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3™ Place Solution to NAVER LABS
Mapping & Localization Challenge 2020: Indoor Track

Z 9 g, A447
AlZ g8t Robotics and Computer Vision (RCV) A4
{jwon, dchan, ykchoi}@rcv.sejong.ac.kr
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B =72 NAVER LABS 5% Mapping & Localization Challenge 2 E 2o #7lsle] 3 5 A4S AFE
SejongRCV ® o] W Eo] tha] sttt . g2 i3] Hzd gar|uk 9 ]"J’—%‘(Vlsual Localization)
TAE A3l H5] Image Retrieval "H 22 Ensemble o] A9 9 (QR)Y AlZAHoRE FASE 34
TH TH(Top-K)&  tlo]EHo] 2ol A u*—‘.*?‘f_“ﬂr. a8 FRT o] JAES 2 3T 718kEA
ARE B2 A A H(Reranking)3tL 7 A SH (Top-1)S HF Agsit}, o]% oA Melw oJAito
Zhelel Rl AR 5% 3 244 X]EE A o]&ste], Aol FAdol FFHE Fhrletel KX 2 A
2 H(6DOF)S A3}, SejongRCV H o] WHEL (9% 9%} Zt= 939 7]F0e] (0.25m, 10.0°) / (0.5m,
10.0° / (5.0m, 10.0°) & w Z} =7 o]} AT 73.05/89.11/96.67 & ATS KA. B =FoME AT
W dig Mg AWy A AdRE fske, Ao AREE Z=s ol HAolA gl
7}&3}t}. https://github.com/sejong-rev/SejongRCV-Indoor
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1L M2 285 Qlth. &AMl =4 (Pose Estimation) THAI=
= 723 2k A= oA Ao Jde] 9 9 A4A
oJ2k71uk 9] 2914 (Visual Localization) GPS A} & T8k Aotk WA 7B fAbebrhaL %‘i‘r%
fo] o]g]g AU Firo|u}, GPS A& E AlFd 5 FE G (Top-1) Ao G Atolel 3 Ak 914
Sl AT dE Aol A 91A] A4S Fstr] 9 WAE AR T2la FR °ﬂ”lﬂl A AeE
& AEEE 7)%olth. ol g ARE /\}»‘lo}“ AR L AA FE9} T"é% AA L AH HARE
Z)s=oln, f1A Q1AS g FHH 3 AY A= 23 lzﬁ&f& Aol Aol A 2 M HARE
g3}, dloly] sizolx F33g Mapping & Lo- 733
calization Challenge 3= oA g3t GAa7ak 9
2012 FAE AW/E o] tET. i3]
of Ayl Eag 98 AFE dely Ao ww @ 2. FHE
o e L s e 1 el wERALm, ) geqt seongRev WO WHES A4S
TS 8l AlAx g 7 Al g g e 71Zeith, 2 1 Ao A= Ao gAral GA}s A
A% AN BR S FYE A 3 AL o w2 3] AN AST 99 9 pHE
HEmE 7 AT, o ojs) ATk 2 % 2 HelAE fAE ako)
SejongRCV €& 18 1 7} e dolxgelorn  FH wF Ho G4 1Y AAES AT v
gA7|uE 9914 BAE st WA, g ARE 7ol i) Al 2% 3 M= oA
A A (Image Retrieval):= A& © o] g Ho] 2 Aeg 7HF FARSE Gde] ARE o] &3te] He
el Al Aol AAQR)H FAFS kel ZTH(Top- S FFE I Fhete] Al 4 Aol o
K)E 3+ BAolw, gL Aot 1 HAS 9 af A gt

3] o}4E(Ensemble) FEj o] 7S A HA 3} _
sl 2.1 G4 HAM (Image Retrieval
Aol &gttt A H(Reranking) THAlE A= se a4 (Imag )

W T 9w e 4 7 A9 Adk(local 94 7 A(Image Retrieval)> )&% to] gl Ho]
matching)S Sa FAL=ZS AL dte Aot 2wl Ho FAQR)F FAREE G FE I
oluf, X9 A3} RANSAC & E3] A& <lzto]o (Top-K)E 2= Aot} &g FHFe $4 mE
(inlier) v F & Abolo] AR H7F AxR= JAe A9 7<% A (global descriptor) = 7] 3kc}, o]

* o FF ARE uan, t & mwA ARE


https://github.com/sejong-rcv/SejongRCV-Indoor
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I Image Retrieval I I

I I Pose Estimation I

Top k Frames

Local Descriptor
Matching

f)

1% 1SejongRCV ¥ 9] i}o]x

5, dolgHlol 2~ o FEgE Ho G 119
FAFE(L2 similarity) S AlAbete] fASE 94 &

TS ZH=t)h SejongRCV HL AAS 7467
3 "o 7142 E NetVLAD[1]¢} APGeM[2]S 44t
E(Ensemble) g A 7|EAE AMEetglon, &8
A Vle=A Ade T wE AAE 913 kNN
daEFE AHESHITH

NetVLAD[1] NetVLAD = 94} 714 Fofo A 7]

= AEZAH wpaol VLAD[3]°ﬂ dyygde L3
W 2o|th, VLAD &= A9 7]+ Ak(local descriptor)

FE8 BE GAA giEHe A9 eEAE
AAsta, 54 449 A9 7=
G AE Y For He V|sAE 7
Ith. ol9} &g NetVLAD = WX
(Backbone network)S o] &3] 3L feature & 7=
sl e THE BRE JAEQ feature 9 T4
AE o A ¥y Aol HA, OE THE &
FE ANEY feature of FAHAE o] Az ¥
ztol= HA7F H =5 st Zﬁ@—% fi}%’\]ﬁ 13
T2 E2d9E A Xd_‘?% NEAE 7

oltt.

APGeM[2] GeM Pooling(GeneraIized Mean Pooling)
< 7|= feature ©] LS Fol7] flal AbEstld
Max Pooling ¥} Average Pooling & 7]|4t3lo] <5 7}
e gEuHE Frhstal AEAG I Ee| T
A 7lEAE VEshe Y WHES IF Ut
gk e g o 4311 g5 delHol wel Max
Pooling o 7M7) 2d 4% A3 Average Pooling ©I
771 A = Q. o] 3k GeM Pooling & g5 Al
2 o 71E= s H7F A AFEET mAP(mean Av-
erage Precision)Zt= A% AAE &4 g5z A7
g W ES APGeM o]} s}

H =2
Ensemble 54 WHEESR
Teré %O]”’ H]O]EM] ot

o
12
T
o

=o]7] $j&] NetVLAD 9}

o} AFE 3k}, oFAE 8 u] NetVLAD

oo=E =2

Local
matching @

Max inl a&
ﬂ = E= PnP E:}Q
| frame-1 I RANSAC Camera

The number
of inliers

6-DOF
pose

Find Max inlier
num frame in Top K

ekl
o] A 7]& A= PCA & o] 83lo] 4,096 2oz
FAAFAA, FA2E NetVLAD © o] 7]&xie}
APGeM o] A 7]&AE o]o] Bl & |2 A3}

& A& P%D‘r.
2.2 M™&A (Re-ranking)

B Aol AREEE= A9 71 AK(global de-
scriptor)= Q1Y FHAA G W A HEE
s &, A9 V1A B (classification) 5
T TAE A5 2 ¥ (identification) % &

Aol A= ojg o] mEteE S on|gtt. J4
Ul Ao AH 7|gto g A FEd Ve EAE
dstr] Hal 2 'S AFHolgte HHE AE
3ttt A4 E(Re-ranking)o] & 2 <] *ohﬂr o] ]|
AL 9 TR 2 (Top-K) 3ol A 54 A
(local feature matching)S &3 A4 I+ FAIEE A

AArslE AL W}l SejongRCY B AAH
12 © &2 PnPR(Perspective-n-Point Re-ranking)< AR-§-
sgom, MY PHE A A BT A9 53
Xéfﬁoib AdS F3 D2-Net[4] SuperPoint[5]

3l SuperGlue[6] < SuperGlue & A}-£3}3i ¢},
et[4] 0] lﬂ]—?G (=4 x]od
Y e #ARE ﬂx](detect)?} =, @l
HHE 7] (descript) S},

=
=

7}

= %%‘ 371«] BAE AHgshe S
scale)?} G4 =7] WEte] wE FeAAs
Al 7= 2 A HAGE oAy Fo G4 I
T2 Fo] AME3l= D2-Net MS(Multi-scale) = 1+l

=3
SuperGlue[6] SuperGlue

(self-supervised learning) S =
SuperPoint & &3, F

A7) A =
dAE A9 7leAd
Gl Ad 7=

RaEdils

L.
R
pS|
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o)A@ 74 @ W A TR e A
d& &83le] Attentional GNN(Graph Neural Net-
work) A 2 st5AI7E W Eoth dld Wy E
& 7 G e AY AR Al 7 Qe A
o JleA B 2 A ARE 8574 T2
FdHow A o] 7hssi

PnPR PnPR & 944 31 9] AAES &) =
dgt WHESRE 7 G U9 Ao BPow I
U-&HY 9 R o Ul 7zt ddE 3 A4
AL FHEE o]gdte] PP Ll Fel AE FiL,
°]& RANSAC o= HH3l % A7l <dgtolo
(inlien)o] 7= AFdst= HPEC|Th ol & 9%
PP dag]Fo 2 3709 3Ad-2 29 #HE At
om ¥ AX 584 2 AYEE Hols

AP3P[7]E AF&-3F3it.

2.3 AIM| F=H(Pose Estimation)
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o
sto 2 -8 (corresponding point) FH xS ol
al

32 ox o 10 12k
N
N

Aot agla AL aE&dS AR a9 2 9
o] 7Fg FAFSE el Al Hrel A H ol
seba] e (Intrinsic Parameter) S E3] 3% 3 249
AZ= Aol HARE TP FANSE FEeE ALY
(projection)sto] s Fdt FS ol F+= 3 A A

S FEo3Th olgk ol &4 3 AY HAHE
2 2 A EAFFo] FE2H e AFgste] 3 A
-2 A HE S HENeH, Ha S LS

A% 3 249 dlolE] ALg Al Aelneeld el
Hel o3 % 39 AW Awe] o= A8 2 7
A A 5% AuA AHAAA FFHA R
7} AR ol 3 A delEel b At
A9 E4F AES BYIE PN Hds

o,

¥2 Ho ox

(c)
32 AR A,
S ol 3k AR

ation A WA o=

= YYo= PP gaElEFS FHA st
Bl AA ARE FASUTE PP &
OS2 AP = AREERgler, 4 ASEE
71 flell Bu 2He 3 Ak AR 4 EE
SH= Covisibility W24]S AF-&-3}3 T,
Covisibility 2] d<9¢] 3 29 A=
7Hd frAbgE Gtel UEtll= 3 Akl Akol=

(o))
O
o
o
17
@D
m
%)
=
3

e @ v

ofo O X

3.4y &3 9 24
3.1 Dataset

g3l AlE dolE Al vkl Hojust
1 53 A8t 1 Sl ZFEAon, 994 AR
Fotete Shs HlolH S dadEs Fd I
o] §1x BERE FAHsoFet= HIF tlolEH 2 Uy
o7 Zth g5 wlo] oA AT EE /4 Basler
7hig} =& Samsung Galaxy S9 &2 FHHloH,
7t FhletEe] gl gol A ughw E(Intrinsic Pa-
rameter) = A A3 At} Velodyne Puck sensor =
- F5¥ LIDAR HlojH= #9349 43 A=
oo AFHAIL, dlolW FHoA AA A o=
T 1Y 3 A AxRE A AEHA
7F dolg o] A g5 dlolH 9 AR tE E &
FHRNoH, 3 A golrk A HE glo] Jhulet
B G Fheete] Aol d AR Aley
Ak Aol ARE HUF Ade A A 4=
9219 7]50] (0.25m, 10.0°) / (0.5m, 10.0°) / (5.0m,
1009 & W 7 =3 olfe dve S W
o= AEEE ALtetsitt.

2
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3.2 Implementation details

Pre-processing & w3 ©loE] A dF=
= o] AAEA &2 ‘dEli(distorted image)
AsHAN o™, SejongRCV ©H2 A= of=o] %
E42F A%k (Local feature matching) As #3}<]
Aol Hlmz g AN daugs & A A A
g FAS B3l G AWFES AAGAT

Image Retrieval NetVLAD 9] 4-%-, Zo] g%
(transfer learning)= 13l VGG16[8]= - (Backbone
network) &= A3t ar, ¥ 1 9] vl AFS H3)
D2-Net[4]°l 4] MegaDepth dle]E] Al[9]o.= 54
AFA 8k 2 d(D2_NetVLAD) ¥} Pittsburgh tlo] & Al
[10]0- % Sh5¥ AR ek B (Pitts_NetVLAD)E At
313t olwl NetVLAD ¢ TA% 4% 64 o],
9g 9gA A7)E (512, 512) o]t} 5 A, G4 =
7 B e A xdES dFety]l 918 Met-
ric Learning 7S Alg3sly, ¥ €& Sy e
HH o 2 Positive/Negative A2 FASHATH 7]&
Gl ZFE JhvEte] fIX/ARAeL Hlulste] @
27k (0.5m, 10.0°) o]ui9l S5 wlelE] Al Positive
Mo w AREsERom, 1S whEsheE FAol sl
= AfdE LA EEYE 59 (1.0m, 15.0° o°]
el o5 zh= JAS Positive Ao AMES1S]
t}. Negative A< A-$- 7|5 odxko] &9 Fhvet

H 2 AAE mus) x & y Fo2 747 10.0m

2

e

_{

A

o4 Wolxl A4S APoz Melshel AL

APGeM ¢ A%, 37}l sh5 gle] ImageNet
toly Aoz AR &5 5 d (APGeM) 3}
Google_Landmarks ®|o]& Aoz 35w ARHE<E
2 (APGeM_LM18)S AF-g-a14it.

HEHO R, FAF G4 AN Asds
ofel 7leAE 9 AREshs dE(Ensemble) 7]
He ARgsith dw ddiwsld doly Alo=
Aol  8h53t D2 NetVLAD  9F A sk ElQl
APGeM, APGeM_LM18 & o]o] &o]il, o]& L2 74
T3t sko ARESEITE olwl, D2_NetVLAD o] 75
PCA & ©]&3lo 4096 APo= Y FH42 T A}
&3t3ltt.

Re-ranking ¥ ®©-& A9 535 A3 (Local fea-
ture matching)= 9|3 MegaDepth Hlo]g Aoz 3
F¥ D2-Net = AF&3}3UT}. SuperGlue A 5718t
F2%4 glo] ScanNet o]y Aoz 3t&H AR
FRES ARSI, Y e A7INE (1024,
960) o= W3] A-&33lT).

3.3 Experiments

2 HoNe A¥AH A5 HASE 1495 99
F7HE dlolE] Ale] obd HFE doly A& A
goh A58 deoly A& oS ol 7SIt
gt dolE A(Het 1 5) & 2019-08-20 o HH
dolE el AR5 ATE dHo|H =, 2019-04-16 o F

Wol 4 AYH doly AAS q5§ deolH=
Agsth A58 delHE 9% AEY

Al s G 10 299 1 4L Aded F
405 g 02 FAHAL,

Image Retrieval 3£ 1 9l A] train X & A}HEHE
99 o] &3t AFgA HIE ow|sly, train 0 = 2
el AleE dHolE® ShsE HolshsRds
o]-&3 HIE 9wt AT W7l A3 dE
(Ensemble) WHEo] 7M £ Hes EHIoH,
o] AY (3 2~4)olA = GEFE 7o JA A
7l AdE A st A5k

e

Local Matching tFst =9 7]<X}(local de-
scriptor) & 2 i3] Ao g A A9 )&
A5 dAAs 7] Adl, HAE 93H AR Esr] ol
M A 98 (Top-n) oz A F4 A3 A
gkl 2 o A9 A, dEAA dagsd
SIFT[11], Root SIFT[12]¢} H| 1/ gS =] D2-Net =}
SuperGlue &= €53 53 45 Helow, D2-
Net o] 7} =2 %S Hvh. 124 SuperGlue
o] HE &5+ D2-Net o H|3 2 viAE w=o=
ol vk % 2 oA D2SS += D2-Net SS, D2MS
= D2-Net MS & 2]u| it}

X1 A58 dolE AlojA
Image Retrieval ¥ &0l W& Top-K AE%

Method Top-1 Top-10
SIFT+VLAD 2.22/9.38/40.00 4.68/17.53/64.20
Root SIFT+VLAD 1.98/8.89/40.00 4.44/17.78/66.42
D2_NetVLAD 0.99/3.70/17.53 1.48/4.94/29.63
(train X)
D2_NetVLAD 1.98/7.41/46.91 4.94/20.25/76.30
(train O)
D2_NetVLAD
(i X, POA) 1.73/7.65/37.28 3.46/17.28/68.40
D2_NetVLAD
im0 Pen) 1.73/8.89/45.68 4.44119.75/75.31
Pitts_NetVLAD
ain ) 1.23/5.43/29.88 3.21/14.07/56.79
Pitts_NetVLAD 1.23/8.40/45.93 4.20/19.75/71.36
(train O)
Pitts_NetVLAD
(o X, FOA) 1.73/7.65/34.57 4.20/17.28/67.90
Pitts_NetVLAD
(1ain O, PCA) 1.98/9.63/45.68 4.69/20.25/75.80
APGeM 1.73/6.42/32.10 2.47/11.60/59.26
APGeM_LM18 1.23/7.41/34.32 2.47/14.32/64.94
Ensemble 1.98/9.88/46.42 4.44120.00/76.05
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Top-5

713 3SejongReV B9l AF stol kel A G 14 2 2H24'§ RECEEE!
@ 94 B4 (b= Top-10744 0 & AR F Top57pAel AAH A% ¥4,

A H 52 = Positive, 94 E]F2 £ Negative 2|1

3z A= dlole A X HlAl O 7 .
P RN R ey 3 458 dolE 4014 Ensemble 405
Ty S o] L Ek AA| =A A% o AZ 94 M fAREE 94 TR Top-10 A4 F,
T PAPR WA o% A delel MR A% Akl
Method Top1 Vg R e olgw AM 24 A
Ensemble + SIFT 17.28/29.63/54.32 Method Top-1
Ensemble + D2SS 41.23/52.84/71.60
Ensemble + Root SIFT 18.77/32.10/58.52 nsemble
Ensemble + D2SS + PnPR 51.85/67.41/85.68
Ensemble + D2SS 41.23/52.84/71.60 nsemble "
Ensemble + D2MS 39.75/53.58/70.86
Ensemble + D2MS 39.75/53.58/70.86
Ensemble + D2MS + PnPR 51.36/68.40/84.94
Ensemble + SuperGlue 37.78/51.36/69.88 nsemole :
Ensemble + SuperGlue 37.78/51.36/69.88
Re-ranking g4 A Aﬂ(|mage RetrievaI)A Az}el Ensemble + SuperGlue + PnPR 51.60/64.69/85.19
As A8 FAeE 939 FH I (Top-K)= PnPR
Wi o 2 A A (Re-ranking) &+ ¥, b4l A +
Atk AdE $F, 7FE AR Oé*(}(Top-l)Qfé X 4 7AZ& dlolE Aol Ensemble W20 2
A FA A E 3NN W SRl RE W 4% DA ik 94 Topao 9
29 A%ol AA AT AR s s PPR WA o2 Agddstel HAd A5 933
og/g_ FR o F7)E K=10 o)W, AA A A 7HE AL G4S o] 83 A A =4 AE
= E 3004 Sl Tk sk Method Top-1
PEETITT == Q. AL E
Covisibility 358 wlole  AellA gz Ensemble + D2SS 41.23/52.84/71.60
(Ensemble) Aoz d& JAF R TS PnPR W
Ao Agdsta A 94 7P FARE A Ensemble + D2SS + PnPR 51.85/67.41/85.68
o A F4 A, NG 3 94 17 A
Q4o 3 A HxE &8sk Covisibility of ot Ensemble + D2MS 39.75/53.58/70.86
95 vl Aue dgean, & add whe s
9};\_0] COV|S|b|I|ty HAS Z=71alS ] oy ) Ensemble + D2MS + PnPR 51.36/68.40/84.94
WEAA Aol BaEgor, naH 3 4 A
2 b= Aol 3 Y2 A FE 9o oy Ensemble + SuperGlue 37.78/51.36/69.88
oj| % ALod oxlE = H x—]u]@l_ 2} A =219
14 21 S o wn AR A 43 Ensemble + SuperGlue + PnPR 51.60/64.69/85.19

b5l stk
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4. 48

SejongRCV ®©-2 dlo| {7t F=agt 2 g3
A Efe Hrtste] HF& dlolH AlS o] &3
ot Ae Ay 3 (Ensemble + SuperGlue + PnPR
+ Covisl)S FHF Fol=xepQlor HAs Tt AA
H dolxepls o]&st U doly Al Ay
(1A 2k, 4% 22 7] (0.25m, 10.0°) / (0.5m,
10.0°) / (5.0m, 10.0°) oAl Z}Z+ 73.05/89.11/ 96.67 2]
e Aes Bl dld Ao dlojxgel B
O e ARER Ay EY gursdds 3 59

CEES L RS

e

g

A4

lo
i

o] A= AR (I =HRFTAT)Y Adez
FaATAE] AL Wwob $YH AT (NRF-
2020R1F1A1076987). Visual Localization {17 Ho}=
olZolytzd QAEe] AR AFES IHT T
= A hasE dol W2 BA= YL,

Fa 23
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