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Abstract: Aerial-space image matching is one of the significant research directions of unmanned aerial vehicles. This paper sys-
tematically constructs a framework for matching heterogeneous aerial-space images and provides an in-depth analysis of its key com-
ponents. Based on literature review, this paper categorizes the key technologies of the heterogeneous image matching framework
into three major types: image quality assessment technology, image preprocessing technology, and image matching technology. It
summarizes the latest advancements in each of these technologies, with a particular focus on analyzing the technical differences in
their application to the UAV field. Based on this, cross-comparison experiments are conducted using datasets to analyze the specific
effects of each method. Finally, the paper summarizes the challenges faced in matching heterogeneous aerial and space images and
provides an outlook on future research directions and development trends.
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Fig. 1 The framework of space-sky heterogeneous image matching

2 BREETFH

TETNHL AT R, BEIREE . 555 .
PG A A 25 2030 Al BE = SRR S B =k, dEiE
IAASE R BT A, W 2 B T RS
AR 2 K S IR VRS A R, N RS
SR FH P8 S5 D1 B30 125 08 JE A WL Bk B A7 3
gy, LA AE BB 2 IR

(b) (FEBURER

(b) Information loss images

(a)  Tff BHKERG
(a) No information loss image
A2 BAfmEks
Fig.2 Image quality comparison
PG 5L I 0] LA 23 42 5 2% MG B & T
Chig APISKIE, a0 LR MR IR i AR

FERSHBTHTEY), BB EUR BRI (A —3K
K, 2560 — kBN 5 B TR, TS %
RUS P CGRA—SKIE B T) =R =X,

AR5 A0 R BRI o7 2 % 5 A
R T2k HE 2 2% UG s wF 0 = ik &
B AW AR G MG T D I T IR B 2
) MG BT R PP o A% 4 PG 0T s A DA BSOS 1
WA, B ECeRE RS S R A R T T
g3, T HETF R B 2 20 1 G 0T 2 A ) FH R 2
>) 28 AT A T i P43 o
2.1 fEEBEBREITEN

48 EG T s 1T Bk © AR 2 A ST
ERR, BB TN RN, AT TR
. ok EENBERMARE . Gtk i
X EGIEAT R VA o B A B Rk RS 5
SRR PR 9 1k R X R T ERAEAS [ 4y
fif 7 AR . Moorthy 25 AUFE 2010 4542 Hy T —Fil
B RGO R T A TP, 2011 4F, i
IR T — R T [ R se e 1 i RS T i 37



2025 43 A =

E 5 +3-

VLD, SaadPAE AN MR A B R, BRI K&
B DCT( BUAT L AR RRAE , $EH T —Fh Ak ) 3
FHR A TE S % G R R ik . eAh, Mit-
tal2E A B H T — > 55 2 fa) SRR AF 119 3 7 NIQE
(AR EUS BT IT ). AT G R L2l B
SR EIGIA — b5 B AR E ] T TE 258 30 0 A1 A9 R
JIT LA 3o 48 1145 [ s mp A 5 B AR A AT A3 K
EENEEdE ) rge e i

Guit or A B TR A ki As B T
ZRIH . Fln, BRISQUE(JEZ: % KM% 23 ] it & 1T
1 BAT)IE 4 A A e [ o LA R, iR
HTFX T AMLE R R S s . BRISQUEE
%Lﬂwﬁﬂﬁﬁ%ﬁﬂ AAEZS [ B [ 4R
gt 55, 5% MSCNF 3 ScHfe it 15 )
EUGILG 2 SO T o A AR BURRIE ) o, 355 )
JH 34 1) s ML ] 0H SR AR A A SR
BRISQE [ i 3 512 A A N 5 B4 T S B I
22 ETREZEIBEGREFMN

AR, T IR 2% ) MG o v AR B
TR, Hrp, SRR E &K

28404 GIQA Gl RS T PP . T 1 3 17
P 2 F) 11 45 B 15 AT TRIQUIR [|] 275 (K% 5t

TEPPAG 5 125) I DIQA (B EME B 5 Al 145

DIQA = B 1 A il 5 WL 22 P A i Il FR &
W5k, AR T IO ALY SR B s S UL/ |
AHN T S Y Tl

ST P 3 R P 4 A TR R A T LA
gﬁgfﬁﬁﬁﬁkmm%@%ﬁi,tﬁﬁm
TR TCAMIEG TR, %MK E S5 AR
RS BRI ERL, ARUR T C AR AR
S ENE UL, [RIRE, B R A SRR AR A A 4
JRITE SURAIE, ZR5 AR EEAN T SRARME B, S
PSRBT A 000 . 32 R 25 S5 A8 A0 ] 3 s

esnet

i

5
a
g g
€
3
|
GAP
Tocal
Awa

B3 AT aEpmEseBRREERER
Fig. 3  Blind evaluation algorithm of image quality based

on adaptive hyper network

Transformer 1 1] F F K& i & 1744 . TRIQ
P& T — 0t Transformer 7 H T FIE 5 & PEAG 19
JB%, fi ke T Transformer A 7] L& A [A) R K]
1R IR, R B R s B DA MERf PR . TRIQZEHY
WK 4R FETCAPLERR I, AR et T ik
EREAEIEOL, WTUAR A g s e, ke
TR

Quality | s Head Transformer Encoder
distribution
flatten position embedding

| Max-pooling <« feature projection

|image —{ €2 }—] = c4 || ¢c5 |
C3

M4 TRIQZ A
Fig. 4 The network structure of TRIQ

K H hyper-IQA(E =5 1 fig & 15 i & 3F fih),
DIQA, BRISQE Jii i P41 5 vk X 1] 2 #4171 DF
i, S5RMFE 1R,

A1 REFMER
Table 1 Results of quality evaluation

FK2(a)sr  El20a)mf  E2(0)5 Kl 2(b)f

L AR

# li1] # li1]

hyper-IQA 56.42 0.99 42.58 0.86
DIQA 0.78 0.004 0.73 0.005
BRISQE 32.98 0.012 21.93 0.007

FEARSE H, MR 1A LA, £ BRISQE
BIRVEM G, AF B E R Z R 22 5
3%, [A]Af BRISQE SZ iP5, AN 5200 5 22 5 4F
SCHF M, PR GE T AL AR AR B
B M. R, SRR, FEEUT
Ji1) 251 -

®%?FF%UE% I LR A B

Al RE 2 B T U ZRAE IS5 52 B FH 3 5o
%?ﬁ%ﬁ h TR R AR, FE SR R
FHEE 3 F IR 2% > RGP 10 2% 1 1
RN st 704k, DR s e nf i

QG T 2 DV 5307 B B LA 2 o 76 SE P
N, R A BRI 0 AR E,
T AMUFASE A EMG 5 2 R e, Qo s | i
WA EPXEARFEMLIE , 5T K R S AR
HARBE, W% B ANLE TR 2 3]



4 - NRRSE, TRFIREGLRXBRANR

5 46 B4 2 W)

S U R WONIE LY in e Wl i) =A T
3 BEEgmaE

BT JC A ML AHALTE FA 4800 72 b Al g A
BB s S TR s A 2R, SEE
G EARFREASTE 0BT, DR o 5 B o (R 3 5 55
AR TC AL BIRE T mAb B, DL T BB 2
PHLA MO M RN RRAE () 0 2 1 . RGO R R B
I3 WA B MG wi R 5 JE TR B A 2] 1 [R5 3
SRR
3.1 fESGEGIEEEAR

1 4t G 3 5 B R 8 D\ S LB AR B o R
R B8 ARG T ik 6 R AT Ab B 843
WL T B A AT, SRAE T (HE) |
M &N B R4 (AHE)  FFR 6% H RS [ 38 7
By E¥ 5 (CLAHE) "4 3SR i 5y &
B4 R AT 5 B A A A J BB TR et 5 B
Aok I B[R] AL, 3 e 6 B R R o] 00 i) 77 M 7S )
ok o AL, AR R IR S8 . 23 ] g
W5 TR N R RS
32 ETREZFIMNEGIEGERA

S AL e UG 0 5 H AR s AT I (Rl e, (HAL
PRI — | SEIRAOR 2 W S RO, B, %R
TR B A S BIAR B R R R & T e A .

s wmm

DNCNNUR B A5 R 25 X 4% S ety vkl o g 2
T KRR AR, BN1E VGG (Visual
Geometry Group) M4 [ 3Eat I, 2565k | &
BUZ. BNZ@tEIH—1t)Z). ReLUJZ(BIELM: 5
JC)2)E, RENs W E PR TC AMLEMR P RS SR
1M, DNCNN M H M T ik MBS 558 2%, 18
12 SR A PR &0 XE DL R S LR oK o &
XFUETEOL, T3 —Lep NI P25 i, 4R — 2t
B AL, ORUE— o £ R AR 1Y [R) B g

Dis F IR FE -
3.2.1 DNCNN Z i &7 %

DNCNN R 5% 2522 21 G m L1 DA 75 U080
H5 H Je e 5 (8144, FEDNet(Hesk 72 17 i1 22 M2 ) 2%
7£ DNCNN Jtfily [ —20 R |, NN REAE 5T 4f- 1
s MRS AR, AR RS TEE,
REAZ AL FE TG I M 7K P, I, FFDNet#EJC A
HUATHRE MG A S B 25 M i FH rp SR S BEAR . FFD-
Net Z5HUNE S iR, 1EAh, SRMDEET EUREE i
KISt o3 B s 5 15 R H 75 DNCNN
AL AR LR E S AR, AN [] 0 76 T TC AL
EUR D BRI T , 25 R A B 5y
R 0 25 RE RS AL A 2 A AEOR A% IR 75 A Ry
B, RO TR P A BUGR  BOIR AN S 7T
2[RI F 4 ERDE R m) 8, SRMID 2544 el 6 i .

+ 5
— ngrl](\éLU — ConV =R RIS

K5 FFDNET M %45 #

The network structure of FFDNet

TRHEFER ConV+ ConV+
I K ER ReLU Bn+ReLU
Fig. 5
1Ry R 1% ConV+ |, ...,
+R1EE Bn+ReLU

ConV+
Bn+ReLU

e e

B 6 SRMD W4 254

Fig. 6

BEHKENL

R T R e AL B 0 H rh R 8RR A
K, R A 2 IR X 2% 2 B A SE S . PMIRID
(S A% sh A I b R 25 B R) g ast 5x5 N A%
BN A2 SR> MRS, IF H2R H stride-2 45
FUR SRAERFIE WS, AR S A RIS B B A 1
SEEGHZE, MTEPRIE 5 MR RCR 09 [a] B R A
TR,

FH—RFET L2 IMDNY (B ifE B 278

3.2.2

The network structure of SRMD

ML), rTUUHFRAMEFRN H, HZod
P RAE B £ 7518 (IMDB). IMDB U {5 7& 18 b
eSS . IMDN 4544 4018 7 fiF 7%, IMDB
RN 8 TR . RGP R FEE, Al
A AR i i 20 AR A1 7 R P O R R AT
RG, JFE bR L R IR R 3 3 G AL i 2 R
TEMEF T 1EA

AR UAV Visloc(Jo AW 52 A7) 8 4
X E AT . 2B EE th 2 R



2025 43 H

E N OE R +5-

!
conv-3 }LIMDB |-|‘| IMDB |'|‘| IMDB |[| IMDB I-Il conv-1 H conv-3 |

Msx]

B 7 IMDN M % 254
Fig. 7 The network structure of IMDN

-—’l conv-3 H Channel Spilt H conv-3 H Channel Spilt H conv-3 H Channel Spilt H conv-3 I
' ! |

1

Contact |

!

b4

FH8 IMDB K% #
Fig. 8 The network structure of IMDB

W, BEAS TR AR AL T IC AL AR L KRS
JO7 4 XA TR AR . JE AL R W i 1A
W ARY . WL PR R Z R R
TIEEZBRUGLPERERE), mRXTILANL
T R AL i M 1 /DN, A e A 52 B T A 2
OB AR TR BERR, — AR s JC AL T84 [

TEFAGME R T RN E, FEEEF XA
DIR A SN e =< 2RISR 1 ) ZU P A s W
g MG E R, T LR R, ARSONEdESE
TR TR . BT SRR, DME T Zeab 3 .
TANEIE R NE 9 (a) fin, DR TFEIGER
w9 (b) Fim:

5
FFFFFF

(a) FAMEE R

(a) Drone data display

(b)  TEFERER

(b) Satellite data display

A9 RAMS T ZHIER
Fig.9 Drone and satellite data display

O 6 AL BT I A R, SR R
H JC LR e A, B R 22 i ik 2
TrE X T NHUGE S R E AT AL BE 5 e o ]
BRICHC TR M UC LA R . T AHLE 5 R 281
[F] P Ak P 7 v Ak RS 45 RN IE 10 s o R Ak

FRBIHCR BT IMDN(RPEHH S 53 & M 4%). DNCNN
(ZMEEFRIZE M 2) . DPSR(EUIG {5 2 45 # E i)
FFDNet(Puk 44 FH LM 2) . MSRResNet(Z£ U
FRZ= M 45)!" . RRDB(5k 2= 8k IH % 4R H) . SRMD(#E
Gy PR 2R AB RN EJr i,  RHR DL B H R B



“6- NRRSE, TRFIREGLRXBRANR

5 46 B4 2 W)

(a)  JEIAHLEE

(a) Original drone image

(c) DPSRALFHS A%
(¢) Image after DPSR processing

(e) SRMD/ZbFIF AR
(e) Image after SRMD processing

(g) IMDN/AbHLS A
(g) Image after IMDN processing

(b) MR )5 R

(b) Original drone image

(d) RRDB ARG IS
(d) Image after RRDB processing

(f)  MSRResNet4h 7 £
(f) Image after MSRResNet processing

(h) DNCNN/Zb# 5 E{%
(h) Image after DNCNN processing

H10 TAMEEAGZ TR LR 7 kARG 4R
Fig.10 The UAV noise image is processed by different preprocessing methods

SuperPoint”+SuperGlue®" /5 1 (1 24 s+ e 50
TEA [R] i Ab #1750 F 19 SuperPoint+SuperGlue 1 VT
BCAE RN 2 7R .

%2 RREFAL 5 % F SuperPoint+SuperGlue #9 IE fie. 45 R
Table 2 The matching results of SuperPoint+SuperGlue under

the different preprocessing method

Tk 1008 R B2ELINIE R Bk S EE
SuperPoint+SuperGlue 25.5%
IMDN-+SuperPoint+SuperGlue 32.4%
DNCNN-+SuperPoint+SuperGlue 25.9%
DPSR+SuperPoint+SuperGlue 16.4%
RRDB+SuperPoint+SuperGlue 23.1%

e
SRR 1008 R U2ELIAIE 8 A L
MSRResNet+SuperPoint+SuperGlue 31.2%
FFDNet+SuperPoint+SuperGlue 26.8%
SRMD+SuperPoint+SuperGlue 32.8%

MNE2HATLLEH, EARALKRFE S, &
IMDN, DNCNN. MSRResNet, FFDNet fl SRMD
RS, 1008 R IR2ZE N E A SRS A B
FHRTE, H, SRMD A ERURERCAR I, 10014
FIRZEVINE R R ik 8 1 32.8%, A T AR AL
P2 B PR B AR R T 7.3%, FESMIER T AL B
BB R . SR, JRAERTA AL B R



2025 43 H

E M E F -7

BENS A R = VE LR . 9140, DPSR 5 RRDB
KAEMEHE R 10012 R IRZE AN M B R 8o . X T AE
B T AN TR T A0 7 3 6 A B R RPN TR], A
MG R TG AL S SR . I, 7ESEBRn H
AEUON AT AR A MR RS AT PR AT, IR TS
brny FH 4 5 A dEA I, DL BE B 5 i 1AL
Jrke

4 ERITHE

R FFEEMRICECE A, O A& TEAR T
IR VCRL, 32 EAL 46 5 T4 AR 19 R DT L 45 2 Fh
SRR o FE TR A SR D C 5 A o R AR
i &1 455 I G B AR AR DL RE Sk SE R IE e, H:
Tk, (AR 225, (7R 5RGmAR
BRMIEO T R 2, IF HFEZERE AR B4
B AVCRCAE 55, PG IE B RIS, Z AR
o AHEEZ R, FETRMIE ARG UTEC AT LA 4 o Jof
X725 KSR EG VRS BRSO SUE . B AR A B
AEEARFIMEDL, LA WAL SRR VL C 5 5L T IR
2 2] BYRFIEDL L .

4.1 fEGHHETE

1% G5 45 AF VT BC L SIFT® 5 SURF™ R R 36 .
SIFT 53035 SO ROEE AN AR FFAIE AR e D L3R03, SIFT
S BCHS B R AR T e AL 48 R b e i, RS
M5 B AR S BAT AR AS Ve, TR R, JF
HXFFuers | A AR Fn e AR L B R A&
BEPE. SURFJEXS SIFT #— Bt , SURF FHIEH
XF T TC AHULE EAGR rP e e o RUBE e B 552 4k
WHRA AN, AR EAET . SURF fii H] Hessian
Sl Rl kS S DA R R A e I B 2 W X (ER D)
To MU G 55 80 7 S HER R 1K
42 ETREFSIFELER

1 G R AR VG E J7 5 BOARATE — 8 R B BB 12
25 R 5 R G RFAE VT BE () BEK (B TG IR AR G
XPRL A S | RRAEROI SE AN RSO0, R AE 4R L
SONERAR A TR A o) REAE DT U i o 4
L ML SRR, REAS R IUIL G2 R A 19 DR IC U7 v
TR RN (TR BERRAE , AE 2800 5t h R
TN S o TR EE 2% > FR AR DL e 38 7T LU 43y
FLHE DR I B R b A R N O R AL,
LoFTR™ | Efficient-LoFTR™', Aspanformer® 4§ ,
DA K DG e 1 B i R T 5 PR oy O R AR
1] 4n SuperPoint™ 5 SuperGlue™, LightGlue®” 4% .

SRS RFEVC R Iy VA AR L, 2 TR B 2% ) IR AIE
DR Jy ik AT LA g 455 0 2 o] 3] R 0 TR J2 UCHRRALE
HA SR iR e ) AE S Rz ALBE T o
4.2.1 LoFTR,Efficient-LoFTR, Aspanformer
LoFTR J Mok ik B0 A B Y I I ROCR
VERCAOR, 1E25 KSR R VE RS h A3 20732 .
LoFTR 45 M QP 11 s, il U PRoren. Ho
FEAEMURLEE EE S B R R AR ILIE, BEJS 7R K
R bk — DAL RO R, BEAS I 2 25 K 5+ A
P4 D IE Hhoxt Jmy d AR At DT E A9 & 280K, JF LR
B B VE BCHERA 5 B p s S, {H DL G
BCRAT AR

Local Feature Coarse -To-
CNN i Fine Module
Coarse-Level Local Matching
Feature Transform Module

B 11 LoFTR M4 4
Fig.11 The network structure of LoFTR

AT ik — 4 % BB, Efficient-LoFTR 7£
LoFTR JEfili b #4172t , Efficient-LoFTR 5] A T
HAm W R A EE LR MM CZE, BERS
T VCHEC AL R AU B . Efficient-LoFTR 4544 U114 12
Fi/n. M4k, Aspanformer £} X} LoFTR it = e 5%
PR IR, T B ERESW, R T —Fh#n
NINREE AR 8> N 4 A E RPN 8k SE =N i
Aspanformer Z5 R4 U 13 FIi7s o

Local Feature Two-Stage

Fine-Level Matching

|

Coarse-Level
Matching

Extraction

Efficient Coarse
Feature Transform

B 12 Efficient-LoFTR M %25 #)
Fig.12 The network structure of Efficient-LoFTR

4.2.2  SuperPoint 55 SuperGlue, LightGlue
SuperPoint 55 SuperGlue., LightGlue ()45 & iz
FH S iE i B - A DG 15 3 B B 1 R DC T 5 125 1 it



- 8- NERE, SRXFREEGTEXBERARMAR 5 46 B 2 W
{“Feature 1, | L i {Global Local} {Global Local} { Matching}
| Encoder /= "\{‘I‘f‘_a_l‘_z_"f I | Atientiont 1 | {AttentioniN = _Module |
HxWx(C H/8xW/8x(C H/8xW/8x(C H/8>jW/8><C
image pairs Fi F Fi F3 FE

B 13 Aspanformer 4 %25 #4

Fig.13 The network structure of Aspanformer

RIfCEL, Superpoint £ ¢ A5 I 1A {5 5C 58 i I JUOC
B S AR, 1T SuperGlue Fil LightGlue | 35 F3X
SORER AT RROEDC I, X RO R CAE 2 SR
;13 5 U BB RO

T AW 75T, SuperPoint G845 1
Ao )+ O B AT AR R R YRR IE R R L (B

ConV

i i ['
l ' ' | ConV

|

I

1

1

L_——

e R B K s g s A e P B oL R,
PERE VT BEA BT T % . SuperPoint [ 4% 25 #4 40 & 14
PR, T 5t UG i A 2 2= g it 2 vh ik A T b B
FIREAREMGYE R . Z )5, R4 A S A i i 2 15
Po, —AH TSR, 55— T 2%

ik
 RHE AR RFAE A%
w
' Softmax Reshape
H
1
SR AR T
Lo
w8 "
1
ey Bi-Cubic oy 5 Nom ! =
Interpolate |
H/8 : H
_______________ o4 D

B 14  SuperPoint ] 4525 #
Fig.14 The network structure of SuperPoint

SuperGlue & — F & T B BE 2= > (19 sy SRR AIE DL
it Jr ik, BEAE [RIA 5€ AL 2SR S U MG R AIE DT JE A
%%9[‘55@133% SR, SuperGlue 75 SEHfHE . R

[DAER SN :

[ 5B lA T

TG AR S T A A 32 TH2S [H] . SuperGlue i F2

E & 1517~ . SuperGlue 5| A T —Fh R T 1B S
ARG FF SCREHUH i B A A R 6 R AR
=== HEEIGNN

Bl @A T : " I

CENTTTS 4 i

B F@f@ A ||l

LA =5 | l=a | |

Bt e | RS | i

I 246 AS DU E 557 5K D e 6 20 Jm 3 R AE o i vkl
SR — AT R fIL 328 i ) R A TR AE A 22 TR Y
ST FR, JEHI P28 0 28 T2 g BUAS .
T v T VG S B RN ek

LightGlue 7 SuperGlue [ 5ERE - JE—3, #E
i T 583 b Y 25 R IR R I DE RO R oK, 7EHERf

______ IR
1
PLRE NI} :
MR T AR !
o !
5 , Sinkhom |, RHE4Y |, AR
J w1 RO IR
1
s !
1
1

_________________

B 15 SuperGlue M 245 #)
Fig.15 The network structure of SuperGlue



2025 43 H

E M E F “9-

P RCRAIGR S FIE D5 TG T BUAT (9 SuperGlue.
FER LSRN 16 7, #h LA ] B R HE B 1 Al

pruning

d(a). l te s $\
A
A p@) —* se]fj c
attention | CIOSS f«—
b) —— self
d(b) b 4
/

Tp— 20 FTE BT SO B IT . 732
TEAF—ZE S A, AL E T

@,

matching

assignment

C

16 LightGlue W % 4 #
Fig.16 The network structure of LightGlue

B R VT BE 7 A R, SRR AT T SRMD
J7 ik AT R TAL PR, O A A 5 DT IE AR B 2R B
LoFTR. Efficient-LoFTR., SuperPoint+SuperGlue
SuperPoint+LightGlue, Aspanformer, 3dg-stfm %5
J7i% . SRMD Ttk B A 7] 141 £ DU i 77 325 7 100 42
RRZLI B 2 5 sk 3 fo.

%3 SRMD A5 R Fl B A% IE Ao 7 ik #9 100 154 % £ A
AE R HE
Table3 Thenumber of images within 100 pixel error of different

image matching methods under SRMD

RN Hikh PR Bk F S
SuperPoint+SuperGlue 25.5% 32.8%
SuperPoint+LightGlue 18.9% 25.6%

LoFTR 17.1% 27.6%
Efficient-LoFTR 32.6% 44.4%
3dg-stfm 32.3% 37.1%
Aspanformer 33.0% 43.3%

MRIFTLIGH, TEARSL g sth, A EIHE
VT FC 3 1 22 SRMD Tk 5 25 S ¥ A $2 7, BRF
T 2R A B2 R 5 U5 AR VT B HE R A M
SR, AFEMR VLI MR A fE 2 =, Hrp
Efficient-LoFTR £ M feff, fifi T ALK 5.
BAEScR R, ATFEAE L [l

D5 T W EE 2 ) i KR L e B A A TR 4t
PG DG E 5500 RO B0, X BR  ZoR L
TRMEAE IR A BT 5 B3

QAL Gt BIMR 5 To NHL 52 G A7 A 22

5, BRI G RS BB TS W, AR A W]
2, AP EGAFTEY R R . 58 EEAS I

SR, P ECRHAE SR IR AE . SEE AR S BRI 2
B A0 2R e ok D A HLAL S R AT RN 2k, T
REHE— AR A A I ERf R

5 ZERiE

SR 2 KRR IL AR, vl 17—
AR T SE BRI A 25 K S PR AR DT BCAE S, 4
W T HESR ) TR AR, g T A
AR AT SR A S R0 5 3 O M A OB R B, 4% 5%
SEALE AP ST L AT TS b, gy Tk

BARGEE
BT, 2 K BEMRVC R EOAR A TE A

PLE B Z —, BACKEBUS T — &R,
B985 K2 He A 22 Sy H Al 45U AR SC BRI 38 B
B 25 K S U A AR DT L 4B & FHRER B . s R
SRR VC BCBAR 32 2% R 35 r

D78 K 5 I8 AR B PP Bk ek . H A,
BExt s K IR IE B R G E Jrikieb, B
TC AR g 3t 15 %5k 25 % S 5L PT 4R D I 552 P 1o ] 22
Yt 200 TSI ARKATLERH
TR ) 5B LA A IR, BT 2 K5 IR
FURIE Bk L 3%, AEBR A R, i
BRI FEIF 4R JEAT 55 AT IR 1]

QW JH T T AR5 BRAY 25 K S L PR AR T4k PR AR
o BUAT IR TUAL B1AR 1 X LAY R Ak B A e
=% K EARE RS Z P 0 R AR B O
e 2T Al T R S B A S K S R IR R Ak
HEL, AR B A R PR O, TR X
Bk Z M AL TR, R
N7

(D)5 I 4 1) 25 TR S R T 4R D C 30 O BIF 5
PAT R VERC S5 th T R AP e ok S
RIS HARZL | WRRTER S AR R, ok
TSP T ARG 2o Nk — 5T s K S PR K B
IINIGEERF L 3 S ST RE i SIS S &2 2 R |
I SO 92 52 P 5 MR 2



10 -

NRRSE, TRFIREGLRXBRANR

5 46 B4 2 W)

@Z A 2 R 5 IR R BLSAE BT TE . A

P2 AR 45 50T DUSE S st S B o T A, (LA
WL MHAZRMAER, H2RMIEEN
Wz M ps B E sy fF R LAY, &
HUHFR Z 2 BT, HAEC A 2 AL TR

J:’

A A —HE . A — BB O — Bk

SERMEHEA T2 K IR MR Z A DT AT ST

(2]

(3]

(4]

(7]

(8]

(9]

S0k
MOORTHY A K, BOVIK A C. A two-step framework
for constructing blind image quality indices[J]. IEEE
Signal Processing Letters, 2010, 7(5): 13-516.
MOORTHY ANUSH KRISHNA, BOVIK ALAN
CONRAD. Blind image quality assessment: From natu-
ral scene statistics to perceptual quality[J]. IEEE Transac-
tions on Image Processing, 2011, 20(12): 3350-3364.
DOI: 10.1109/TIP.2011.2160799.
SAAD M A, BOVIK A C, CHARRIER C. Blind image
quality assessment: A natural scene statistics approach in
the DCT domain[J]. IEEE Transactions on Image Pro-
cessing, 2012, 21(8): 3339-3352. DOIL: 10.1109/
TIP.2012.2197527.
MITTAL A, SOUNDARARAJAN R, BOVIK A C. Mak-
ing a "completely blind" image quality analyzer[J]. IEEE
Signal Processing Letters, 2013, 20(3): 209-212. DOI:
10.1109/LSP.2013.2248785.
MITTAL A K, MOORTHY A, BOVIK A C. No-
reference image quality assessment in the spatial domain
[J]. IEEE Transactions on Image Processing, 2012, 21
(12): 4695-4708. DOI: 10.1109/T1P.2012.2214050.
GU S Y, BAO J M, CHEN D, et al. GIQA: Generated im-
age quality assessment[EB/OL]. [2022-11-08]. https://
arxiv.org/abs/2003.08932.
SU S, et al. Blindly assess image quality in the wild
guided by a self-adaptive hyper network[C]//Proceed-
ings of the 2020 IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Seattle, WA, USA. New
York: IEEE, 2020: 3664-3673. DOI: 10.1109/
CVPR42600.2020.00372.
YOU J, KORHOVEN J. Transformer for image quality
assessment[C]//Proceedings of the 2021 IEEE Interna-
tional Conference on Image Processing. Anchorage, AK,
USA. New York: IEEE, 2021: 1389-1393. DOI: 10.1109/
1CIP42928.2021.9506075.
KIM J, NGUYEN A D, LEE S. Deep CNN-based blind

[11]

[12]

[13]

[17]

[18]

[19]

[20]

image quality predictor[J]. IEEE Transactions on Neural
Networks and Learning Systems, 2019, 30(1): 11-24.
DOI: 10.1109/TNNLS.2018.2829819.

ZUIDERVELD K. Contrast limited adaptive histogram
equalization[J]. Graphics Gems, 1994: 474-485. DOI:
10.1016/B978-0-12-336156-1.50061-6.

ZHANG K, ZUO W, CHEN D, et al. Beyond a Gaussian
denoiser: Residual learning of deep CNN for image de-
noising[J].
2017,  26(7):
2017.2662206.
ZHANG K, ZUO W, ZHANG L. FFDNet: Toward a fast

IEEE Transactions on Image Processing,
3142-3155. DOI:  10.1109/TIP.

and flexible solution for CNN-based image denoising[J].
IEEE Transactions on Image Processing, 2018, 27(9):
4608-4622. DOI: 10.1109/T1P.2018.2839891.

ZHANG K, ZUO W, ZHANG L. Learning a single con-
volutional super-resolution network for multiple degrada-
tions[C]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. New York:
IEEE Computer 2017. DOI: 10.48550/
arXiv.1712.06116.

SIMONYAN K, ZISSERMAN A . Very Deep Convolu-

Society,

tional Networks for Large-Scale Image Recognition[J].

Computer Science, 2014. DOLI: 10.48550/
arXiv.1409.1556.

WANG Y, HUANG H, XU Q, et al. Practical deep raw
image denoising on mobile devices[C]//Proceedings of
the European Conference on Computer Vision. Cham:
Springer Switzerland, 2020: 12351. DOI:
10.1007/978-3-030-58539-6_1.

HUI Z, GAO X, YANG Y, et al. Lightweight Image

Nature

Super-Resolution with Information Multi-distillation
Network[J]. ACM, 2019. DOI: 10.1145/3343031.
3351084.

XU W, YAO Y, CAO J, et al. UAV-VisLoc: A Large-
scale Dataset for UAV Visual Localization[J]. 2024.
ZHANG K, ZUO W, ZHANG L. Deep Plug-And-Play
Super-Resolution for Arbitrary Blur Kernels[C]//2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). IEEE, 2019. DOI: 10.1109/
CVPR.2019.00177.

WANG X, YU K, WU S, et al. ESRGAN: Enhanced
Super-Resolution Generative Adversarial Networks[J].
2018. DOI: 10.1007/978-3-030-11021-5_5.

Detone D, Malisiewicz T, Rabinovich A. SuperPoint:



2025 43 H L

<11 -

[21]

[22]

[24]

(23]

Self-Supervised Interest Point Detection and Description
[J].2017. DOI:10.48550/arXiv.1712.07629.

SARLIN P E, DETONE D, MALISIEWICZ T, et al. Su-
perGlue: Learning feature matching with graph neural
networks[C]//Proceedings of the 2020 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition.
New York: IEEE, 2020. DOI: 10.1109/CVPR42600.
2020.00499.

LOWE D. Distinctive image features from scale-
invariant keypoints[J]. International Journal of Computer
Vision, 2003, 20(91-110). DOI: 10.1023/B: AVISL
0000029664.99615.94.

BAY H, TUYTELAARS T, GOOLSVEN L V. SURF:
Speeded up robust features[C]//Proceedings of the 9th
European Conference on Computer Vision. Berlin:
Springer-Verlag, 2006: 32. DOI: 10.1007/11744023 32.
SUN J, SHEN Z, WANG Y, et al. LoFTR: Detector-free
local feature matching with transformers[C]//Proceed-
ings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. New York: IEEE, 2021. DOI:
10.1109/CVPR46437.2021.00881.

WANG Y, HE X, PENG S, et al. Efficient LoOFTR: Semi-

dense local feature matching with sparse-like speed[C]//

[26]

(27]

Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. New York: IEEE, 2024:
21666-21675.

CHEN H, LUO Z, ZHOU L, et al. Aspanformer:
Detector-free image matching with adaptive span trans-
former[C]//European Conference on Computer Vision.
Cham: Springer Nature Switzerland, 2022: 20-36.
LINDENBERGER P, SARLIN P E, POLLEFEYS M.
LightGlue: Local feature matching at light speed[C]//Pro-
ceedings of the 2023 IEEE/CVF International Confer-
ence on Computer Vision, Paris, France. New York:
IEEE, 2023: 17581-17592. DOI: 10.1109/ICCV51070.
2023.01616.

[1E# B A]

X B R
* E 5%
¥F A
PURC
¥ H

2000 4F 4, AR A,
1984 4, WM EAFR A,
199054, M+,
20004, FEAFR A,
1986 4, H+,

(KX %tk RFR)



