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Abstract: Aerial image restoration is an important low-level vision task for improving the quality and reliability of remote
sensing and aerospace imagery. Compared with general natural image restoration, aerial image restoration faces more com-
plex imaging conditions caused by long-distance observation, platform motion, atmospheric interference, illumination
variation, and sensor limitations. These factors often lead to diverse and coupled degradations, which not only reduce
visual quality but also affect downstream tasks such as object detection, semantic segmentation, change detection, scene
understanding, and autonomous perception. Therefore, robust aerial image restoration has become a key problem in both
computer vision and aerospace information processing. In recent years, image restoration has evolved from task-specific

models for individual degradations to unified restoration frameworks and large model-driven paradigms. Existing surveys
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mainly focus on general natural image restoration, specific low-level vision tasks, or individual degradation problems. In
contrast, this survey focuses on aerial image restoration from the perspective of large model empowerment. It emphasizes
the unique imaging characteristics and practical requirements of aerial scenarios, and systematically reviews the technical
evolution from single-degradation restoration to unified modeling, and further to large model-driven intelligent restoration:
In particular, this paper highlights how large-scale pretraining, multimodal representation learning, physical priors, and
agent-based decision mechanisms can contribute to robust aerial image restoration under complex degradation conditions.
Specifically, this paper first reviews representative restoration methods for typical single-degradation tasks and summarizes
their basic modeling ideas, advantages, and limitations. Traditional methods usually rely on handcrafted priors, optimiza-
tion models, and physical assumptions, which provide clear interpretability but are often limited in complex real-world sce-
narios. Deep learning-based methods improve restoration performance by learning nonlinear mappings from degraded
images to clean images, but many of them are still designed for specific degradation types and may lack generalization abil-
ity when facing unknown or mixed degradations in aerial scenes. Then, this paper discusses unified image restoration meth-
ods for complex aerial imaging scenarios. In practical applications, aerial image degradation is rarely caused by a single
factor. Different degradation factors may coexist and interact with each other, resulting in complex coupled degradation and
spatially non-uniform degradation distributions. Unified restoration methods aim to handle multiple degradations within a
single framework. Existing studies mainly explore multi-degradation modeling, prompt-based restoration, and dynamic
routing or expert-based frameworks. These methods improve the adaptability of restoration models by learning shared repre-
sentations, introducing degradation-aware prompts, or dynamically selecting suitable restoration paths. However, they still
face challenges in explicitly modeling degradation mechanisms, distinguishing different degradation patterns, and dealing
with spatially varying degradations. On this basis, this survey focuses on large model-driven aerial image restoration.
Vision foundation models provide transferable visual representations and structural priors through large-scale pretraining,
which can improve restoration robustness under data-limited and cross-scene conditions. Multimodal large models intro-
duce semantic and cross-modal information into the restoration process, enabling models to better understand complex
scenes and provide high-level guidance for structure recovery. The combination of physical models and large models further
provides a promising hybrid paradigm, where physical priors derived from imaging mechanisms constrain the restoration
process, while large models provide strong representation and generation capabilities. Agent-based restoration methods
extend image restoration from a static mapping process to a dynamic decision-making process, in which degradation analy-
sis, strategy planning, model selection, feedback evaluation, and iterative optimization can be integrated into a unified res-
toration pipeline. Furthermore, this paper analyzes the main challenges faced by existing aerial image restoration methods.
First, the modeling of coupled degradations remains insufficient, especially when multiple degradation factors interact in
complex imaging environments. Second, the collaboration between semantic priors and low-level visual features is still lim-
ited, making it difficult to achieve reliable structure recovery under severe degradation. Third, the integration of physical
knowledge and data-driven large models remains underexplored, and balancing physical consistency with generative flex-
ibility is still an open problem. Fourth, most existing methods lack dynamic adaptive mechanisms and cannot adjust resto-
ration strategies according to image content, degradation state, or task requirements. Finally, the high computational cost
of large model-driven methods restricts their deployment on airborne platforms, edge devices, and real-time remote sensing
systems. Overall, aerial image restoration is moving from degradation-specific and pixel-level processing toward unified
modeling, multimodal collaboration, physical prior-guided restoration, and intelligent decision-making. This survey aims
to provide a systematic reference for researchers by clarifying the relationship between traditional restoration methods , uni-
fied restoration frameworks, and large model-driven paradigms. It also discusses future research directions, including
multi-source data construction, unified representation learning, multimodal and physical prior-guided restoration, adaptive
decision-making, and efficient deployment, with the goal of promoting robust, interpretable, and intelligent aerial image
restoration systems.
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Fig. 1 Illustration of various degradation effects in aerial images
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Table 2 Datasets for Aerial/Remote Sensing Image Restoration
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S5 N (2022) NFRIEE#E AR B Hh &, S B TR )
1 ARG s B, 7 5 8 R R i AR P A ZS ]
TER P BB RERS [ IR AR T 25 15 R AR
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PRSEREAN I 36 1B . 25 G RRAR I 5 A1, i A
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[F) , ARG iR 5 S A 2 T 7 B 1) [) ks £ X6 A 485
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XS BB 15 BRAG T, DR AEHY 9 B b PR AR 4
) —ZE S A0E A AR L R A S RO TR 3 5
A% PR
L4 BHSEEER

H1 T R B Bl 2 B R 78 R X e BE 3 55
HhxE DA TR IR s I D5 58 XA R0 B i s R
(CRSERUR RS WS RN EUIE S S IR R USRS
SetkyiR k. & sh A (High Dynamic Range,
HDR) 5 # # H b5 78 T YK 52 3 58 5 1 5 B2 0 A, il
PR RE A% ) I 12 B 6 5 B2 XA 4 35 15 2, A
A& TR o o i 5 45 BT F

R A K AR [R], HDR 5 )y ik F 2 nl 43
2R G T IS R R E RIS
ik LA Z BRG] g G BHR #EAT
TR & LB G . B0, Mertens 55 A
(2007) 4 tH BROGRG J7 1% 38 %) JRy BB L 1 A
J& R BB OGRE HEAT AR, 3% 07 AR ey 2N 2 HDR
FUE RO T SEBAL s G 58 . SR, I 2807 AR
Z it A e B Rt T Bz sh L
A, G [E]HE DA S SRS B X 5%, B 2 DI ARG
.

TERIE 2% > J7 b, B0 (8% HDR H 2 05 ik
i, Eilertsen 5 A (2017) $& tH &5 s 250 Fil & 5 F1
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Network , HDRCNN) , 3 b % 5o B DX 38 5 0 g X 3l i
A0 DS PRSI R RS A UL TR AL A
FA KA Bh A5V Rl ER B 26 0 R 2 B sh B F e
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Sl A M 4% A RRIE 2 5 ) AR S, X
AN]SR AT 5 2% 5, IR 45 4 B I 4 S B
A RMGE—EE, NNTA S EH NS
i g s Al

ML A S e HDR = 4 1 I 3 N 2 2y
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KA 5 6 B AR b 2 HE— 25 R 5 B2 43 A 1) AR e
SEME . BT I3 B ), Tao 25 A (2020) 51 % 1 J& &
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G N T 24 5 T S IR R R S A 3k
PR ; Yan 55 N (2021) £ 5 o AHLEMG 511 HDR 5 4
BR300 o8 G X 55 5 il A L AT R0 b s A 5
HRhES . IEAh, T RAW BB 09 7 e th TR T
BT LURR R B 5 A e e 7 R (AR T R 8 B 0
1 b 220 v B S AE R sh SV Rl E A P R A
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2 EEE—ZENMZEEGERT X

TE S PR 25 g B v, REGR AR AEAE TR
BRG] O RS A S 2 A
BRI FEE DA BEARS L. XK GBI
fif RZ BT 2 2 T B, LA A [RlR Ak 2 [a] S 3
SIS HICHR , TGN T 52 I A B A M i . &
Xof B — IR TR 1 PG A D )y 120 S R o 1R AL
B, e LA I 52 A7 5 b Z B LS M TE DL, 252 5
FESE R L v SR A RUR VE e 50k A2 25 2R A R
AE i TR)

R I 22 1R AR R 1 PR R, WIS A B TN
CBE XS IR R 1) g — R 2 IR Y
A, 48 g — US55 ) 5 (All-in-One Image Res-
toration, AiOIR) o 1%J&T7 k38 i 14 i L — A TR %2
PR A A EAT IR & AR, (A HY BE S TE A [ R 1k
SRR 3 A R A R, DA T 2 T R A
Yy v BB Tk 5 15 1 AE

45— G52 5 ) B T i) 2 ] —AEZE T[]
I 2] 1 AN ] 3R Ak Y MR R 5 22 SR, (SRR
A AR Ay S 3RIK B8 T, )CRB RS AT X 1R Ak
AT R S, FZEX — HbR, AP

ANl FEAR T T 2RO . AR S AL A
), A 2 s M OCOT R B o o =28 B T2
BB 7 ik BT RN T B LR T3
St 5L RBEANIE . BN E E 2(a) R
T 2RSS — 2 R0k, FEE I
T2 AR FRIR A ) SR it Ay 2K, 7E ] — A
Rrpg ARz B v 5 22 5% . B 2(b) %
INHET LR A2 2 I B ] e R AT SRR
IR AR R 0 5 I AR AT 2R R R fE AL R
HRAE A AR AR S I8 B 5 ke . KT 2(c) 3R JE
Tl % i 5 GRAL Y Jr ik JE g e AL AN
]I A 1Y B AR B Bl s (] Xl 3l A5 i 5 1 1Y
LR, DT 4 A AU X A B Ak A s ] 342
RIEBYIE N RE ) . W3 PR, M0 5 — BT
fin s MR IR AR ik .

2.1 ETFZRUBENGE—BEGERAGZE

BT Z R B g — R R 505k B TELE )
— B rhox Z PR A ST A TR A R (A e
AR LE—HESE T AL BN [R) S AL [RGB AL IR, 53X
FITERZ AT 2 AN [R] IR Ak 22 8] A e R ik 5
22 SR AR AR S R R A A S B
RAHY B IS A, AR PR A E B R OR
[, AH G5 i AT 43 o B TR A s 3R 3l Y B =X
AR B T IR A SRR B A R A DA R R TS R
i A =2

ek 2B ATy T, g — 52 I ki
Ol R A 2R R A EAT IS S AR AL A
45—k 25 ) rp 2 o R A Y SRR o il an
Zamir % N (2022) $& H 55 43 PR RS AR | 3l
TEEME ERR] LSR5 FilF TG IR,
il 450 A 4% A 0k 1Y 15 1R A6 &2 IR BE T 5 Chen 58 A
(2022) 42 1} UTE Transformer [RM2 & J5 M 4% (U-

shaped Transformer Network , Uformer) , i 13 £ .
J& G i — A 45 4 5 R B8 F R I AL, 7R S —HE
T @B LRGSR T IR ARIE . X 2807k
i IR SR IR AT 55 G — b B H R T k=
B R AL, TEIR AL 22 S BRIN 45 ) ) IR AR TR
W,

g M iR AR AR [6) 1B A S B Y X 73 e ), R
Tt — 25 ABAEALE] 8 U RLR e fF
Bl &R, fln, L% A (2022) #2 Hi 5 — K
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4iTEs AL as

(@) (b)

((a) BT ZIBMEBRYZEM 5 (b) FETHIRY T WA ; (o) B2 T L B S )
((a)multi-expert feature extraction; (b) Prompt Learning; (¢) expert-based restoration)
K2 e g — A A R A 5T s

Fig. 2 Overview of unified modeling framework for aerial image restoration

®3 HEZ—E2ENNTZERERRRERE

Table 3 Representative methods for single—degradation aerial image restoration

ek R Bl B BRIk ﬁﬁﬁ;g’*m
LA JURE M
AirNet 2002 3 EEE A R 2% 3 SR AR A 05— LW R B ¢%§§§%ﬁ@
R 8t — Transformenr fE 48 F1 KA A 1H) A5 2 Fh % 45 K . SRR il
TransWeather 2022 AL £ EE EFH R
LA JURE M
PromptlR 2023 i jed 2% 59 HLR AR B AL AR A% P ) FMe ST B L S
E LT
. e e W T EOM . E MR M
_ . oo TR v o3 2
DA-CLIP 2024 Sl R TE B RIEE — AN A 5B E B CR -
ettt 2004 P FRHE IR S0 FEU R SRIES ok 315 KU KT KR K% A fe
nee BRI SE Y 24T 45 5 5 8 SR
VoCELR a0ps ETERBEHBURIN R (62 MR R AR 2 K% J 0 S BN A
A TR R i R
FrE R Sy A &% (R AR BE S AR 5 A [RIE AL 28 B o B 45K AR 2 UG ANy, I 2B AR 55 rh s Bt
I R AT SRR NG . b Ah , — B SR I 5 | AGR fB bR PEREE T ; — 2 kit — Al i T ML S R e 4 X

25 BRG] i, KA ] 1R 1 28 A e S 3 R AE 4
[i) , BT FE 58— AL i 52 B 24T 55 Db ) A, a2k
Tk AR R, A R R T R R 22 iR Ak
AIXIrBE ST, T2 T FFAETRVE R

—J7 T, g [ AR A i e 5 2 S,
I3 5E R 28 ZE R BT R K, T 2200 SR
Pl AT A B0, Zamir 55 N (2021) 42
0 Z2 B B ik 2R S 5 2% (Multi-Stage Progres-
sive Image Restoration Network , MPRNet) , il iz 43 it

DL 22 S R AR (] Ao = 3 - R 29 DL 2 ) 38 3R
7N, I SRR G S RS — A, AT FE R AR 3k
RE1 5S8R Z RSP . X RE5H 1k )7 vk
i RS R IR AR RRAE , $2 5 1R A 2R Ak i i
ILRET] o
TEf = 5 R EAMR G s, Z B k) S
IS %, BN RSB A I e 7 5 38 ZhASOR 2 7]
PIFEAE A, A5 R fh e A5 2 B0 T A AN
BEXS X — 45 L, AT AR SE— A HE SR v ik — 205 |
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BB B SE I6 B AR 29T AR i A% B 4 b 22 o
SRR . o, — SRR A 4 A AR AR
R NG LIT G2 B ALE R EA T 200, T2 T
BEARITE S AR5 N A E T 5z fkRe 1 .
2.2 EFRREING—BEGERGE

$27R5 2% 2] (Prompt Learning) /F 4 48 — 245 1Y 5
SRR BEAR , HAZO AT Tl 51 A ] 2 ) BT
FE SCHY SRR AR B 51 RS AT 55 BB 2
AL T SE IS —HESE N W 24T S5 . ERIRE
JEAT 55 v, 45 VR R SR B R A R 8 454, 3
o ) R E R BRI B AT Ay | AL R A8 A I
EZR AL S B AS [FHR AR B i AR P

MR AE B RIBIE ARG, A Tk E 2]
I3 RAGEHER SCA SR A R 2B R =26

TERLE AR Tk b, 7l i DL n] 2 2] [ ] 2
FREIE B BGR A g B 112 Ui A 28, T 5 RHRRE
TEANFZGHATRG o X Ty P8 S FERRIE 23 [|]
FIARACAROCAE B A A RE A% AR 48 A [R] 1R 1k 245 1
325 0 R R, AT S8 B Z AR A i 52—
AL, 4N, Potlapalli %5 A (2023) 48 {1} PromptIR , i
G2 2] IR A SR ) i, JF AR 2 RO R AR
RSl R v G AR I AT R (oA R R 6% TR 48— HE SR
T IR R BRI FAT 55 . MU oR T s B G5
{7 5 S HOT B /NIRRT 5E— 52 I v
Iz R IE R

TESCAHE 7R 7 v B A 28 B B AT 555 Rl i
B bR 2 i SCR R AT 3R R S SRS R
ABHY . SO R AR L, SCA B 7S BRAS 2 1 5 Jim
G RTE AF S, B AR 6% 7F BT 5 2R PR
R Z A E AR o ZEAHRAS R LA T A5 B )
fICT 31X 28 J7 v R P TR] B e A =08 SO
B2 LS SRR 2 ], 5 BRI A TR 5, DT
SEIRTAS [T 55 g AR

TEZ RS PR Tk s 7R 5 SR S 7
PE—2P 8 RIS — B3R R R SN A
B AL SR P R A, X 2807 Il Rl S 2 IR
B BT RO B NR 2 1B AL RFE 38 RS ]
T SUAR A0 B 52 D0, AT A 52 2 37 5t v 4R TR 1Y
T RE T AR

TEML S BRI 37 5erh B 27 > B B
WLV 7o a0, iT LK LA S A (i e 25 AL
TSI ) LR BRSO s (5 B AR, 5] &

HHEAT R RS 55 R, S n ALl ik ol LR T4 ik
AR & O A, AT 1 s B B0 5 5 IR AR Y i
ILBETT o
3 ETHSRASEREENE—ERAE
N ik — 5 B TR A Z2 B A 3 5 b Y 3 ) g

T3, WG B 5L T Sl 25 % th 5 % SRR (Mixture-
of-Experts, MoE ) B4t — EIMG S 5 0% . %3807k
W Z A IRE2Z AL KT M % R4 G i h
P AR 4 AR 3 A B P B 53l 1 B KT
AR B, DA S BERT AN ) 1R A2 A0 e Hedl A8 X |
TGN 5 BT R R A S I T e AR A
FERAUAT R AR, MoE Jr ik ik 51 A5ty ik 5y 1.5
A BEARIEPELE] , AR AY REAS T8 —HELR T S
Xof 52 IR AR I A RO

A T R S S R R S L
%> TAL , 520 A [R] R AL R AR B9 A 38 A B
o, % e ML AR P T AR R i AR 2350 SR, DA
T e 435 32 114 Kb L A 5 2 S Ak 0 R 454 U P )
HAS R AR, 25 & ZEAB S & TE T e S A ik
AE PR , DT 2 TSR 52 237 e i e 1A e

T8 R J5 T, A T 5 5 LA 3% ek
X ARHESEAT 7307, 48 AR R AR, 2R
ARG AT I RSB L R Fedus 55 A (2021)
i BO R BR & Z Transformer (Switch Transformer ) iE
1 BRI 2 55 & A G R R T RS AR
B G R R A AR 6, Ry 5 SRR R R R 5] A
Mok &5 Fy ffit 75 2Rl o 7R LR I, Zamfir 55
A (2024) $2 H MoCE-IR , 3 i3t ¥ 28 HLAT A [l 14 &
Fe i 5 I Z B Y £ TR, IR 1 1R 52 2= 2 1Y
JE6 ph RO, fol S Y RS AR AR A 55 X B 1 3 107 20 C T
SR, T ORAIE S T P B 1 [w] s 98 D TU AR T8

TE4 Z o3 TALG D m, WF s aad st A 2%
A AL BRE T 1)E G B A )& SR RE A H XA
7 B A A 2 BORR IE S8 AL R AT AT, DT S 3 B A 2K
(AL 55 S . Cho %5 A (2022 ) 1o 2 A5 AT 43 B AL
il fEAN ) 23 S REAE AR Al 4w A RRAIE 35 N 9 % DTk,
AT TE 24T 55 52 JEME RE 5 Li 55 N (2023) il i 51 A
AR SRR A R 9 1) SR W R Y RE A TE 22 R 1h 37
SR B AR PR T Gl A B B DA 2 A AN [T
55 Z 1Al T4 R)

HE— 20t S BT A3 )R 4 A1 R AR Y
BERE ST, AT B A SIS B AL ™ 8 R AFE 2 18], 1
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IFi] Xl A fE A2 S B O BN A RO R s &5
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e AR RE b o AN R IR AR 50 e 25 5 Al Ak B
A2, I 35 BT R T B SR IR RE
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b 5 A0 50 FE At A5 7Y (Vision Foundation Models )
5 2R T ORI & e MBS R 7 vk TE M LUT:
55 S rht i TS, 728 45 Ty LA AR Tl
IR HeAil 1 58— RAE S 2, %I kimd 7E
Y i JO bR R B AR A AT IO SR, 4 ) B
R4 # fig ) nal AL 7, T 78 T IEAE 55 Hhid
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W RAERE S 098I, A TR, i 1R A g si ok
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FIRIE F RIS, Forp W58 SE Ak 80 ) 2 13
FHAILDE FRAE 2% ] FN25 M4 Se 90 48 B W0 1 5 A A
Ik B SOR S s R IR RE T 5 2B KRR —
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[T I 5 BT ) 2 BRI 5 M AT 55 )
WS A W RE ST o L RS e [ ) Bl R A Y 5K 3y (K]
1552 I B B BRI, i as BUR S 2R A e |
G| S E R MBS R P s

L B 7R 3 Ao A RIABE 31| 5 AR A5 FH A
FAIE , 2 R A Z S 4 MR A2 AT 55 i) R B 0
filho M40, DINO #5838 1F [ Z 48 AL i 58 IRRAE — 2
PE27 2 IR R A% 7EAS [FIIE A T ARAS S 38 L
Z%7R (Caron 25 ,2021) 5 FE it [ 2 A5 455 250 3 oo F AL 2
FL%a AT P00 B2 XIS, (A A B 5 4 AR TR R 1 4
J& R 6 & (He %5 ,2022) . #H 56 J5 22 WF 9%
(Oquab 5§ ,2023) TEFRFEXT 55 5 B AT 55 R HE 1 )
THIFF 22 O, A4 o FE R B 7 &2 4 7 s rh i R 3
FOMARE o LIS A AR A A 5 R D b A O E
FENTEF TN E AL S, mife T4t EA R4
ZACRE I W ARIERIR |, R e S2 R R Y T T 5
FE BRI HLA S 5

P8 TE AT 5 | A SCARE BB LS REAE
WS 28 18 S ), AT B ABE T80 X6 J 5 P 25 ) P
fE 11, CLIP A7 (Radford 45 ,2021) 38 3 % Mk 2% >
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Table 4 Representative large model-driven methods related to aerial image restoration

Dk Bl Bl e
DiffPIR 2023 K5 R D P A A HBOR R g R R R AT SR — e R
DPS 2023 K BA LB 55 BUS 3o RAESE & b B2 S R4 59 ] i B i
DDNM 2023 FEFLAMEEE T FE A 7] 2 5 S EREA R R = B
Diff-Retinex 2023 ¥ Retinex SMf 547 04 LGS A B SR AR PR JEL 1 B0 e B e
LightenDiffusion 2024 ¥ Retinex FEIE A ZS )5 BBOR | S8 TG B i e o B s
LLMRA 2024 I A KA S BUR A SR AR FIE R0, 31 SRR B e
RestoreAgent 2024 MR JREREIR, B Bl WHR A2 B & R R = gL

4 N N N N\
VU SRl VU S 2 TN b K R
& g < =) =g

Y=
- BARIERIE - EIRF - BMERRMF - EE R
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Fig.3 Classification Diagram of Basic Large Model Paradigms

AR (AR L 4% PR B 0 HERRE 1. X
H T BRI AE MG G S B b g | AT L2, DT
PREFFEEAE A B 5 I — Bk

SRS KBRS 1E 5 BRI b i —20 8
JRZ Z W5 BRl Gl 5 — @R SR DL
b A St B, S B0 T N 4 1T 4 3 S PRAE RE D o 49
1, Segment Anything %% (Kirillov 4%, 2023) i it K
TR VBRI ZR AR AR 8 6 2R |, FE 45 0 A
DR B X, HAh, RS RE o AAS
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Fig. 5 An agent-based framework for aerial image restoration under complex degradations.
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Table5 Performance and complexity comparison of existing aerial image restoration methods

ig B A
ok W e
e e e

TrERE

s
L &S

FERR

] R — Bl EHR E ROk 5 5 8

. T
;%gzﬁ%i%ffiﬁ’lﬁ KRN Bem b

In

TR INGE— BT B o p

e SR EoY A RS R I TE

[ g

BT MBI WEBRE TR 5

RTZRESRERWHBRE 0SBk o b &
ST RER BB T5k Bomoosk R K

AR5 AT Xk, (ELAE L Ab PR 22 R AR 5 AR AR AL 7557
A ab PR R IR AL (ERT IR AU HLERRN 2 [A]E 2 S P ) 2 AT AN fE

WA R IR RE ST, BB ZEAF T R IR MRS T BEAN 58
NN

HA A VLA VPR RE ., (RS ph AR PEAN e K T AT Al
Hae B 5E RAERE 07, (EL B 30 1 A 25 3 st i B AT A7 AE
PRk

TE SCHR A RE T 58, ELRS RS X 5% T B8 T B A S A 22 1) AT
AT Bl A MU SRR , (R B AT SR 2 A0 R B AL R AN AR
ATy e ek

TETH A 22 1B AR MR e B AR ALY 37 50T
A AE LA BAN [ 38 1 =2 1] 1y 2 A e 20, DA T BR
il 72 IV RE A BE— 2D R T

SRS TR R RS 7 i i 51 A7 571
PR SOBARAL , fE—E R S B T A
FEM B AR (A S AT S AL TR B, —T5
T, BRAT Tk 20 MR T S 5 VR 2 oA BIR SR g
23 [6], R = X R AR AL B F ERREES 7 —Tr
AT, 52 A5 BIL ) 308 A ] {50 i Dl 8 g g £ 4
il ek K, HAR @ M Sz AR RE AT A e de Tt . Ah, 2
AR PSR R AR TR BT T A BRI T
TESE PR N

PR, dnfar b e B A R DR SRS S B BE T B —
PR S T HE S, (55 7Y BE A AR 40 g A PRLBUIRZS B
o7 4] 8 2 IR, A DR UE A3 14 (] el 52 B ey o
S, ATy 24 R R 3K gl P 5 R TR 5 0 B
T T

5 KREEE

W L R Al A TR | 22 A 2 RS R RE 1A 14
K J , s RIS A2 D A T i) B — 1B K AT 55 Ab
MW, B AR 0] LAGE—RAE 7 2] s RS T3 ] A
SHBPEACRFFIEE RER RIA R . SRR,

AP i “ER R E R BT I R 2
AT S LIRS — L AR SR A
Gy R M SR 2R VI IO 25 07 TR 1 BB R

TE [ A, U 2 PR SR T MBS Hl 77k R ]
SRS R o AR R T AR G 2 PR
T 2 R B R AR 2 gl 25 7 5 1) v o o el
5, R THELRNZ A RE ) A ZORAL o Z141 (SAR
LiDAR 15 it 1 45 22 I8 s RE A8 S (1L B R A 254 |
SR ST A A S A B T iR T A R R AL AR
T ERREE. FIR, A5 E AN G ASRERSE
55 W AR TEALA , ml o — 20 i ol = P R dle 3
YRR SRR 3 FICAS 1 £

TETTHEJZ AT, Q] R AR AR I G — 3R Ak i
SR 22 Bl DI T A | B A 7 A R — BRI AL
R ENET I . SRR B~ T
B W A T S AT AR R TR A A R
S DR B T T AR 5 RS A IR R 5 g
ISR B 45 5, DU o 52 B A 3 i ) A A A
LB AT RE . BLAL, B REMAHLE BEAS 5| A SRS KL
IR AL RE J) BT it — 20 P T AR T AT
i R RS8R

TE N Z L 02 P8R T S B 5 1 4l
AR 55 W BRI o s o 52 JROAS A 55 T P o Jo

Th, BRI H ARG I AR PR | 37 5 B R
© h[E KR KL AR



18

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

ROPHT AL S5 o DI, A 55 — BRI R &
TR 16 SO PR B ) BB 45 AR A5 95, A 3 T 5t
SEAHLZAT- £ A A AT 8 SR, K A HE B Ao 2=
PG e 1ol S P 0 JH ) DG B

ST i 2s RS IR A ) G — A\ 2245
SRS WSR2 AN REVR SR DR Y T 1) A
AR FEAAN T ZEHR T A I i, i SO Ay S Sife i
EREST B —BOME AT 55 18 B PR AT nl A7 P &R
GeAb A IRAE LR, DA I 3 B 2 G SR e A2 R LS
st BN o

2 30k (References)

Aharon M, Elad M and Bruckstein A. 2006. K-SVD: An algorithm for
designing overcomplete dictionaries for sparse representation. IEEE
Transactions on Signal Processing, 54 (11) : 4311-4322 [DOI: 10.
1109/TSP.2006.881199 ]

Caron M, Touvron H, Misra I, Jégou H and Bojanowski P. 2021. Emerg-
ing properties in self-supervised vision transformers//Proceedings of
the IEEE/CVF International Conference on Computer Vision. Mon-
treal: IEEE: 9650-9660 [ DOI:10.1109/1CCV48922.2021.00951

Chen L, Chu X, Zhang X and Sun J. 2022. Simple baselines for image
restoration//Proceedings of the European Conference on Computer
Vision. Tel Aviv: Springer: 17-33 [DOI: 10.1007/978-3-031-
19803-8_2]

Chen L, Chu X, Zhang X and Sun J.2022. Uformer: A general U-
shaped transformer for image restoration//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition. New
Orleans: IEEE: 17683-17693

Chen X, Zhang K, Li Y, Wang R, Gu S and Timofte R. 2024. Restore-
Agent: Towards dynamic decision-making for image restoration
[EB/OL].[2026-05-08 ].
https://arxiv.org/abs/2407.18035

ChenZ, Zhang Y, GuJ, Kong L, Yang X and Yu F. 2023. Vision trans-
former adapter for dense predictions//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Vancou-
ver: IEEE

Chierchia G, Cozzolino D, Verdoliva L. and Poggi G. 2017. SAR image
despeckling through convolutional neural networks. IEEE Geosci-
ence and Remote Sensing Letters, 14 (10) : 1785-1789 [DOI: 10.
1109/LGRS.2017.2730223 ]

Cho S, Ji S, HongJ, Lee S, Kim S and Lee K. 2022. Rethinking multi-
task learning for image restoration//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. New
Orleans: IEEE: 6395-6404 [DOI: 10.1109/CVPR52688.2022.
00629]

Chung H, Kim J, Mccann M T, Klasky M L and Ye J C. 2023. Diffusion

posterior sampling for general noisy inverse problems//Proceedings
of the International Conference on Learning Representations

Dabov K, Foi A, Katkovnik V'and Egiazarian K. 2007. Image denoising
by sparse 3-D transform-domain collaborative filtering. IEEE Trans-
actions on Image Processing, 16 (8) : 2080-2095 [DOI: 10.1109/
TIP.2007.901238 ]

Eilertsen G, Kronander J, Denes G, Mantiuk R K and Unger J. 2017.
HDR image reconstruction from a single exposure using deep
CNNs. ACM Transactions on Graphics,36(6): 178 [DOI: 10.1145/
3130800.3130816 |

Fedus W, Zoph B and Shazeer N. 2021. Switch transformers: Scaling to
trillion parameter models with simple and efficient sparsity. Journal
of Machine Learning Research,23(120): 1-39

Fergus R, Singh B, Hertzmann A, Roweis S T and Freeman W T. 2006.
Removing camera shake from a single photograph//Proceedings of
the ACM SIGGRAPH Conference. Boston: ACM: 787-794

Goodfellow I, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D and
Bengio Y. 2014. Generative adversarial nets//Proceedings of the
Advances in Neural Information Processing Systems. Montreal:
MIT Press: 2672-2680

Guo C, Li C, Guo J, Loy C C, Hou J and Kwong S. 2020. Zero-
reference deep curve estimation for low-light image enhancement//
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Seattle: IEEE: 1780-1789

He K, Chen X, Xie S, Li Y, Dollar P and Girshick R. 2022. Masked
autoencoders are scalable vision learners//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition. New
Orleans: IEEE: 16000-16009 [DOI: 10.1109/CVPR52688.2022.
01553]

Ho J, Jain A and Abbeel P. 2020. Denoising diffusion probabilistic mod-
els//Proceedings of the Advances in Neural Information Processing
Systems. Vancouver: MIT Press: 6840-6851

Hu E J, Shen Y, Wallis P, Allen-Zhu Z, Li Y, Wang L, et al. 2022.
LoRA: Low-rank adaptation of large language models//Proceedings
of the International Conference on Learning Representations

Hu Y, He L, Xu Z and Wang J. 2021. Exposure: A white-box photo
post-processing framework. ACM Transactions on Graphics, 40
(4): 1-14 [DOI:10.1145/3450626.3459871 ]

Jia M, Tang L, Chen B C, Cardie C, Belongie S and Lim S N. 2022.
Visual prompt tuning//Proceedings of the European Conference on
Computer Vision. Tel Aviv: Springer: 709-727 [ DOI:10.1007/978-
3-031-19809-0_41]

Jiang H, Luo A, Liu X H, Han S C and Liu S C. 2024. LightenDiffu-
sion: Unsupervised low-light image enhancement with latent-
Retinex diffusion models//Proceedings of the European Conference
on Computer Vision. Milan: Springer

Jin X Y, Shi Y, Xia B and Yang W M. 2024. LLMRA: Multi-modal
large language model based restoration assistant [ EB/OL]. [2026-
05-08].

© h[E KR KL AR



MEAEE, BRI, K&, BB
AEBRETHMEERERRAARHER

https://arxiv.org/abs/2401.11401

Kalantari N K and Ramamoorthi R. 2017. Deep high dynamic range
imaging of dynamic scenes. ACM Transactions on Graphics, 36
(4): 144 [DOI:10.1145/3072959.3073609 |

Kawar B, Elad M, Ermon S and Song J. 2022. Denoising diffusion resto-
ration models//Proceedings of the Advances in Neural Information
Processing Systems. New Orleans: Curran Associates, Inc.: 23593-
23606

Kirillov A, Mintun E, Ravi N, Mao H, Rolland C, Gustafson L, et al.
2023. Segment anything//Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision. Paris: IEEE: 4015-4026
[DOI:10.1109/1CCV51070.2023.00371 |

Kupyn O, Budzan V, Mykhailych M, Mishkin D and Matas J. 2018.
DeblurGAN: Blind motion deblurring using conditional adversarial
networks//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Salt Lake City: IEEE: 8183-8192

LaiJ Y, Chen SX, Lin Y L, Ye T, Liu Y, Fei S, et al. 2025. Snow-
Master: Comprehensive real-world image desnowing via MLLM
with multi-model feedback optimization//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Nashville: IEEE: 4301-4310

Levin A, Fergus R, Durand F and Freeman W T. 2007. Image and
depth from a conventional camera with a coded aperture//Proceed-
ings of the ACM SIGGRAPH Conference. San Diego: ACM: 70

LiBC, Li X, Lu Y T and Chen Z B. 2025. Hybrid agents for image res-
toration[ EB/OL ].[2026-05-08 ].
https://arxiv.org/abs/2503.10120

Li R, Li X, Zhang K, Van Gool L and Timofte R. 2022. All-in-one
image restoration for unknown corruption//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition. New
Orleans: IEEE: 17452-17462

Li R, Zhang K, Van Gool L, Timofte R, Gu S and Liu J. 2023. All-in-
one image restoration via degradation-aware modeling//Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Vancouver: IEEE: 17452-17462 [DOI: 10.1109/
CVPR52729.2023.01673 |

Liang J, Cao J, Sun G, Zhang K, Van Gool L and Timofte R. 2021.
SwinlR: Image restoration using swin transformer//Proceedings of
the IEEE/CVF International Conference on Computer Vision Work-
shops. Montreal: IEEE: 1833-1844 [DOI: 10.1109/ICCVW54120.
2021.00210]

Liang J, Cao J, Sun G, Zhang K, Van Gool L and Timofte R. 2022.
Low-light image enhancement with attention-guided network. IEEE
Transactions on Image Processing, 31: 4430-4443 [DOI:10.1109/
TIP.2022.3185934]

Liu H, Li C, Wu Q and Lee Y J. 2023. Visual instruction tuning//Pro-
ceedings of the Advances in Neural Information Processing Sys-
tems. New Orleans: Curran Associates, Inc.

Luo W, Zhang K, Liang J, Gu S, Zhang L and Timofte R. 2025. Visual-

instructed degradation diffusion for all-in-one image restoration//
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Nashville: IEEE: 11532-11542

Mertens T, Kautz J and Van Reeth F. 2007. Exposure fusion//Proceed-
ings of the Pacific Conference on Computer Graphics and Applica-
tions. Maui: IEEE: 382-390

Oquab M, Darcet T, Moutakanni T, Vo H V, Szafraniec M, Khalidov
V, et al. 2023. DINOv2: Learning robust visual features without
supervision//Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. Vancouver: IEEE: 16175-
16185 [DOI:10.1109/CVPR52729.2023.01554 ]

Pan J, Sun D, Pfister H and Yang M H. 2016. Blind image deblurring
using dark channel prior//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas: IEEE: 1628-
1636

Potlapalli V, Zamir S W, Khan S and Khan F S. 2023. PromptIR:
Prompting for all-in-one blind image restoration//Proceedings of the
Advances in Neural Information Processing Systems. New Orleans:
Curran Associates, Inc.: 13999-14013

Radford A, Kim J W, Hallacy C, Ramesh A, Goh G, Agarwal S, et al.
2021. Learning transferable visual models from natural language
supervision//Proceedings of the International Conference on
Machine Learning. PMLR : 8748-8763

Rudin L I, Osher S and Fatemi E. 1992. Nonlinear total variation based
noise removal algorithms. Physica D: Nonlinear Phenomena, 60(1-
4): 259-268 [ DO1:10.1016/0167-2789(92)90242-F |

Saharia C, Chan W, Saxena S, Li L, Whang J, Denton E, et al. 2022.
Image super-resolution via iterative refinement. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 45(4) : 4713-4726
[DOI:10.1109/TPAMI.2022.3204461 |

Su S, Delbracio M and Sapiro G. 2017. Deep video deblurring for hand-
held cameras//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu: IEEE: 237-246

Tao L, Zhu C, Xiang G, Li Y, Jia H and Xie X. 2020. HDR reconstruc-
tion for remote sensing images based on deep learning. Remote
Sensing, 12(21): 3527 [DOI:10.3390/rs12213527 |

Tao X, Gao H, Shen X, Wang J and Jia J. 2018. Scale-recurrent net-
work for deep image deblurring//Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition. Salt Lake City:
IEEE: 8174-8182

Tsai ¥ J, Peng Y T, Lin Y Y, Tsai C C and Lin C W. 2022. Strip-
former: Strip transformer for fast image deblurring//Proceedings of
the European Conference on Computer Vision. Tel Aviv: Springer:
146-162

Wang R, Zhang Q, Fu C W, Shen X, Zheng W S and Jia J. 2022.
Underexposed photo enhancement using deep illumination estima-
tion//Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. New Orleans: IEEE: 6849-6858

Wang Y, Yu J and Zhang J. 2023. Zero-shot image restoration using

19

© & R L AR



20

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

denoising diffusion null-space model//Proceedings of the Interna-
tional Conference on Learning Representations

Wang Y J, Yan Q S, Zhou J T, Dai' D W and Dong W. 2026. PaAgent:
Portrait-aware image restoration agent via subjective-objective rein-
forcement lcarning[EB/OL] [2026-05-08].
https://arxiv.org/abs/2603.17055

Wei C, Wang W, Yang W and Liu J. 2018. Deep retinex decomposition
for low-light enhancement//Proceedings of the British Machine
Vision Conference. Newcastle: BMVA

Wei H, Wang Y, Han C, Jin Z, Li X, Du S N, et al. 2025. Perceive,
understand and restore: Real-world image super-resolution with
autoregressive multimodal = generative models//Proceedings of the
IEEE/CVF International Conference on Computer Vision. Hono-
lulu: IEEE: 18641-18651

Wu W, Weng J, Zhang P, Wang X and Yang J. 2021. KinD++: Improv-
ing low-light image enhancement with more reliable illumination
decomposition. IEEE Transactions on Image Processing, 30: 355-
368 [ DOI:10.1109/TIP.2020.3036471 ]

Yan Y, Ren W, Wang Y, Wang H and Yang X. 2021. UAV image
HDR reconstruction with ghost artifact removal. IEEE Transactions
on Geoscience and Remote Sensing, 59(9) : 7597-7609 [ DOI: 10.
1109/TGRS.2020.3035678 ]

Yi X P, Xu H, Zhang H, Tang L. F and Ma J Y. 2023. Diff-Retinex:
Rethinking low-light image enhancement with a generative diffusion
model//Proceedings of the IEEE/CVF International Conference on
Computer Vision. Paris: IEEE

Yu K, Dong C, Lin L and Loy C C. 2018. Crafting a toolchain for image
restoration by deep reinforcement learning//Proceedings of the
TIEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Salt Lake City: IEEE: 2443-2452 [DOI: 10.1109/CVPR.
2018.00260]

Zamir S W, Arora A, Khan S, Hayat M, Khan I S and Yang M H.
2022. Restormer: Efficient transformer for high-resolution image
restoration//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. New Orleans: IEEE: 5728-5739
[DOI:10.1109/CVPR52688.2022.00564 |

Zamir S W, Khan A, Khan S, Khan F S and Yang M H. 2021. Multi-
stage progressive image restoration//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Nash-
ville: IEEE: 14821-14831

Zhang K, Zuo WM, Chen Y J, Meng D Y and Zhang L. 2017. Beyond a
Gaussian denoiser: Residual learning of deep CNN for image
denoising. IEEE Transactions on Image Processing, 26 (7) : 3142-
3155 [DOI:10.1109/TIP.2017.2662206 |

Zhang K, Zuo W M and Zhang L. 2018. FFDNet: Toward a fast and flex-
ible solution for CNN-based image denoising. IEEE Transactions on
Image Processing, 27 (9) : 4608-4622 [DOI: 10.1109/TIP. 2018,
2839891 ]

Zhang Y, Jia G L, Hu HT, Zhao S X, Zhao K K, Sun L, et al. 2026.
TIR-Agent: Training an explorative and efficient agent for image
restoration[ EB/OL].[2026-05-08 ].
https://arxiv.org/abs/2603.27742

Zhang Y, Tian Y, Kong Y, Zhong B and Fu Y. 2019. Residual dense
network for image restoration. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 43 (7) : 2480-2495 [DOI: 10.1109/
TPAMI.2020.2968521 ]

Zhang Y, Zhang ] and Guo X. 2019. Kindling the darkness: A practical
low-light image enhancer//Proceedings of the ACM International
Conference on Multimedia. Nice: ACM: 1632-1640

Zhu Y Z, Zhang K, Liang J Y, Cao J Z, Wen B, Timofte R, et al.
2023. Denoising diffusion models for plug-and-play image restora-
tion//Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition Workshops. Vancouver: IEEE

EE "I

SR EAGEIER  BHOR, AT A LS g
E R EE R4 . E-mail : nwpuzhanglei@nwpu.
edu.cn

B, B 2R, FEOSOT TR 8 B R AL B
Hlgs2g>) ATE B, E-mail: weiweinwpu@nwpu.edu.cn

© h[E KR KL AR



