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wol Z8HT} 139] JARS E-8-31= visual place recog-
nition?} camera pose estimation- visual SLAMO|L} SIM 2]
loop closurel} o|u] 2] wlj 4ol 2-g-5|7| = ShATE, 7|2t
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NetVLAD AEFA Q] o] EAJHE] Q) SuperPoint A~EF 9]
Ao} S SYEE FAo] HEAt, ofulx) A
o chat B olgs) AR 3 meolA] AL 5}
1, o) olulx|e] Alejs 7 vhysto] hlete] A4
£ ZA35= o] 83t IS coarse—to—fine localization © &
RE7)% S, olelat ASH HTE Inloc (41 B}
Z|0| AL, visual localization B9t o}U 2} RoMa [13]@} ZHo|
ofm|A] v ol = B-g=7] = gt
Ea

RoMa 13} 2719, 21, A4, Qg wsjel 2o
9 2ANAE F GAE E55] TSI A%

dense feature matching 7% 0|t} RoMat= coarse global
matching @A} fine refinement A2 A ETH Coarse
global matching THA|ol| A= A3} =7 Wstol| ZFstal o
WS} 4l'50] -8 DINOVZ [15]2 fine—tuning@lo] conrsc
feature encoder® AFR3ICEH &= oJAFO] DINOv2 Zil=
TransformerS ARE-3f Y& (global) FAMIS Hlgo =

uj A3} Fine refinement ©HA| o A= VGG—19E fine fea-
ture encoder@ ARESIIL, warp refinerg ©]-83}o] HTHA|
9] coarse matching A2} F3eHC}E, Warp refinerst= coarse
2 fine feature mapX}, coarse matching THA|| A AJA]E
warp 1 [ GAAES SEA o2 333 AR E(cer—
tainty) S YO 2 ARSI}, RoMat= coarse matching T

A9t fine refinement TA A 22} ThE EATH(loss

function) & ARG}, Coarse matching THA| o A= ulj 4] &

Coarse feature encoder Fi.ouse.0

-

X Finetune or from scratch
Vs Vs
« Frozen Foundation Model %

¥

Fine feature encoder Fiyeo

K Shared with coarse encoder

Specialized fing d
«/ Specialized fine encoder —-

12 3, RoMall &=

36 mof- 2 AAHESK]

Match Decoder Dy
¥ ConvNet

Transformer
— [V

Vs Warp Refiners Ry —»

Z7b HE R (muld—modal) ¥ 7}s/d0] &7 wizoll
Kullback—Leibler divergenceS #|4~3}5]= regression by
classificaion WS- ARE-SHC} Fine refinement THA| o A=
oj A= MiAH S AlEsHA 245k dAlolE=
o QE%*(mﬁ—modal) Bz HAE3}al, Charbonnier loss

£ 0]-83 robust regression B2 AMESICE

IMCOﬂ it W2 Ha A Audt 2 A Al
%] camera pose estimation 7|2 7|22 0 2 Algstal &
5 BguEel Faa oA sluel A wge] ge

me)2 sttt wheba o HelAls 2 Aoke Aol
2 (global image descriptor 4= image encoding)} A%

EA(local feature) T} 0] 52 WA 7]<zol| tfsl] AR 1A}
S}

3.2, Global Image Descriptors 7|&=

DINO [14]& A7 A =815 (self—supervised learning)2-
o]-83t AJZ7|HE (vision foundation model)Z, ViT
(Vision Transformer) T8-S 2hdlE]glo] tﬂOIEi—‘Z: o]-g-3l
2o sigslo] olu|A|e) Al2td B RS
DINO®] A7 Al WHeR sh/ AL YENTE
0]-§-3t 2|45 F(knowledge distillation) 7158 o]t
e A4Z5E FHe A vEEe) A4S Zasto]
Das L (AR 277k 32) sy YEga

o sk5 AlA HESAT A718 Eole 2Aske o

—_

5oty - Coarse loss Leoarse
Povurea(i” [07) yDesursa(@™)

1 ' A L2 regression
- ¥ qﬂl foss =< VS
Hﬁw ) « Regression-by-classification

O —— Fine loss Lfine
. N ¥ Clipped L2 regression
A W‘; ‘Th e 8 Vs

«/ Robust regression

EHA| EZ: Coarse global matching EHA|(AH)2} fine refinement EtA|(St) [13].



T}, DINOE ©]¢} 92| 5U3t op7|eA 2 7171 344 Y]
Egjact wA YEHAS o83

oJE] 57} (data augmentation)S %

T12]3L cross entropy T o]l
o s, A7)

0] 3k WA O|A WAF YEL T 3R5S 51A] 9,

e =]

loss:
() pozn ()
5g
s

centering

teacher gg;

cma

student ggg

T2 4. DINO2| knowledge distillation 7|H: Teacher HIEY 3= st

S(sg)tX| 41, student HIEEYT Q| ZHS EMAS Sl |
0|E EHS.

]
{5

st5d Y U EYAY wEfn|EE A]4=0l5Fwt (expo-
nential moving average; EMA) 2.2 WA} YEL|F 0| ¢t
o]EZIt, DINO+= of&gt a5 ygofl ofsf o] the
2EF Aol A Hojd A& Helth 53], oA &

5

WA AE, FY £ (segmentation) Aol A A=

., 3] 3
& wAlow FeE me uad el AT 9e 4
glom], HAHQl Sl B glolw o]l A7
4 ZelAEE WA 5 9SS HolET

DINOv2 [15]%= DINO2| 7jA1E wzAoz 142M2] tf
T ol ] dlolEAlE gkl WaHel A% 54
S 358 4 QA shdrk olefst that ojnlA]

3.3. Local Feature Points, Descriptors, 12|11
Matching 7|&&

A1 EAQH gt A= BN 7

5] A=W Hopolt, el 2ol 7|HkE (founda-

tion mode)of] Tt o] Qe A= o BHL

©

12 5, 2+ Zzio|] 0|0|X|2| DINOV2 descriptorl] PCA Zmto| & 37 HIE{Q| ZA|: DINOV2 descriptor?t EAN| H0l= =2 SX|of =Ct REsta,
=

AL SH|2 FAF EE0IM RARE HIEIS THHE 2Rl 7ts.
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SIFTS} Z+e- 1ol

FAST, ORB2} Zo| Hlo]u ] (binary) 7]4512] X EAH
= AFEHA, FHTolls "HeldS o8t A £
|3 7|¥Ho| Wo] oLE|a Q) X

9] 2|Y EA2 Image Matching WebUI [16]5 53l 7

descriptor, 12|31l

3] e 4 et

SuperPoint [17]= CNN 7]9ke] Y| EQA 2 %xc};g

G} o] ofz] HreH|A
7142 o AAC) Harris cornerth

wAlol 554

E (gradient) 7]5Fe] 2| EA7 7}

AR} descriptors EEsh= 7|HOo 2

(Self—supervised learning):—%

SuperPoint=

AP o] 853 MagicPoints 7] %

2= A8

2 o] 1
e 4 e

SHeh, SuperPoint®] AF7| A S5

4 d
2547

(a) Interest Point Pre-Training

Labeled Interest
Point Images

LR
i

2! 6. SuperPointe] X7 |X| =& (seli—supervised leaming)2l

12 7. ALIKEDQ|

38 Hof-22-AlA

Base Detector

29

o g3

A7 A =

fu

[o]E1&

El> lo

=q0] 0t
a5}

<7 (base detector)

S A 7 7

(b) Interest Point Self-Labeling

Unlabeled Image

i

Base Detector

fossg”

I

SH52
TF S Fo1Rl Bk ojw]Alof AR 7A] WEE Sl
RAEE ofg] oju]x|of| MagicPointS 2-83t ATES g5t
heapmap 2 2 FEHAECE 3 descriptor®] 8H5S 913 &
HRE wjAS oju] AL 9l ofu]x|e] MES Fal A&
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& AT 917 34 Wolc), WA ofolriolz NeRFe]
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B AF 03, A WA, Teln o] & WES

wolal A Ajol9] S olAsHs 24T Fo)
Gue 59 BAL St 91 274 B wes
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o dol, CNNOR & A2l olujAle] 543}
A ez A E4S wART ol Edl
2D-3D &3S 931, RANSACY AgE PnP &ty
22 ALgatol el £28 FAa, A A2l
FrA8e &85to] o] IS RhERIe =N 917 349
HehEs AT o AT WAL 7jRAe 9% &
g A AREsHHAE w2 Fe=9] 917 245 94
o 5 e wolEe 37 wae] g HAHY 1]
7F A3 Qlo] Foixl A ojufx| 9] 7|t AAIE Hi=
FA (regression)dh= W T Tk PoseNet [5]2 o|#gt

s Camera Pose
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J {
Features Neural
Extractor Renderer
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Descriptors Descriptors ~ Depth RGB

Y -SSR S '

By gt Nt L1V Luse Lssiv

T2l 23, 212 0|0|X|Q| descriptor?t NeRF 2HEH2{2to| &Alska
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Input RGB

Correspondence Prediction

Reprojection
h5 Errors of h,
Hypothesis Sampling

Scoring  Probabilistic Hypothesis Selection Result

12! 24. DSAC2| scene coodinate regression (w IHE)dt O[27Hs5t RANSAC (v IHE)S 0|26 M| SS= [41].

Aol AR A2 S gld] ONN A o
B0 S WO} nd—to-end IO M (4o =
FA 7129)) 7heke] ZAAE FAETh ol=gt A
absolute pose regression®|2}1l sH=d|, ©]F T}F3t F
2 AREEE Aol Sl 1 5 diEAl W
scene coodinate regression (©]3} SCR) [40]o|t}, SCR-
ML 5sle] Belen el o] 2t Tjale] 334l 91k
£ S95HL, o]E 7]E RANSACH} PP Lale] 52 o8
sto] 7hH|et AAE ES5RIHE PoseNetof| Al AR-ZE abso-
lute pose regression XU} end—to—end <ol A gk dF Ee
Aoz 849

DSAC [41] SCR {4l NN Falf A f 32H¢d
)R] (scene coordinate)2 Lot HE(TLY 249 w TIE)
T} RANSAC 222 07 Fsahes wisol A7
= Foll T HE(TE 249 v 9E)S Fe 7heke]
AAE F43It 53] 7] RANSAC ¥a18] &S A%
o= thAstl=tl, (d3kelE9 policy gradient T7g T} -
AVeA) 7H #319] 7S A8 (hypothesis selection) T}

Y

¢
o

o rl

o r

AN

o] sk5o] 7kl wHElth webA DSACE F 719
SR AR ES 0] §8) THA] end—to—end Hee]
visual localizationo] 7F53HEE 31T}, o] AHE
DSACH++ [42]& 7|9 42x42 o]u|x] H2|& YHOo

A43td SCR HEE VGG AEY 2] FCN(Fully
Convolutional Network) ©. 2 tA|5}11, DSACS] 714 AHH
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W97} S EES QI E 7]E RGB-D oju]A S

o] g5l HES RGB o]u]A|Z o] &3t 4= Qe A A5}

ek, o]% Xk a&A% YELA TR} 72t 2}
Al 22 eF F2-S 7413 DSACH [43]%= A<= Sict,
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ing(DSM) 2&& o8&t 914 74 oItk Cost
volume2 7]& AHH L A,
ti-view—stereo oA FALEE ALtsl7] s AREE
th. DSME 2D-3D EOIES] uhy AbeS Eaf gatat
2] =4S 45} cost volumeS AFE-3F T} Cost volume
= 1918l Azl olnfA 9] A 3D scene EZJIE
Afo] O] AJHBAE AL, ol FAe= ZARR] A
T2 AR v scene Wit 2D-3D A o] =7}
th2 7] wj&of cost volume?] A 7|7} E2}A| 5 o0]= CNN
2|7} ol Y2tk DSM2 AF9] ko] SRE A2 sto]
CNN9J jgl o=z ARERlt o3 CNNe 53l A= =s
F7gstaL e oju|x]¢] 32 xS FATIT T
RANSANS} PrP 912258 B8] A4S 2331k

ACE [45]= end—to—end 31458 9J5) AMEE] Qe Y=
3 A1, re—projection error7|HFe] %25}l MLP 3=
£ ol83ll 4= Al7tollA] o] Aeld Shs5 A7k 5+ ©f
W2 SolHAE & Aes FAlshE 7153 24t <l
T (acclerated coordniate encoding; ©]3} ACE) W o|t},
ACES 8 7H5812 918l WA THTI9E 2e] e
ent decorrelation) 5 ©]-§-3t S5 RS ARERITE, AR
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5. Visual Localization2| A5 7}
5.1. 371 HIo|EfAl

Visual localization 7]<42] A5 H71E ¢35t thofFst H|o]
EJNISo] F7i o] 9t} KITTI glo|ElAl [46]7} Long—
term Visual Localization B|o|E|Al [47]2 717 de] L%l
dloJe Al e & dare)Fo] s H7EE HIgt A5, 18al
Hz|uk= Aaks Foo]Z]of F7iskaL St

* (419]) KITTI Vision Benchmark Suite Homepage

O Visual odometry/SLAMO]| 713 Y 2] ARE-E|+= H|o]E]
Al gl W2k A|gH(+ stereo camera, TiDAR AllA]
glolE A1)

0145 RTK-GPSE 53l &5 H4k(ground—


https://www.cvlibs.net/datasets/kitti/

truth; oI5} GT) AlF(1 ARIS o837t AH52]
[26]°f] 2857 2
* (A4)/9]) Long-term Visual Localization Homepage
oxI/gA| Wopt 2 AR vhefet G4 dloleAl
SR EREE
oflolgAl HS-: Aachen Day—Night, (Extended)
CMU—Seasons, RobotCar Seasons, Inloc, SILDa
Weather and Time of Day, Symphony Seasons,
Gangnam Station and Hyundai Department Store,
ETH—Microsoft, Cross—Seasons Cortespondence
1 2fof| offje} go] AL thefdt BN dlolEiiEe]
i, oSttt #F AAE T3l AR HolAE
[48] [49] 5= AR,
* (A12]) Oxford RobotCar Dataset Homepage

* (49]) Ford Multi-AV Seasonal Dataset Homepage

* (49]) NCLT (North Campus Long-Term) Vision and
LIDAR Dataset Homepage

* (4¢]) Complex Urban Dataset Homepage

* (49]) CrowdDriven (Mapillary) Dataset Homepage

«(A9]/%]4) CVUSA (Cross-view USA) Dataset
Homepage

* (A9]/%A4) CVACT Dataset Github

* (49]) Google Landmarks Dataset v2 Github

* (49]) Cambridge Landmarks Dataset Github

* (A1) InLoc Dataset Github

* (AY)) Zillow Indoor Dataset (ZInD) Github

» (AW/714) Structured3D Dataset Github

5.2. W7t X|&

Visual place recognition 7]<0] - GA} QlElA (E=
A4 ID)= o]u]A] HF(image classification) FA| oAl AL
B35l A S (recal) T AUE (precision) & E3f H7FgH
e (class) 7t 22+
Az RO S we Jo] aad] U ofulx]
H(image classification) 2} 2oL, wjeba] 5 U3t H7t X 3£}

T}, Visual place recognition A=

:z

S(hit) 0.2 HASIC}E T top—K recall?} o] 17h2] X5
At ol k7o) Aol dhal Aol HUES
w2 9}

71 9]9] visual localization 7]<0] 343t 321 7|92}
A= G0l AlsEe AS 47 LAE Akt
= Uk, 32 ZhElEt A= 7 Eke] 33k 9x|e} 3
A BAOR Ul 22 HA2 A posiion
error)2} 37 @ XHotientation error) 2 U o] E&ATH
A A3k, 3 T ] 39 947 Aol o]
Mo = 3349 4 Ajole] AX Agl, =
SHEuclidean) 722 AXFECH bpzl7R| 2 3§t
¢ vpkzE AlolQ] A e A= =
WA zelA oA s SHY W Bad

A 2teE AN 339 PIhe SaaEolt A
4>(quaternion) = axis—angle EEH O 2 LFERH 4= Q)

<, Sld=yE ] 35

uhﬂ:ﬂ— /\}0]4 =z .ﬁ_ =]

.

.@

where Ra = R; Ry

tr(R;) -1 )

0= arccos(

filo

= ezt Atolo] AiE el 33+ 3 R,
2= 9, thZhgH(race) Tt AFARRIGE o] &
z Arke 4= Qlek wkeF R & axis—angle

7}
FEHO R el 74, A ZHe(angle) hO] HIR F
H

Visual localization 7]<s0] 22 3219 7hH|2f X417} A
o HFEAZ ohd (R EE B4 G 1z )
A HFAR BT 407wt weba] 239 7t
ﬂﬂ?% Ao} A BEAL] Fghe Lo Hlaske] o)

]A}—?S]— _‘ﬂ _%X-]ﬁ'jl} i]—71—.9_ 514 Z]Z4 (E‘_—-_ o]

e Azoz ALl e A2 etsh
w3t} o]ZA| AXkE YA = A9 R] 2 X Hrelative

position error; RPE)Q} 7o) 7]5}0] At 9] %] 2 ZHabso-
lute position error; APE)Q} Lslo] 18517 = gt} &
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https://www.visuallocalization.net/
https://robotcar-dataset.robots.ox.ac.uk/datasets/
https://avdata.ford.com
https://robots.engin.umich.edu/nclt/
https://sites.google.com/view/complex-urban-dataset
https://www.mapillary.com/
https://mvrl.cse.wustl.edu/datasets/cvusa/
https://github.com/Liumouliu/OriCNN
https://github.com/cvdfoundation/google-landmark
https://github.com/GrumpyZhou/visloc-apr/issues/3
https://github.com/HajimeTaira/InLoc_dataset
https://github.com/zillow/zind
https://github.com/bertjiazheng/Structured3D

3] monocular visual localization 7|5~ scale ambiguity $H|
2 o3 Fhle A 2712 o % gick webd viswl
odometry/SLAM, SIMO| A= 7hdle; |29 2k A4
259 S-S Ksimilarity transformation) S 2l o] & HA
&%, 917 2A09} S8 2218 AT

Visual odometry/SLAMS] 739 7128 dlolelle] Hgt
a0 ofelg uio] Zhulet A kAt 9lut v
sho] A4 2 xHabsolute trajectory error; ATE)ZE E&
gk, el ATERS Zjolzt A12jo) A0l e A%,
sel)] eEs BAN] olele BAE Aok webd
KITTI Odometry Benchmark [46]9} Z+-& Al 7o A=
ZFolZ PAE 7+ 100m, 200m, -+, 800m THE= &)
a1 3 HA ZZH(path segment)of|A] $x] 220} 32
A& AR, A1 22t0] Zo| Lol MR 7
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A A TR TR Al Aol 29 o
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Methods Measure Types Point Types Check Points
NetVLAD [2] Recall Top—K 1/5/10
Satellite v1 [26] Recall Top—K 1/5/10/1%
Satellite v2 [27] Ratio ( Position Error im/3m/5m
OrienterNet [33] { Orientation Error 1r/3/5%5
InLoc [4] Ratio { (Position, Orientation) Error (0.25m, 10" / (0.5m, 10°) / (Im, 10°)
Visual Localization Benchmark [47]
HLoc [12] Ratio { (Position, Orientation) Error (0.25m, 2°) / (0.5m, 5°) / (5m, 10")
MeshLoc [29]
. ( Position Error 0.1m/05m/1m
F3Loc [32] Rtio { (Posttion, Orientation) Error (1m, 30°)
DSAC [43] Indoor: Ratio { (Position, Orienta_tion) Error (0.01m, 1°) / (0.02m, 2“’) /(0.05m, 5°)
Outdoor: Error { Percentile 50% (median)
ACE [25] Indoor: Ratio { (Position, Orientgtion) Error (0.05m, 5")
Outdoor: Error { Percentile 50% (median)
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