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Abstract Image matching is a crucial technique within the field of computer vision, primarily
focused on identifying and establishing point correspondences between two different images
depicting the same scene. It seeks to find points in one image that correspond to points in
another, thus enabling a wide range of computer vision tasks that rely on the analysis of multiple
images of the same object or scene from different viewpoints or at different times, including but
not limited to 3D reconstruction, motion tracking, image stitching for panoramic views, and
visual localization. Traditionally, this process has leaned heavily on the use of hand-crafted
keypoint detectors and local descriptors, i. e. , algorithms and methodologies designed to pinpoint
and describe discriminative features within a local image region, aiming to achieve invariance to
scale, rotation, and changes in lighting and perspective. In recent years, with the revolutionary
development of deep learning in many areas of computer vision, image matching methods have
switched from handcrafted design style to relying on deep learning. The advent of deep learning
technologies has catalyzed significant advancements in the area of image matching, and numerous

deep learning based image matching techniques have emerged, showcasing promising results
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across a wide range of benchmarks. This has also significantly accelerated the development of
many downstream applications of image matching. notably including structure from motion,
visual localization, and simultaneous localization and mapping (SLAM), among others.

This paper aims to provide a comprehensive overview of deep learning-based image matching
methods that have emerged in recent years. By delving into the core challenges of image
matching, including keypoint detection, local feature description, dense matching. and mismatch
removal, it offers a detailed summary of the innovative deep learning approaches devised to tackle
these issues. This systematic review not only highlights the advancements in the field but also
sheds light on how these cutting-edge methods have redefined the landscape of image matching,
setting new benchmarks for accuracy, efficiency, and reliability. Specifically, it first delineates
the problem definition of image matching and describes the main challenges. Then, it proceeds to
dissect each problem associated with image matching, offering a thorough analysis of typical and
emblematic methods. Additionally, it delves into the critical techniques employed by deep
learning to address these issues., providing an in-depth exploration of how these innovative
approaches can effectively solve the challenges inherent in image matching. Moreover, some
highly related downstream tasks of image matching are described along with a detailed
introduction of their state of the art. These downstream tasks include 3D reconstruction/
structure from motion, image based localization, and simultaneous localization and mapping.
Besides exploring these downstream applications, this paper provides a comprehensive description
of popular benchmarks for image matching and its downstream tasks. Finally, the paper discusses
the remaining challenges and future research directions. In conclusion, this paper presents itself
as an invaluable resource for researchers and engineering technicians within related fields,
enabling the swift assimilation of knowledge concerning the fundamentals, challenges, key
technological advancements, and the current state of the art in image matching. As such, it can
be served as a comprehensive resource for researchers venturing into this field, providing
references in terms of research directions and dataset resources. Through its detailed exposition,
the paper aims to catalyze further exploration and innovation, thereby could contributing
significantly to the advancement of image matching and its application in advancing the frontiers
of computer vision.
feature point match; dense match; 3D reconstruction; visual
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P AR AR LU BA PR (2 AL P AE ETH 3D B dE-
HIMC R A7), BRI . 8 52 Bs g v 4 T
BRALGEH SIFT J5 B8 S 2 i S0 k. 58 H
JRA, BEEF R SIM FEAERA M ARESD,C
SN T B RS 1 B B AL AL 7 i X TRHE
VS TRE T A LA 50 1) 2 P T 0 A OR B A IR
JE 27 2] BB VCIE 5 2k AR A LU A% 52 05 vk A EHR IR T
PERE B IRCEE T B W A0 ok (E R 7 A s TR M 2R 1
s RSB R4 B A0 IR AR A L A
HIEEERR U H LGS T 2R E R E R BB
AR T B PR DT M BE AR B, PR AE T i Y
SIM AT 55 Hh PR RE £ TH A 8 Gk 35, 3 o S e i B A 1Y
BT IR BE 27 ] 1 R DB BE 5 ik AR A AR BR 1 JRy BR
PE S QA XTI 1T AT 55 o 3R AR A i v L AR A
TiF S HL S MM 1Y J7 ¥ BB B 22 1 7 0
6.2 ETHEGHEM

UTAER  BEA T HLE AL AT . A 22 B 5 58
B VA EE NI RN RPN S N QIR s 2 N
N THE Gz R BT R 0 E AL IR R R
MLE 5 AL, B Il A T HLAA 5% A IR R T H 5545 240 IS
THUHEXS T 8 M = 4E 2R 58 (=4 b 18D 1y 7 B F 2
&y EHT T EMY)  WLAN (Wireless Local Area
Networks) " 45 2 i F B (1 45 &0k 78 , 76 4 F 45 42
Y W5 = NI E A R B OCHE E AR L M
HAHX WLAN Jo2k5E 7 S R T Be B A m my £
FE . BE AR o o A0S E 7 AT LA AR IR 48 B ) A
PLZEASAT B 7T LUK 355 AH AL AR 5t B 5 (58 1l 7 IR



739 FLIRHEAF 2 T BRI 2 > I AR VLI - O vk D 45 PR AR 1501

rh 2 R AU = AR AT L R R S b B
AT AR A

BT BRI A KRBT DL oy R 3 T ER K R
(G JR R AE ) 1 7 3k e 2 o 1 O ik e S
T = Y250 Jmy SRR AED 1 5 309150 ST R
R T VR A R A Y G RE AR A 1) o 58 5 L
WA AL R 4 Jay 1 3R A5 5 800 P R 4 Jmy 1 iR 1
(9 AFARL T % 30 B8 120 vh A AR e K i BT A T
I AT BAE R R 0 25 5 1% 07 16 B PR R K
BER T HL R BEHEAT RIS TE AL PR 52 B o FH AR 2D
BAOphAT L T A 5 B R FR R AR 1 5 i 8 T T O
AT e EA WIS E & 0BG T 5 22 BHRARE
SVCHC, X 2 77 b AR e M TAEA Net VLAD ™ |
DenseVLAD™ K H Wik i J5 155 BT 24 )
P EAEFIH CNN W 2% 1 452 27 > BHUR X R 1 6D %
BHEATE AL, W PoseNet™'™) | B 2 3% 28 J5 1 16 ¥ 3%
S 3 I M T A AR R R B E AT B R
{14 R i 5 A7 2 5 F Je 0 AR AE 14 7 L Bl R 3 A
PGAREAE DT E 2 57 7 5 7 KRS B RN 1 5 = 2 s Al
Z [E [ 2D-3D VLl 56 & Ll i PP Bk R
1) 78 7 PG L B AR WL 28, SRy T 4 i A A 3 A
ENLE BN, BT R AR ikl S 5T
A R RRAE B 7 AR S5 A1 R A R BB RRAE
At ERR R wCE B RIS 1 e A
BHEA VLR OC R 1Y 2 BR, 2 05 B H BHS FE
fIE A5 G E 5 vk ST PRI 22 T 1 % 1 6 & H TR
1534005 PR RE 9 HLoc! ™ Fl PixLoc! " #fJ& F X 28,
X Ty R AR R 2 A R A T T

A —f i, BT =4 g5 n ik BAR K
(8 2 05 M L L 9 55 T 4 R R AIE 1 LGRS R A e mT
DL AN (] 19 4 ) R iE 1 400 0 o7 1 i i
e HLoc H i Jay &8 G AR AE F1 DT BE AT LI 3 AS [4] 719
PG RR I A VT E 5 125 A A0 0 o2 o v (9 PR B8 3l i 7
HLoc H14 i% SuperGluet®™ ,Paul-Edouard Sarlin %
A3 T CVPR 2019,CVPR 2020,ECCV 2020 %¢
I 0 22 = K i e 3RO A, DL K
CVPR 2020 %¢ 75 #Y & % VT B 35 389 5 72, It 4h,
KAPTURE® X 9% 72 {7 1) A [R]85 DL K i
PEREM K S HE VR AT T 58 — R IR AR T
— ™15 B R B 7 7 AR T L 5 4 AN [
() AR T E 5 75 A 5 6 3508 1

1935 T VR BE 2% > BHMR VT Be £ A (%) & e . B Hi &
XA ) A8 DG IR & 1R % A0 3 57 v ] D) LA
B 45 R, 2R B 9T AR oG T B B PE R K

F R i 5 A7 5 35 PN A 9 A ] A
6.3 M3 SLAM

SLAM 4 Fr [ 25 1 B #4385 5 A7, (] ) 4
BT AR B M R 0 6 PR A B 4G B SC,
B SLAM 48 DL 62 A5 s Can - B8 0 f A £ 19
SLAM #i A , & 2 HLE A FE AR H B A7 3 0
FeARDS BRI, BRI SLAM By B S LA ] &
16 =Y AR M AR — B, B 2 A LA
SEPE AR E IR AT R 3 T ER Y = 4 AR
o7 1) fRT B 2H A5

— P S U, MR SLAM 38 A b 18] R R S
LA FFAT H R e, PR B 2k = ) Ak AH 205 T =2
Vi) F10 X 7 AR IE o5 3K A5 37 S = 4 05, I A 6 1 I
BH FR G0 A5 PR R AT AR 8 R B LS I8 AL Ak i 44
P TR RS B2 5 8 O A B 5 B2 AR 24 T ot [ A4 R AE 2 5
A 4k 5 s 22 8] A 0 7 6 28 31430 214 i it 1 A L
LA GOLE . ML T BT P PRI LA K
AR R R BR 2. BB VLR S TE LB
SLAM Zgih ) EiR =AW ERE 2 CHEN
fEH.

i T SLAM 75 BEXT WA g A 1647 52 b 3, &
Xof T SR P AR 1 o B R B SR AR R L T HL— B
TR 25— Y B & R U A SLAM RER K,
PR I X AR I 1 WG i B P 0 B B SR AR . o3 —
5 T BRI 3% S M T DA KR LG AR R AE i DG T
A MERE , BT LA, R ALSE SLAM X 58 57 AF 45 T fic
J5 vk Pk REEE SR T, e I I I A 145 DS TEE [ A LY

SN IE, AL5E SLAM A R REAE 15 D Bt 4K 2%
Je— IR L, BB BERY AL E SLAM BE AR —
AEERAY S % R G A FEBURRAE DL IE [ 58 4
fifp R A DL R 3 S S R T BRI | R A
DA By — 2653 Z 1) TR AL SC B4 15, A7 &0k kb T R
FRAE S VE BCRE T AN XS A SLAM R G520, (6
o AR Y S A Y R AR DTy
1E SLAM R G il B E 3 CHE /R T SR T 2 A7 1Y
R RIE ST D7 ¥R TR 2 SLAM N 1 3
S5 AR AN RE A AT g ot A A 4 R A DT BC 45 2R X U7 THI
REJT YA AR SLAM 458 i) AF 58 A 5% 78 A 1Y
RO G LTS AT AR Z R R Bl

@®  https: / www. visuallocalization. net/
@  https: // image-matching-workshop. github. io/
® https: // github. com/naver/kapture
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SLAM $ AR & J& 5 0, 4 7 — SE R 4R 14
QAR AE A5 1) SLAM Jy 351700 DL R 3 i S
SLAM J5 3200 ] DA UL | Bifi 25 5 hik A 4R AF 25 DL e
7 T A AR Bk, L SLAM & G2 AN Fa L il
T e Sh B 2 (A DG & . B R 4R £ i
SLAM % 4t 4 J& & T % & fk )5 38 ¥5 1E ORB
ORB-SLAM % #2320 DM 2014 4F 45 — L ORB-
SLAM' & fi  HRTC 24 & 8 5] T ORB-SLAMv3 ™,
AT SRR E AL T H AR AL X H A AL RGB-D A
BLAY 2 5 SLAM A58 -5 3 45 5 1) SLAM., LA}
Z W E SLAM R4, 3 Hid T /N FL A £ AR AH HL P
T AR BIL BR R B5 L, B Ak, @b 2 AL IR R
SLAM F Gi & iz 8 H i i — K& e a5, % 7
P25 N 0 R G ke e g AR

7 HIESK

UBC Patches™* 1% 5t ¥ 8 i Matthew Brown
A N Tz T O B Bl Y R AE A A 2
T3 BN 55 DK, 2 800 4R LLJR) 3 1R B iy IE X
Jem AL E T =4 TR EBA T EN R EIG SR A
F =A% 5t (Liberty . NotreDame, Yosemite) Hf)
KGR X 28 Ry IS B Bl SIML B30 5 |15 31 19 = 4
F MR Al TS B AR AILAE B 7E X 07 R b A
B, BAT 2 E] AR DG FR AL B T 22 %R Y = 4 R
SELRANTYESTN T 2 215 AN REER . AT
75 B, Matthew Brown 25 A4 # B3 S 1) K
TS TR T 415 200,000 X A1 100,000 X )& &
PG I 2k 4R 55 04k 42 v DC e ) J 348 1]
PGP FNAS DL L B4 J5y 78 AR B 4% i — 2 i 8Os 4R A
5T R TR R B DL K AT Z 18] B R G &R L BT LA
B HBEH T AR A 7 IR ) Oy sk ny U 2k 5
R AN B FH T G RRAE w0 82 v A 9 A S A
A A5 FVRRAE $5 38 1 19 [RTR DT FC 5 5 0PI e 5k o e
TR R R Py A = A AR AT B T B
SRR SIM FRTTEEM T SIFT 31247 K&
FRAE AUVE T o PRI 2 B0 4 4R S 43R 10 ) 3 IR B o [
G SIET HfAE 3 F8 LY Ja) 3 845 B AN A3
0 — B R U R T k. B B I U R TE
BB B 2= ) kv, B 2RI TERE A AN, A
WG TUAF 32 %8 T O e B R o AT Rl i 1 )l
EZ NN

HPatches™™  Z B £ 78 ECCV 2016 # Ik
B ECCV 2016 2 Jp By FRAE 1 38 56 98 — 7] &

A7 S 5 FEAH T B E I A L 2 B 2 L T 1R R DL E 4
2 AR R N SRR ST AT TR &
BEOCTE-TH 37 5% (0 AL A 28 A0 T — i 3 5 i O IR
AT T 2 AT 3 5D AN [ B S Ak i R
EE SRR A L EBRES, Kot
BT T ST AR BN RAE 1 KRS HEGA
5 KO AL G AL f A2 TR T 59 P
5, BT RS 1 KS % BRI 5 5k A A
T A1 0 IR A AT T DT TC I 2 s o6 ) A8
BRI S % R R 53 Ah 5 5Kk BG4 4L 5 X &
PR R T AN TR R A 1 - T 37 S5 PR =2 1) Y X
KFRA BRSHH E TG AL R AR EBR R
FUOE R4 R 22 1] Y 28 485G 2R fh B B A
PRI 32 B4 A PN TR) — 375 55 PR A5 22 1) £ % I 2y B
Ji7 A% 4 (Homograph) i 5 , 1% £ 45 4R o A i 44
HSequences.

B X7 N FH R AR 8 3 1 =8 AT 55 R A
15 B A9 B IF L VC Y 45 2, HSquences 12 H # 75
® 116 A>3 51 2 % B4 i 1] Hessian, Harris
H1 DoG ik s 6 I 53 v 7R A7 4 1 A 52 O R 47 3R
G RBRE AR A 7R AL b B R AR B Y
AR B HE S AR v R AR A SR ZE X N Y 5
VLT R v A 5k 2L R AR A R I s AL R R
33 65 X 65 K /NI bR E AL SR A R B, 15 )
HPatches #0405 45, B T X0 ¢ & © A0, AR 4 20 il
FURR S 3 BB X I 19 J) ¥ IR B ) o3 R 5 oy ML A
ME =R TR B0 IE L DR D A R =T 55 IR
P ) 53 H AN TR A 55 60 I 1 0 3 PR 4 e il TR 95 AR
B O XE 2 B2 B [ AR R SR U o H A2 80 46 E 3R
155 P BB R » AR 43 T2 3 7 5 1 24 IE A R 1Y
TE 90 26 LA b T VT FE ARG 3R AT 55 1Y ~F- X 1E Al 32 3 J3l)
HA 60201 70 76 47 B9 K217l T HPatches
AL Jry B G B, TRt e HRE T 00 4k AR A 4 3
FHIMERE, M HSequences $& £t T J& 45 7 VT Fic K] 14
FHT 03, B 7R TR B 2 2T YRR RS I i 3] iy
SR SRS I A 3R D7k 0 I 5 DAl Al B £, OF
L AT DA 5807 722 4 2 M0 TR JBE D1 3 A A5 DE T
JiEAE NI A T 55 b R R L H AT IZ B 4R
() ) 3= 24 i #E HSequences.

IMC2020 (Image Matching Challenge)™"; i%
BHREAT T 25 DFMY 3 kAR, Kb 2 A
P 5N MRS L9 A IR AR o 14 N 5
RIS A3 5L TR T 100 HR 1#145. £k
Y656 & A # il | COLMAP Xt 4§ 4~ 3 5t B 3k A7
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HARAF A ML B3 R R B A (5 B X 2B 5 B
FHF 1 5 R =22 B) B 5 68 17 56 2 5 LA B PP A AS [7] 119
FRAF S Dl Bk O PERE. B EA H T — Ao i
1 TF- 00 3 R 5 B 4 A 5 T R DT E R IR AE 55 (B
PR DCJC AN 22 90 A — 4k J ) LA K B A A A% O
o1 T WA 55 0 S A A TR B R T PR Al R DG I 5
2 AT v B B B B0k P BE L I B 4 1Y & A i AR
BITE TS ML DL 1 T 9 23 180 1= 2% I 38 58 LA VT Al % 45
355 1) e B R

MegaDepth" . ZBHEEMEH TR A 196 %
S A 100 U7 5k BB W ER . BAS Yo 8 T
COLMAP" I FE 517 SIM vk Fl MVS 2 vk i
5B 07 B0 R 2 = 4 2 LA B AR B Y AL P Ak
SR AEPTA I E @ R T A 102,681 5K KR R 1
BB AL T X R TR R A BL DN S8R TR il
FH MegaDepth #4757 I 25 A i i, H 448 1 11
S 10 b i A T 1 AR, FR AL P9 A S H0eT DA
A5 2 IR b SRR Z R AR L O R, BT
PR A% 22 ) AR JLART 56 28 LA B X o7 8 % 34 8L T LA
7 PEIAG 22 ) 11 s oF 07 G R o PR O T2 B AR It T
RIRENY EG 2 X R G R L Bl B HPatches 045 4R
bk fE M AN, S AR Ok B2 2 W 7 vk il
MegaDepth % #f% £ #F 17 Ul 25, 40 D2-Net, CAPS,
LOFTR % . GEE M HL M 118 M =BG H T
2 RIT 78 At BHE T IE. i Tz 80
AL ST A7 2 2 8, TR el A 3K T4 D
R BT 55 A B AR e SR T

GL3D™  iZ B s 4 & — 124l MegaDepth (1)
B, U E Tk A 378 M HEAY 90,590 5K R4
PEREMR B 505 50 & 1000 kAL A
R 7 i A 1 JC A MR B 378 AN s i s T
TSR R S 2R R R 2SR A AL
M55 5 T 5 MegaDepth H A7 8 K 2 7, 2
MegaDepth P15 &7 f) 22 b 72, 1% 505 45 bl AL 1k
T 338 NIk 81,222 sk R AT = 4k &
TN, 5 MegaDepth — Ff il 1 = 4 5 & 3K 15
T aX 37 S I = A o AR D R A ) PR AR
Xof 17 PR BE BT L P A S0, A A 8 AT DA TSR A )
FLA WL 58 R 22 18] B A% LA 56 2 DA K PR 0
IV SESNE RN €/ T ¥ i QNG R s A £ e R SN R
i, BT ZBEEINERSNREETEA
ASLFeat.

YFCC100M™ . iZ 54l 4 11 & T Yahoo A Al
WFFE N 5% K AR ITE Flickr F3b - 3RBUK 2 1 425K 4

Bk AR 2 FF A, Heinly 58 AW $2 1 R BLEED SIM
RN AT A, RAE RN AR
150 J3 5K BRI 72 A HubR 37 56 BT X iy /Y = e Y
FLTF MegaDepth fl GL3D, T H# A 72 4~ Hs
PRGSO T 72 A5 B F R N BRGSO R
KRV LG =2 25 R R, R AT
TREE 7 ) (DR VT FCUE B 1) R 1 W 42 I LFGC-
Net,OA-Net,CLNet.

ScanNet™"'  Z 5 H 4 & — 2= N = H 4L
WA A T 1613 AN H MU 51, I B4t T X
o7 A BIL 28 35 TR 1. 32 B0 45 AR 35 37 5 A ) &) 43
T UNZRAE 5ok 5 AR AR, — et T 00 7E At
B A I 545 B A R AR DT E 3 0 T AR L S
flfiTHAE 55 M.

InLoc™; ScanNet Z #M& J & FH # H T 3744
N B R, A T A vk e A I A
TR K A R B G W N B 2 HRR RN RY 5 A
R EAG, F 277 5k A% E (RGB-D) 4 5 &
&,k s EGGE o 5 45 58 1) 3 S - T R AT N 5
Y153 s IF AR 4ig B J& ) BRI SR o3l 5 A 4R
9972 5K 1600 X 1200 43 B 5 B4 I AMCECH8 I 11 4%
73 AR ff ] iphone7 TEN A B[] R 42 T 2 MR Y
356 k5 o HE R EGH f if EHE .

Aachen Day-Night™2-23) i ¥ % 4 40 & 78 =
VBRI DX S L R EE T 4328 TR A R A AR E
TR R F = g A, DL 824 I H At i ] (4 R
JE RN 08 I P M AT 6 A% 1R T I A I R A i)
BRI B AR N T o B 7 45 1 B A% 2 iR
S5m0 R E =AARFRZERME T A,
(0. 25m, 2% ,(0. 5m, 5°).(5m, 10°), Ko fi& K
FEBLEE A 0 0F B 158 22, J5 3 T i 1% 26) 1Y 3 fL kG
JEZBIESE VI 1 RAS AN 2369 1R
MBI IX R G X E AL sk — 2 AT T 5,
[ B34 1 93 5Kl AN [|] = AL 4 HE AR A5 19 7% ] 2
i EA.

RobotCar Seasons''*' ;1% 54 ¥5 4 18 1 4= 4 1%
Sk 4E T S [ 4R 26580 KRR A T =4k 5t E
gt (7] B A () AT B 2050 L A ) B ) S [ 2 Y
RAET 5616 5K KR AT T L 58 2 A M fE ik, [
Aachen Day-Night —#£ , Z 508 & F F X 9% € A7
SVEAEAR R 275 O] AU S5 1 R PR RE AT DA
1L 2 504 4 ) B 30 T G 7 sk 3 S T HL SR B 10 I

@®  https: / www. visuallocalization. net/
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[) 5 K ih — AR R L 35 T AN R 27 R 2 1) K
5 55 AF. [A] Aachen Day-Night — &, ¥4 48 & i 3%
WA A TF AR B B A %l i E A% 2 IR
55 g 09 07 AT e AG FE

Extended-CMU Seasons™ . 1 & Tk X 5 11
B AR FIRZE Ly 2 DRk R4
TSR ZE T A [R5 BE A AR A B Bl 20 AR b 5 R
AP 22 S e B R b AR R . 2 B e R S
60937 SR B IR, A G 55 T I R VPR
2 RO A S0 5 1 KRR XL B = AR
A i 35 L DA e = FAS ) R A 5 4% 1 3611 56613 5K
A BG [RI A 1, 5 0 B 1Y B S AL R A T
7 Ll b A% 20 R g5 g 0 O X AT ARG
.

ETH 3D . % ¥ ¥s 45 3 % +§ Schonberger %5
U B RRAE A AN AR PE I TR i 8 A R 4
M T Schonberger & ANFFUR T — /45 i 55 F 1) 2D
MESE B ARS8 T 2 N BT AN R Y
FEAF A VS e 55 % F = 4 8 AT 45 AR 4. I B
AL TR IE T Strecha % AN KA 19 Z 90/ 51
LNERE S €TE N P NS A ON A O & PN
B SIM B4 4117210, Strecha 48 AW B AR I 240
TR B IEE A S T “Fountain” #1“ Herzjesu”
PN 50, 20 A0 & 11 IR AN 8 MR B X411 45 5 ) Y 34
P o3 PR B OF BLER B T SO 13 46 B s FAR AL
(1) LS 25 T DAy = 4 o ARG . ORI SEML 4K
AT T E H BN AR 14 A b bR g 5t BR B
A H R 7 B A& L 1000 B 7000 A EE i B A%
Schonberger & A 7 PN [R] 55 iF £ 18 - B9 2k %
TIZEAR D 5 A ER I R Ah B S i
BT SCERST B AR Y B AS R R E B AR L A 6514
gk B LA B3 5 g o 22 4 GPS 345 I A BL IS &
Ve B 1.

TUM RGB-D"*')  fy 7 [ %€ J& B 5 A K 11
FENGUR A — A2 NS SLAM I B8 4, 3t
B TS OCIR SR E NI T Y
RGB-D #4517 1) Gl i 1 3K Kinect 38 B0 o #1843
RN 640X 480(30H2) . [A] #4138 i 4032 3h
TR R G AT AR AL, 24 S S AH.

KITTI? A5 T 11 BEAE 30 X RN i i 1 4A
BEARAT 0 0 H AT 51, 8 H A AL AR5 7 4 40 1005
AR5 B8 N 1240 X 376 (10H2) . Hitp A 6 S FL
JEANLE T SLAM R G0 28 38 UL i) (8] 2R [ B2, ot
A ZEIR AL A T LIDAR $E 0 JE LR 8 = 4

Mo B E LG GPS SRR AL S F R, )2
AT HAE 5 SLAM 578 A 8074 3837 = /9 PEBE.

EuRoC** 48 T 11 B 20Hz XU H #LAUF 51,
PR 5] P AT 45 AL 2800 B H A% IR R AR A5, LA
WA 75 7 PSSR 8 28 P 3 55 R — > IO 9 T
3557 B A W) I B 4 T K L Rl R
AL M il A 1) SLAM B 42t , B 52 19 437 %3
B S R Gk

P 8 fE R T X 26 i AU R4 4R v Y T AR OR
B, 3% 2 R4S 1 13k R VG BEAH AT 55 T B9 2 s
B VAT N T WA Y PRTAR DG I R A
AN AN G AT AL AR o 2] O7 s 0 R B TR B e
14 PG VC TE 5 vk I 5 T 30 A R R 6] 4% D T B
BRI SIML 8 1 i (AR A5 3 57 1 = 4R R L) K
PG X8 17 1) AR AL 2 ORI 28 25 5080, 78 G BE iy | S7
PG Z ] 1 R LG 2R AE— i FEJE I, 33k BB R A
PR VT KA S 0 e 8l 1 R 2~ KR VR IC Oy 12
[k JE. SR . PR I 2 T SIM B3R5 31 1Y Rl 4R
BILL SIFT HRAE 5 S HE VT e 45 21 Sy B ilt o PR AT 24
AEAE —5E (09 ) P 5 BRIV . 7R X 2L B4 4 AR e 2= 3
B PR 50 R VT FCRRAE. 1 A L 3 i B AL A=
G BRL T F8 A PRGNS LU BE | PR AR KA 3 7% 45 T
24 BV A IGO0 FH T 0 26 11 R Bl — SE iF 58 N B
VR E W 27 ) SR SR T 7o o1 SR B AR
e A RE R AU T 37 5 AR [ AL A R B AR X T —
FRCPE Y = 2 37 A B RE 0 55 L B i R AN REAR 4
18 5 INE == 24 37 55 v W A 1 S IR L L 2 2T A B Y Ry
I A fifp R JHE 2 A5 5 | 14 At 5% DG I T T U A A — E 1Y
Jry BRA: 55— O T o A8 BROXF b B DL K BB AU 3 FE AT
SRASBEAR L B BEADLAS W] Ol B 2 AR S5 1y 22 4k, B
IR XA T2 B8 12 AR AT Ak 3 % Je v, PR b 3 28 O 125 XF
T RO IR A AR AL T B 5 DG C [ AR X 4 A1t
o o i IR AU D) 2 20 49 3035 T 0 EHRRRAE.

XF T BRI BCAT: 55 o 5 T 09 PR 48 b5 A RAE £
i S RN RRIE R UC RS BEN P 1 D8 RS E (Mean
Matching Accuracy, MMA)M2 | 1F B 3¢ 4 5 1L R
(Percentage of Correct Keypoints, PCK)I) | 3 #4
i 1R 2% (Average Endpoint Error, AEPE), 4
I it T 5 384 (] — A 5L T D T PR A% v s ] g
0 R R 25 5 S Sy T T TR b ) A T ) A A
S B A DR A S BT R AR R R
L A0SR MR A TR 45T BAH (groundtruth) 28 4
Wbt B KR B Z 05 AR A (A0 2 B D T BN
FETE N BRI A R AE 5, TN 2 s Dy ) i ARG
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—_ A e
TUM RGB-D
Bl 8 I IC L H B4 i EHGOR
*2 BEHCRETHEEISHXNEFHESE
B A 44 B B A FUR iR ek o FH 2 B A 1Y SCilk
[&] 44 VG i
o R SIM it B % 30 47 3 5 = 2 o, AR I 4 SR I
Y53 . [39,42,44,45,54,58,86,
15 DoG HFFAE 1 % 18 56 28, BUH X 10 9 Joi 38 1B 44 B 5
UBC Patches[*!] PG« o B2t . o - 88, 95, 96, 99-103, 105-
AT EARREN =g 5 BT R4 150k =48 LB
8. 29 15 7 o 111]
AL E X R 2~15 DR ERE G e
o A - T S MR e 5 B AL EME, g T RHR 2 TR
[11,47,53-55,57,58,72,
B E R
Y116 88, 89, 91-93, 101-105,
. « LT patch-level FYEHE , 474 easy hard.tough =X ;
HPatches") 1% :696 o 107-115, 121-126, 128,
« 3F patch-level £ . & X T I VLD KR = NPT 55
ER B . 29 90 05 ) 130, 132, 143, 144, 149,
R THA 116 AR A VLR EMR . 5 Rt IR AR b 7 4 A
150,222-226]
AR LT .
o« A EALATF 100 18 EG H AR W, A R R R
Y. 25 o ) [53, 64, 123, 125, 147,
IMC2020L64] SIM H # K15 5 5t = 4 5 2 R EHMR A ELAE
B4 .29 307 \ ) - ) 178,222,226
o A TR 45 (S AR VT T A 22 W0 ff = 4k 31 ) AR 1k B .
o ffi ] SIM SRR MVS 535 115315 51 3 57 R0 S %
[11,55,59,92, 113, 118,
TR B
i Y%t :196 122-125, 128, 142, 144,
MegaDepth!20°] <l HE K 4r 118 AN s F ISR, 78 AN I RN 96 4iF 5
% .25 100 J7 147, 149, 150, 178, 210,
< 196 MRt 304 102,681 5K IR 5 R 2 48 4t T X R Y
223,224,226
R B RTARBL Y b 5.
Y5338 5 MegaDepth 2846l & 378 N3 5t . 4 5t Gl 33 T A HLATHA
GL3DL20s] [55,115-117,126,185]
1% .81222 FREL.
I 5 MegaDepth 2548, J51 44 B4 8048 5k I8 T Flickr M99 142 [ 56, 59, 115-117, 120,
YFCC100MI209] o BRI AR AR A A 72 D HEAR Y 150 JT K R FIE - 130, 147, 151, 153-157,
F% .29 150 J7

i 1145 DL iC 35 1%

227]




1506 it =N Bl 2% Eird 2024 4F
(R
i 4R 4 B B A LA i kR i foft P32 B8 4 1 Sk
T AT 55
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Background

Image matching is a fundamental problem in computer
vision. It aims to establish point correspondences across
images of a same scene captured at different imaging
conditions. Traditional methods for image matching rely on
designing keypoint detectors and descriptors based on expert
knowledge. Recently, many deep learning based methods
have been proposed with promising results, covering various
aspects of image matching. These include learning keypoint
detectors and local patch descriptors with CNNs, as well as
joint learning of detectors and descriptors based on deep
learning. In addition. the excellent context modeling ability
of graph neural networks and transformers has advanced
using deep learning techniques in developing detector-free or
semi-dense image matching methods as well as mismatch
removal methods. Although there are survey papers in this

area, few are focused on recent techniques, especially on
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how the deep learning advances this area. In addition. it
lacks a systematically review of downstream tasks relying on
image matching quality and those datasets/benchmarks that
are widely used for evaluation of image matching methods
under different prospects. Viewing of these drawbacks in
existing surveys, this paper aims to provide an up-to-date
summarization and analysis of key techniques used in recent
methods for image matching. It also provides a thorough
review of existing applications driven by image matching
methods. Meanwhile, this paper summarizes the main
datasets and benchmarks for evaluating image matching
related methods and their downstream tasks, with detailed
description about the properties of these datasets, as well as
indexes to literature for reader easily finding state of the art

performance on these benchmarks.



