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Robust Global Localization based on Environment map

through Sensor Fusion
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Global localization is one of the essential issues for mobile robot navigation. In this study, an

indoor global localization method is proposed which uses a Kinect sensor and a monocular upward-
looking camera. The proposed method generates an environment map which consists of a grid map, a
ceiling feature map from the upward-looking camera, and a spatial feature map obtained from the
Kinect sensor. The method selects robot pose candidates using the spatial feature map and updates
sample poses by particle filter based on the grid map. Localization success is determined by calculating
the matching error from the ceiling feature map. In various experiments, the proposed method achieved
a position accuracy of 0.12m and a position update speed of 10.4s, which is robust enough for real-

world applications.
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Fig. 1. (2 Environment with robust features, and (b) environment
without robust features
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Fig. 2. Changes in the environment

FAEE ol§7 A YAIFAEel diet d& 2t 5, 6
ollde A 23 d dE8s =&tk

B eBoA Agke SRR
T 9 27 EAER pAEd 94 SRR 9%
A wesele ol galo] WHemNE dyEAS =
Zsto] A4 Aol AAEL FUE AN 24

s 74ﬂ7§E§ ol-g-3t P‘Waﬂ%[”’m i S ==

AR, WA B4

L

|
O:

2.1 AXKIE 2ty

Fig. 3(a)°l Uehdll AAA| == 7|9 E AlA 9] 3D A2|H
HE XY FHo] F9sto] A= o = 2D AYAEE ©]
251od ZAJ T Fig 3(b)2} o] A5 7|UE AlA Q] A
SRS FolA 2AY, Qi 2ruel 22 2D A7

Mg Emﬂ e 030-15 e R L
A
=2 T

Shaped) S4P& AME3IACE Q@A £
o

o EqozA = 5%
z



98 =53] =54 49U A2 (2014.6)

o] ALg 39T Fig 4@ AAE SAAES el A
olu, Fig 4b)= AEo] 52 S450] £HE te A
olct.

Corner £€ il_tul'CS

; g
o E

Arbitrarily shaped features

Jl

Tp of Recgular Vent
door lam

@ )

Fig. 4. Buiding of ceiing map using arbitrarily shaped features and
corner features

23 37 SHRIE =Y

T EAXEE 7ME A49) 3D AelAnet A
A FE3 SIFT S49] HES o] g3t A4y, Fig
SO)ek 2ol FEE 5L ol gt AHE B 544

1
rlr
e
aQ
W
&
e
S

53

o} Fig. 5= 2449 45°] 7=
A&AE LR ol, o= A&Ate] i o

Wi, r2 3718 veploh dA| AREE 33

L A& ARl 3D HwE LI

. . SIFT features
Kinect image -
1
I
w)
g
| ¥ [
Spatial feature map CINEIRN
(a) SIFT descriptor

(©
Fig. 5. Spatial feature map based on SIFT features

olgto] A4

=
= —é_
DAtk A= Ao 72t EASS A 7HE GAl

SRAE AAsleY ol fH 2R 2 Ee] Bo
2 A1) 9o oigt FRAS qetdos 24T 4

gloms A X3 Aol 27] Fuael

BRE Wolos] glstel Axe] NS o AR

Ao] Wastch. of u B et BE EAES
_]

u, g SYEIe] HTE Btel F o A=A g

Fig 78 @A) 719 A4} (Kinect image)7} £
H3e Ul Aotk o714 Aol 42T SRS o
9]

o
o
ox
i)
10

oftk. 4] (N2 T3k FAFHL ol g3t 5P 5 K of
ot MRS TRt o] 7 4 gk

SIFT descriptor ~ Feature image

Unrolled spatial feature map

Fig. 6. Feature image containing all SIFT descriptors

Feature image  SIFT descriptor

Kinect image

Fig. 7. Matching between feature image and current Kinect image
using SIFT descriptors



)
Kl = Ki —HK
o] HALE tf33} Zo] filsto] lE WS 3Tt
w=Y" sk’ 3
- Zi:l i 3)

SVD(singular value decomposition) 7192 AREsFe] Th2-3k

Zo| WY e Halgict

w=Usy’ @)

o714 = PE We Eo|gisingular value)olr, ¥H UL}

Ve olgatel Al R SiAel o WY Rak T8 47k
& % ek

R=UvT
&)
T'=ps —Rug
AR Y R TS Mgoku ek oheat 2.
1 N
= 248~ (RK,+ )} ©

o714 e me] SIX oIt 2io] FuAY A7)
o3} ol g3te] Theat ol T

r=a-& @)

oA7IA re 28 FRA) WAE, ok HlEAelth 23}
7} E4% 28 FuA WAE ro] Atk
AR o] WAL T GO olgstel AT =

T 3% B B0l 285 Wit M 2

»

o}, whetA] E%: XM A HYE Bl o S E
A& AAsh=d), 1 72 Fig 83} gk

Fig. 8(a)= 33F 5% ‘XIEEHH et 54 o83t
of RO QA5 FATE Aot} ALk A At
2f 2829] $J7] FHA9] F7]= 02 YERdTh 2R
AR 3HE shaA o 7Y E 4 54947

a

Fig. 8. Candidate areas from matched features: (a) candidate area
from first matching, (b) rotation of candidate area by &,
(c) candidate area from second matching, and (d) rotation
of candidate area by &

S TR A7IA 2R IS st 2R
Sz onke FEE FEAE AR ofFA e
24 250 o)ido] drEge ul, U4 2R3 g2 W
FE ke FEAF AR ES $HEA 19] Y2 Fig 8()
oF go] FZjolA =t 23 23] HA[AFE 7Y
E G A el Aoe F5k] Fig 802 22

SHA| 27} ARk Ao @27} Fig 8()9] bRt 2
oW, $HA] A7 re Bk 2 Y2tk thA] 250
IR I R A 92\1} SZo|A Ha THZA| 13} 2=
0,91 o5 s Hrt 2ol ARt 3)dste] A
HA| = Fig. 99 o] yehd o= Sloh 2h2ke] At izPﬂ
uet 25 SW 2|0 37|17} th2A Yehdth Egh SR
A= 25O AL vkygslug mE gt Wake 7HA|
o, 7)o ARglo] AT Ao MEES AL
2hA BEsHA A FERAYSE HAY HE9 e

3

7hF7PER], A 2GS TG FRAN B
of WEEo| LA S ok LA Yo A

\@f

Candidates|@®

Fig. 9. Candidate areas from matched features



100 235}3] =54 49U A2 (2014.6)

€ G2 W9l HESe] ExdoR wE S FEe| Al
ol A A AA

chi
o

41 JWNIEE 083t TIEIS TEf 71

W wRolt U BeE olgste] B Fun
o IS LA 22 A5 A
shIell et ZI9E AIAE ol
M= AR B FOVE dlslol 0ls]
FAsHs BAde] olek o8 A $istel o]
Al FEA AW Tl JME ANRNE 53
360°71 2| 412 o] g3tk of TS glste] A ES
AAska, A AMHERRE A b woledk 7
AAEE A4 Bl dofol AUARE H5
Sfeto] AbgEE AERA, WA 2o A8 Wl et
ANZE AARE AR ES WA FHE A4 WS
ol Solen] g Aao] Aul Aui ol MAAHE
AAE] THAEREE 58 4 ek oEA Fozn
23S JfEoR 23 Fel RE AgnE J53 5
ek o714 mito] WA BEHL Q= AE AL
o) Al ol 21el9] Al A5 Aol |
ARE ] Anzha Beel] ofdich mebd B el
= olel@ AR 7M Al netn EAd,

7hgo] AAAReE MBS T A gRE
W 2 Ao FHA e A 4 itk WA, Ad
W7k fARRE 28] Slstel  Aeize] Aol2
RS

[e)
-
=%

=

)

(5

Virtual robot

Grid map  Virtual map

Fig. 10. Virtual range data from virtual map

K
e= (= —oMy ®)

7893} e ZHo| A EREE IES AR
29 ARA A oS SIRA AmRRE BT A
241 0,2] Holrk. o] W, ray-tracing WS o] L:5}o] 7}
BAELE ARA oA AR EE FETTE A (8)

1=nkeke] 29} 0,0] AtolS Al o) TS Xz 741
ARt Zom, K= 3602 Uehdth SEdedle= 23 e

o 7h9Ajeh 2o off thaat o] HejEih

Ps(e)=
7 \/ 276° 20

71N oo A zbe] EEHAE Lpehiich. B P
7ele] Hol7h 245 Holl

2 B3 A4S BB AAlshe, wEAl WYL Fatol
239 937} 94k

_n
_{\l
kS
1o
o=
i<}
jr
flo
o
i)
o

Rige = 1—dpy /d (10)

o714 Rus S5 AFAS ehiic 2] 914
2 B FHSRALAZ W] 98 Sl ol
o Bastm, o BN 20| o|F3t A2lE det =
stk 2, d 230] SIS sk Slaf 24 &
o157 elolth dyte 919] TN Y ST A

(e off

£



Lot ot
g‘lr’
N
o
r (

_|_. o>"

£
Hu

e Hxlzﬂ ”JHE RMP OZSEEP
ok 025 e $oto] A¥HE

.

i\él
rlo
o
)

43 X.j°=' %
250 913 Al
HX]Z@ e %%94 Lo R o]Rojiith WA, 2R
z7] $A FHEAE Aske oAM= 23] AR
o FHgge] gt AR g5ste] 25 94
2= g
ol 2R MEE FEAIAL 360° ZHEE °]83)
ol ME59] XS AR AEo] Hstol 253t ¢
27} AR EW, 250 2712¢] O]E—— E3t0] M EA
Aot AA| & Blaste] e o RS it 25
of Y7t et A=kl w9l EH BERO| 2o
ARy RS ARt =5t HiAI7t Frgeteitt
A1 A, 919] IS BhA) HHERIT: Fig 112 919 2}
& 1] =Agkt Zojth

Generate pose candidates
from spatial feature map

v

Update robot pose
from grid map

Localization ¢
failure | Confirm robot
pose from ceiling
feature map

Localization

success .
Navigation
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