR T AR RO hT B TR
JE A AR D 5 25 45 F-0F 5 ane] B At 25 20
AT 55 0 RAT 55 A TR BY L anil S IR EEAG T
T ESAEAT 55 BE AR EU T 2 0 B R S0
FAF B, X E R RS A R i UE R
T DA R S B b S A, LS R I S AR ]
DITE— R L 5B, OF AR AT & B ARRRIE S

BN SS RS, BT AR

Zhang 55 N\ (2011) $2 i 55 T H AR R 1)l B A
W7k BRA ST B R e 00 IR B BIR R R
ATEARRIME S5, LA AL BRI 0t (B4 p R 5
P 1 1), H R AR A B HL e R Y
TN EUR S R AR E 55 il G AE— M HEZR
i AR A B SR LAE SRR A B s 5 e 7R
ok 2 R[] B A2 AU il AR B T A B
Shen % A (2018) 1 Yk £ tH R FH 1 40 5 B A hy Bl
BB 48 T AN AR SR 0] R, 368 2ok A 1)
IV R MR AE I B R0 4 Hh , BUAS: 1 A S A8
J&i K , Shen % A (2020) 1 Chen % A (2021a) % 37—
YR TR L EIE S TS 2B TS5 . Pan
25 N (2016a) Fll Ren 55 A (2017) 2555 [ 4% EIZ 1) 2=
RO ) R EAT TR AR UESE T 1 oy BT 5576 4%
PR MO ) B A vk . AL, 3 LR
B T 58 B B8 2 BEAE 55 . SFTGAN (spatial feature
transform ) (Wang 45 , 2018) #& i T 18 R AIF 5% $ps
B K Ay E B vy ) 43 B R R A B8 43 HEHE
arh S UM B . Wang 25 A (2020b) #2
TR 43— L3 E A R3S 45 A4 | [ 5
BUER 73 HERE SCoy BT 55, M 3 3R 43 S A AE RS B
T o E AT LA B 5 2 HE o N G RIS o)
AR 43 HE 0 SCPRAE T 18 SURRFESR T, 35 B AH S 35
EANIERI

TR EE A THE 55 T S U 50 iR B Az 3 {5 B,
T B ER B BOIAE 55 . Xu il Jia(2012) 48 H A
(R — B FASNN 5 12 AN BB AR gl Ak B TR R 32 1y 1l
15, A S B RIS SIS, 25 [E] AR AR Y 5 4 A5 e
o bt 10 A 2 SR AR Ak B, fef A5 30 Ak B s Ab
OIS 22, - W AR AZ A8 A A P TN [ R B
Hbrm%k . UL, JEF A8 IE ST AR 5B, FH i i 1
PBIE M — TR B IR BRI 2O AL B F ), Li 55
N (2020a) 45 H T —Fh IR EEA T 55 51 3 19 S
EBORIBTY B A B — IR R B B, SR A &2
0 R T TR S 80 5500 . Hu 25 A
(2022) 4 5 = 2 F A GBI T 19 ZSB0M 7 2%, B XA
S 5 | 4 A 5 RS AR R (4 RIVERR DA 3D 1T S
5 R OB A TR S 45 R e A B A SRR 2 e 3
TR ESE, Gl B0y HR Y (SO8 | RE R
T L3 AE il A 3D (T AR T I, 3% 3D JE 56 L
T e R ST ) A R S5
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A RE B AT IEUGR R SR, DAE A4 A B e 5 A Ak
BURAR G | AHADAT 55 A T3 B LA 2 G 3R T
Peo ARSCAASTRISA B RS T A ik L EamES
JoR o AT LA WHLE W R B O IS N2

JeXE iR 2 B R AT A A B A5 8, L
PARBUZ MBI R . i T AR A RAL S5
00 AR T A R B Rl S i BRI AT A
AR I R S AL S AR A IR m T
BOMEBAIA B R EA A T =R AT RE,
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Table 5 Summary of advantages and disadvantages of blur removal methods with additional information assistance

Ik i 48 e
RIFHER 152 T 0 B O AR e e 0 T BT U A R

B PRI SRR T AT A A5 B e AT s b gy TEBUR
HoAth 7 151 115 e AR D OE N ] 45 T B A T

COOMINUSCE B TERS RS T s B bk a2 AE T 5 5 AR LA

BRI I, HR g i & R ) A s
- . DL TR 0 )7 sk A P A A OB AR R A T g B 1
misrn PR e onsmEtin 2rmEmE R o 9 A

VL R 2 A DORURZ:

WA MBI T o AT -
g PR TIRNE R L PO iy e SBOL WA BOR B 4T
B 145 $4 BB TR VIO AR RE g (7 5 vk A ROAT L A 4 B R A 1Y B X
K e e BRI T S BRI A i AUISRROBINS T A L, o
e e BAE 5K XESLAE 5 S

5 HEXps FEGEEMETERIE

51 BERHESE

SRR H, AT G b R R A R AR LS
AL ISR AT 55 v A RCR , F 05 B3 5 i B 4
E S FAE T, BT P Sl V11 245 1 2 SRR — 7 I %
XPRMERAR , R, H AT 22 2B )y ik 23 e e — 2t
D5 EAARAE EIEA TSR, Fre BLSe s ik, o —
Jr i WA ST S A EA L R G, A L R A
WIEARLE . —2en] T B 5 A a4 A

1) Kohler 504 % (Kohler 25 ,2012) . BB 18 %
P 3E AR 6 1 PR RE S 3 A AR BIL B B 5 O 2B
B SR AL 4 TR AR IR, B ERAER H T 12
A~ 6D ML S , LA T 48 DRI EIE .

2) Lai B 4E (Lai 25 ,2016) . 7F Kohler 344 5
FR A b, [RIRE (8 FH 4 ST R0 A% F1 6D AHBILEILIE A= B
100 1 EL AR 1451 200 15 2 B BOR RS, 6 25
THZYs, P A K SCRFIIEGE RS A

3)GoPro ¥4 (Nah 45 ,2017) . iz 80 5 2 ]

GoPro A #L Lk 720 x 1280 1% % 1 43 ¥ 2 471 £ (1)
240 Mit/s AT HIAE 0, AE A SE eSO 42 T 12 i T 4%
AT RO G o R A B (7~13) [l 4
AR WA T B IR A A 3 214 X R,
Hod 2 103 %3 F Ik, 1 1 1Tk, T
SE NP ANAEE A EAT NSRS, ARz sy
XA

4)Real Blur B8 4E (Rim 45 ,2020) . 2504 444
2T LTRSSk BECRE R G0, AT A 3k L
AA]GT S5 BRI 0BT L4500, 2 b 232 R TR 5
4 738 X IR B, BT AT G 2 LUAR BIL D 46 4% =X R0
JPEG A& UK, HA8 B P A EHE 48 <ok A T4 4
Real Blur-R fl1Z5 JPEG FE4i 1) Real Blur-J . A7~ Zk4E
3 758 ANEMGRT LAY, IR EE F 980 4~ SR T 4Lk

5)RSBlur £ 4 4 (Rim 45, 2022) . %5444
T EUECYE 1) A B MR | B AL T RO ) L S AR
BT EUSAG BB S, LA KO I 9 B S8 W A4
YIZRAE 50 kA A 4 73 0l 6 7 8 878 .1 120
3 360 TR AR K15 . A1 L T GoPro Al RealBlur, {jj B
(AR PRI BRI L5, A 6 T 0 X3 B Mt 7 P 8
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6) RWBI 574 £ (Zhang %, 2020b) . 4753k A
22NN SR 3 112 MR EL SRR 5, X SE ROk
%R 2 25 B RS 3 25 4145 19, B 4546 24 P30 Pro
— /2 S9 Plus .iPhone XS Fl GoPro Hero5 Black #H#L .
{H RWBI &4 A A A0 7 B 5 B ASOR P %, i 35 A5 A
RIS ESE L

7)MC-Blur $04 5 (Zhang %5 ,2024) . %545 4
S T AR 2 0 10 R ML 22 Tt DR s 4
H1 4 FRASOR 2 Y 20 1 - 24 2 R0 - X34 Sl 1Y 1z 5l
ASORT ™ TE R ASERY R L ST SRR, R o AR
T AR A 1000 2 AN [F] 37 5 44 AR
F, B RS T L 1R T 1) 32 Bl B 4 (real high-FPS
based motion-blurred subset, RHM) | K& ] £ iz )

O (large—kernel UHD motion-blurred subset,
UHDM) . K FLBE HFE BEM 4R (large-scale heavy defo-
cus blurred subset, LSD) Fl . 5 R & 15 #] £E (real
mixed blurry qualitative subset, RMBQ). H:H1,RMBQ
TAEARAE T4 P RS Sh B A8 il R A KO | LSRR
PR, £ 75 10 000 MEADR P15, AEAS 500 B ) 37 b ]
8 R ARAE B2 5577 T 8 PERF S A1 1 AT e i1y
M5

DL TR AR A5k 6 i, HRTTE 2S00
K, AN I AR R 4 32 22 GoPro Fll Real Blur, 43
SFRTEA MBS IR ERYSeRBeR . th T MC-
Blur B4 HUA 23 BE R, I HLECHT , H R E 2 8 4R
RS UE IR D | IR ST S T MR 2R R

x6 HILBHTEGERMBEELSS

Table 6 Summary of image deblurring datasets in real scenes

K g A AR 2 A T BT P 1508 RO 58K 75
Kohler £4/54E (Kohler 45 ,2012) A USR] 4 48 4
Lai £080 4 (Lai %% ,2016) B BUASRA FO EC S A A AL25  FL55 100 £ 1200 EL5E 100 6
GoPro 44k (Nah %5 ,2017) B R 3214 3214 33
Real Blur £ 4 (Rim 45, 2020) LAY 9476 9 476 232
RSBlur #4545 (Rim 45,2022 ) B AR 1 B S AR 13 358 13 358 697
RWBI £ 4 (Zhang 45 ,2020b) LS - 3112 22
MC-Blur $#i4E (Zhang 55 ,2024) B ISR L SR £I%92 300, 52~ A 110 300, E5210000 1000

=R O

5.2 ERIEMER

TRV FE br P T Ak O S0k 1 5 )5 2
R AT B IR B AR . LR RS L
R LB PP HE A7

1) WA {51 [ (peak signal-to-noise ratio, PSNR)
— I AT R bR T A R R T i T
5T bty Pl A5 A0 52 I PRI 5% ) ) e (L e L, A LE T
Z I 2S5 BN

(9)

2
PSNR = 101g(MAX )

MSE
K, MAX F MSE 43 5 7R EMBAR R W e K FnYy
JriR2E BRI PSNR {278 B 47 ) IEUST fE

2) ZERAHBLEE (structural similarity index,SSIM) .
G54 T SERE O USSR A5 B, D i RS RN 25
BB PG ] (R AR AL, THERA

(2u,p; + C)(20, + C,)
(ILL,\Z' +:U“§ + Cl)(a-f + 0’; +C,)

A, w, M, 7350378 G 2 & B EIE, o, Fl o,
MR, o 2, C M C, R T RUETT
R B Y SSIM 73 B S RS it

3) 2% 2 T R e AR (learned perceptual
image patch similarity, LPIPS) o —Fi & T ¥ i 2% 2
AR EHGAR LB R AR | 5 FEASU S B [ 15 5T
i 5 2 A AUl 28 00 245 28 L A P15 ) R AR
W, # EIEE R BAE NS 7% S S5 4
Ay LPIPS {2/ HUAT A itk

4) F 9K EMZ B 5 E Al (naturalness image quality
evaluator, NIQE) o J&— Rl J0 2 % 1R it 074l U5
5, HATESH IR IR, IO 1 W GOk VA
KB BT . NIQE AR T PG PN B A e 1R 1 e

SSIM (x,%) = (10)
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Table 7 Performance evaluation on GoPro dataset

XF T (eI 1] PSNR/dB SSIM
Sun ¢ A (2015) ETBahiEIR 24.64 0.843
Gong FF A(2017) HTZGE R 26.06 0.863
DeepDeblur(Nah % ,2017) EANE R 29.23 0.916
SRN(Tao%,2018) EAN; X B 30.26 0.934
Zhang % A\ (2018a) Z RETEA S5 29.19 0.932
Gao % A (2019) EAN: X B 31.58 0.948
MSSNet(Kim % ,2022) EAN R 1| 33.39 0.964
DMPHN (Zhang %:,2019) Z RGP 31.50 0.948
MT-RNN (Park %7 ,2020) EAN KA ) 3115 0.945
MPRNet(Zamir%§,2021) Z W B 32.66 0.959
HINet(Chen %,2021c¢) Z W B gt 3271 -
MIMO-UNet(Cho%5,2021) E2 N2 T 32.45 0.957
IPT(Chen%,2021hb) Transformer 32.52 -
Restormer(Zamir % ,2022) Transformer 32.92 0.961
Uformer(Wang % ,2022) Transformer 33.06 0.967
Stripformer( Tsai %5 ,2022a) Transformer 33.08 0.962
DeblurGAN-v2(Kupyn 2%,2019) GAN 29.55 0.934
DBGAN(Zhang % ,2020b ) GAN 31.10 0.942
DPMDeblur( Whang % ,2022) Diffusion 33.23 0.963
Li % A (2022a) TR T FAE 33.28 0.964
RCM(Li%,2022¢) 71 G A Bl 30.30 0.899
BANet(Tsai % ,2022h) Event % I 32.54 0.957
EFNet(Sun%,2022) Event fifj B 35.46 0.972
Li%F A (2020a) TR T 30.49 0.938

M IR FIR AR S, - Fon T s .

MO HE 5 S 0T U X B — R 2 B 0
AR bR 2 T AP LAY, M 7E GoPro 44
P FHY4E R 24y Real Blur /1 RSBlur B4l 4 . X &
K47 GoPro J2& & T 07 FL UG Ik P2 ) 2 1) 25040 4 1
i) Iz R BIEE Z — B @B ARE S5 AR

RS U, R B0 38 27 H B b A7 )
P, ABEIIOT ik B 2k o [RIE, nT LUK B, 2021 4F
Z IR Z BT SR 28 5 A B, J5 ok TR B
i Transformer F1 Diffusion SFAE Y | J7 1 B R Bk 22 4
16, BRI . 5 K5 46 bR PSNR T SSIM AH
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%8 RealBlur # 54 FHIMEREITE

Table 8 Performance evaluation on RealBlur dataset

i FARIZER)  PSNR/AB SSIM
SRN(Tao%,2018) ZRIETERLEH 38.65 0.965
MPRNet(Zamir % ,2021) ZMBESH 39.31 0972
MSSNet (Kim %, 2022) Z RE4E 39.76  0.972
Stripformer(Tsai %,2022a) ~ Transformer ~ 39.84 0.974
]()12?111;1;5%172:)21 %) GAN 36.44  0.934
BANet(Tsai %,2022b) Event 4 B 39.55 0971
EFNet(Sun%5,2022) Event fi ) 38.12  0.973

T L R R R 2 51 iR Al 2

&9 RSBlur ##EE _FHEREITA,

Table 9 Performance evaluation on RSBlur dataset

Tk MRS PSNR/dB
SRN(Tao%,2018) Z RUEERSSH 3253
MIMO-UNet(Cho5¢,2021)  ZHiAZHuhizity  32.73
MIMO-UNet+(Cho%%,2021) ZHiAZ4ih4sity  33.37
MPRNet(Zamir % ,2021) LW s 33.61
Restormer(Zamir % ,2022) Transformer 33.69
Uformer( Wang %5 ,2022) Transformer 33.98

T L PR R 5 B R A4

Pl BT 58 BRI Y $5 5 LPIPS BE A% B ANAR B i A

gﬁ- e

Stripformer(TsaiZf, 2022a)

B B

=

Restormer-local(ChuZg, 2022)

RS T {0 T B 14 5K A 1) 2 A 224 A AR il 2
TR T Y T 1 BB Y, SR 10 R X 2E 07 7k
5 LPIPS [ A9 RC(E SN € Y, ml Dl N HR A 5 o A /g
FSIE LN B VAR e Ny REN N R U

=10 GoPro##E5& A LPIPS {4
Table 10 LPIPS evaluation on GoPro dataset

WARES AT 254 LPIPS
DeepDeblur(Nah %5 ,2017) ZRELER 01819
SRN(Tao%,2018) Z NRZRIRS5H 0.1319
Zhang % A\ (2018a) Z NUZPEIRSE M 0.1627
DMPHN (Zhang %5 ,2019) ZEUGHEER 0.1280
MSSNet(Kim %5,2022) ZRELER 0.0873
MIMO-UNet(Cho % ,2021) ZHAZHL 01196
DeblurGAN-v2(Kupyn 45,2019) GAN 0.2528
DPMDeblur( Whang % ,2022) Diffusion 0.078 3
EFNet(Sun%%,2022) Event 4B 0.064 2
Li%¢ A (2020a) WM 01214

T L AR 5 5 e L4 2R

&l 8—&1 10 7R 1 —2L£ 75 5 1E GoPro . Real Blur
K RWBLEHE A b & 545 51, m] DL 42 L AN TR
Tk AL RE , —OmT F TR A TR LR AT L
it FUE RS ST

_

MIMO-UNet(Cho%, 2021) Restormer(ZamirZ:, 2022)

NAFNet(ChenZs, 2022) FFTformer(KongZs, 2023)

K8 GoPro ¥ [-#553 7 vk e PEXT H (Kong 55, 2023)

Fig. 8 Qualitative comparison of some methods on GoPro dataset(Kong et al. ,2023)
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Fig. 9 Qualitative comparison of some methods on RealBlur dataset (Kim et al. ,2022)
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Fig. 10  Qualitative comparison of some methods on RWBI dataset(Tsai et al. ,2022a)
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