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Abstract : In Korea, the absence of BIM use in existing civil structures and buildings is driving a demand for as—built BIM,
As—built BIMs are often created using laser scanners that provide dense 3D point cloud data, Conventional static laser
scanning approaches often suffer from limitations in their operability due to the difficulties in moving the equipment,
the selection of scanning location, and the requirement of placing targets or extracting tie points for registration of each
scanned point cloud, This paper aims at reducing the manual effort using a kinematic 3D laser scanning system based
on graph—based simultaneous localization and mapping (SLAM) for continuous indoor mapping. The robotic platform
carries three 2D laser scanners: the front scanner is mounted horizontally to compute the robot’s trajectory and to build
the SLAM graph; the other two scanners are mounted vertically to scan the profiles of surrounding environments, To
reduce the accumulated error in the trajectory of the platform through loop closures, the graph—based SLAM system
incorporates AdaBoost loop closure approach, which is particularly suitable for the developed multi—scanner system
providing more features than the single—scanner system for training, We implemented the proposed method and
evaluated it in two indoor test sites, Our experimental results show that the false positive rate was reduced by 13,6%
and 7,9% for the two dataset, Finally, the 2D and 3D mapping results of the two test sites confirmed the effectiveness of

the proposed graph—based SLAM,
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1. M2

321 BIM (3D Building Information Model)2 2% &
Ztdo] 712 = 44 37 E 2 SHAIE 55kl Al
=0 gt B¢l JH A 9 v eho = 73S vk
a1 It} National Institute of Standards and Technology
(NIST)oll =R BIME B8l 744 AFgellA wid 158 &
9] A EAS WA 4 h& A o0& skl glom
(Eastman et al, 2011, Kang et al, 2013), olvA] A4 &
gk 002 A=l 71ofgt A o= Kl QJrtiWong and Fan
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2013). =] ¢ 227gollAl= on) 20129518 W5=5t=
5009 ¢ o)de] 35 &l itk BIM 282 of-slst
31, FEWEHANE 2020871K] FFoA W= E
5 S0C A 5 20% oVl s BiM= 21-8-g ofgolth
(C]AE ERIA 2015), 18] Zolli= x|a}d, 12y 4
e, /I8 T UR ER - A RS SR A
ot opel AE E3ek= BIM AE7F Q=L Qlrt
(Jung et al. 2013).

3214l &% BIM@3D as—built BIM)& Al E & B - A=
T QA= EASHA] ke W SFHHIE
32k HlolBE F5shaL HEy wgS Folo] mHstshe
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A dlog] HE, F5H dlolEE 7Iike2 ¢t 331 7|5
e 2% T2)a 2RI 9 IAEHS FEl S9HRE
sl HFH o2 ¥ BIME AR HlckJung et
2015¢). A oA ALE e BEX - A%
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£ BIM A7} HASEAJSFo & 23 BIMO] a7 Ax) =
7k8kaL glom, olF flsliAl= AU 33 ¥t AR FH=
7|&o] SR E ook gk,

oefet 32kl TR Sl wUEe] ZIIE Fukd-
et S 9= oA AUt F& ST gk
tfE2]0] AR Jung et al. (2014)S HIAE AZEo| 22
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FaAg 719k Ak 3 BIM -5 b gt vt
ik, Jung et al. (2015} 9H4l Hong et al, (2015)2] 9141-=
WA, S 5 B AYes gife g ks
skl 3x}¢ elojoj Q] mElhe AYAsle) o, H o= o
o] who] 3 AYE7he tifo R g Alarlg ol 9
Elg) wloto] HarE]l= S(Turner 2015, Ochmann et al,
2016) A A= H2FF7E Al Sl

SEANE 7180 1A ATl Q] A9 An] €] o] o] HA
B, AT ERIE HES I3t AUt /X A% 7)sol
hvi

B3-S A FE56k= S a2 3t olgd
4 27ue] BRke -2 2R10] ERAS 7417 wat
ope}, Z}7ke] Aol M7t 7eE BAE ok B
o] QJtHThomson et al. 2013), oo Hlsf| o524 A7 Al
2510 & =)= Mobile Mapping System (MMS)-> gt i
52 o9 glofA AHUE ARkl Alar F2 o HA] 221
E SEE FSohe o, gt g7tol| theh 223l
E SeReEs wEa golelA 53 4= QLo arke]
2 GPS 2 IMU AlME ZRE s, GPS A7} ©Hal=l=
AU A oA Hlold FH50] B7ksshrh Thde] Sirt
QIRERE A H FAlo] E7FsE A Aol B
uhel A|2gle] 91305 w2 3 AR FES Sl
Simultaneous Localization And Mapping (SLAM) 7|&©]
S-8E]0L Slok SLAM: 235t0] AP A7} gl mlR|o] &
1WollA F38& ARFeh= 7 1 o] thigh AP A
slol AAE olgste] 2ol thgh A =& 2MdstaL, SAlel
2MdE A wE2RE 220 A RE F45k= sl
(Song and Hwang 2014), &R EIA Holo]| A= o]u] Algst
of A-gH FARHEE T o|7} E|aL Q= 7 A}
of o|271742] ZYA S AL Qlrt, 53], SLAME 2559
AR =4 ffal = ol gk RS 53tk ol
A A 5710 3 Abm H5E HHoRE o) 7k
siot, SEAIRE IA U S5 9 BEX Jofol|A SLAM 7]
o] gg-o v I1E vy} glelom, 2015 0|27 Ay 37t
9] as—built BIM A|2k& H2 0= o)F4] A7l AlAH A

& K
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ZZ BM &8 95t Graph—based SLAM 7|2te] ML{Z7t 3XF K|35 A

2 9l A (Jung et al, 2015a), AU LREC] A w710
3} constrained SLAM 7|4:(Jung et al, 2015b)& 2

2=t BR - AS ARaS ddes Auletto] digh
FE2Q1 3 A0 AH H52 918l graph—based SLAM
EU

2ol FAH 9% o5 AH o2 A7 913t loop
closureE 23513l 9Jrk. £3], Jung et al.(2015a)0] 7iast
He] 270 Al 2elo] A FEH= feature HRE H|djet 2-agt
4= Q)5 Adaboost 714185 718t loop closure AR =
stglon], F AW IS de 2 HIAES 3sigitt

2. SLAM 7|=&

00t

15 AlA AEAE ] B 9 g2 e of| A
SLAM #AIE s astz] Sl ohafet HiEe] AEsle
), o34 ° 2= Kalman Filter (KF), Particle Filter (PF),
graph 7|8k HH So] 9lti(Song and Hwang 2014), KF
= 7Aoo R AA-Ie] AdS 7Hgstkal glerg HlAd
P Alagle] A-8st7] ofPrt, weba] AREAQl vlAdE A
2Hlo| Tl AR 7FsstEE SRS Extended Kalman
Filter (EKF), Unscented Kalman Filter (UKF) £0] =2 A}
L&At Arras 2003, Martinez—Cantin and Castellanos
2005, Shojaie and Shahri 2008), EKF= 25 du]|Ajo|4
oJu} GPS 8t 22 H|AF el =74 59 wofollA] EH
Al AREEAL QLo 27] @At AL o) vy
/Jo] 7t gl EAI7E HAE 4= QItkRyu 2012), UKF
= o|¢} 22 Y3t FAINES Hekshr] ffal A= glomH,
FA29] T AR Sl v AR A7gste] vlAd
3 B FAsk= WO R 7|E EKFE tAE 4= Q=
Hog RO vt Andrade—Cetto 2005, Wang et al,
2013, Jung et al. 2015b). PF= $AE3HIAAS MER B
+ YAHparticle)?] F2|=2 FHSITE MEQ] 77t S-Est
T EKFU UKFET HesiA|nt a7t 6614 o
A7 EAEE 4= Qlk, E3F PRO}F KFE SAloll ARS-S= 1
WM 9l=d| Rao—Blackwellized Particle Filter (RBPF) 7|
HF SLAMo] thEA]o|tiDurrant—Whyte and Bailey 20086,
Song and Hwang 2014).

2T 5of AUk YA=A 9 A A5l g Al
%= graph—based SLAMS- AJAH] -8 Fof HEH HE
AA RS EY&E AA] F=E AH27sk= full SLAM ¥
HotHThrun and Monternerlo 2006, Grisetti et al, 2010,
Yin et al, 2014). GraphZ 1AJ5H= node= HHY A2 83}k
HEmk=9] RS UERHH, edgei= T node 7+ AJTiZ]
2] A& Y= constraint &8RS SFHKim et al, 2011),
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Graphi= 2749} 7282 A4 9] I=FH(measurement) &2
5 E] ==, o] IS front—endef ZAFITE TheF Bl
AJof| A SLAMEZ =343t Alofl = of'5 2ol L7t F=4 5]

01 A HERE XS A & wf X =7t YRSHA] o=
FAPZE A 4= Sl of2f3t ol A= AT o R
#3510 edged F715+= loop closureS $=345}ok ah:} o|gd

Al graph?} =531 Y 2E constraintE THEESH= %A
2] nodeZ AXISK= graph optimizationS 485}, o] I}

A& back—endz} A|A3Ic} Optimizations g Wl o=
+ Z|AAE 719 bundle adjustment”} =& o5,
S5 wepd ALY AR A2E ARAshe 2ol 2
2} Ak error backpropagation)S E3f 91X A =S o
EZ SRR 4= QItHGrisetti 2010, Song and Hwang 2014),

3. A7 &Y

B AT 2ol R0l A5Ae] MARE Y3|%e] of
R A% 222 Ay 3ol digh Fudt 33 A
A8 ASS BA 02 51w ek, uehd] FHeIS o) 24

-,—]x]ﬂi.J A zAo| 7F53t graph—based SLAMO| 4L
Qlom, QAREAL dl|4517] 8t loop closures 33
o]—I’. ek T2 Figure 12 & 91710] 5255 Yehfja
Qlth, 914 Axl= 34 front—end®} back—end THA|= -
Bt} Front—end:= Correlative Scan Matching (CSM)=-
23} graph 73} Mahalanobis HA~E 9 Adaboost 7|7
31 71919] loop closureE £3F graph 7410 & JLEECH
Back—end+= Gauss—Newton 7]%F2] optimizations g}
i}, Sl 12 AATlof|A] ARESE o] 54] A70 A|AELS graph
F=2 98 9 AR 2714 (horizontal scanner)?} T
Eo] 33k AH H5Z HHo8 F 7He] AU (vertical
scanner)& 4202 Azpsqltt, weki] F Aol 5
o AIARLO) 221 912 ARk, y, O)F 7IHEe® 5 A
N Am7E # 5 =o] ARE)7F HeiA HE2H o= it A
9] 3xkd A7 AHE 33 4= Qlet, of2gh Hukd A
AEIO] 92H R] AHo| 7|Hkek =2 A0 A[RO] 37}
. HEkE ohZ o] A (D 22 334 ZA WH2Hrigid
transformation)ol] 7|RFHtHJung et al., 2015a).

R(t) [R!

-1l'l

i

p,(t) = p, () + 1,1+ T,(t) @

o714 p, (0} p (D= 242 THEd AJ2Elo] o) 5 A7kt
oA HEH Al FzAIR} AAEE o] 5 A HIA= ¥
e A0 ERIES YRt R E T, AlA] FaeAofA]
ZPE A W] Zash 33 A Y o) 5 ¥ighe =
et glom, o= HHkd AlAEIS] ATk AJZE HSH))

of| FIstct, Ri(1) 9 T,(0)+= ARE ol FEH 270 2R1E

K

34 sEvMmsE =2 MTHE MRS 20163 52

O] ZHE FEA|ol| A A EA| ke gt 725 S419
22K 3 9 x, y o5 WS YERdT o]= HHpd AlA
#lo] W} Hpche oItk 7lHo]| 7]uket Zou], W=
She= OlFE2] AEo] o]fet 241 TS Valero et al,
2012, Hong et al, 2015, Jung et al, 2015a).
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Fig. 1. Study flow

3.1 Correlative scan matching (CSM)

CSM &a12]5-2 Olson(2009)°] 23l Ak 221 A70
A= 0] A3k uhHolct, 7|29 Iterative Closest Point (ICP)
OF_’El%o] Z713kel WgskA wkgste] A1 2 sfjo] =1
7512‘;}01 )= BHH (Neuhaus 2011), Olsono] A|¢ket ¥

20 AmE ARElskaL, =01zl e YoflA] Mgt
(translatlon 9 rotation)of] gt Ae2ALE Bl HE &

EZ gl 2AEE Hagit), dlE S0] graph 49l
node io|A FH5H A AZ 7IE0 2, i+1o4 HS5H A0

= A3 7|4 S o), OSM Galg]E&8 o4 A7 AZ A
A}2Ret Look Up Table(LUT)E A3 dgtet, ofuf, AREA-E
glo]a] A7 9] 5 71RO E ARSA Ao, 7t A
A= Yetl= 2 glo|A] ZZRIEZ} ZA|of] FEls]aL vhkA
H 52 UEhdthFig. 2). o5, 270 Bell gk LUTE A
’SP Foizl AL Yol = A0 Ak Apo]o] HHek

Z o] (translation)} &A (rotation) H4Z A2 A
of we} 2 HIAA F AN AR|E Fo
A5 2h=tt, o3| 2ol = A0 Alo]9] o) Fat
k2 WHk A|AEIO] node iofA] i+1 & O 5ok &
= 20| MaHdx, dy, df)E UERYH, graph
node AlO1E AA3H= edge S tHTang et al,
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Fig. 2. Rasterized LUT in which the probability of observed point is
encoded: (a) the reference scan; (b) the resulting LUT

3.2 Mahalanobis distance

Loop closurer= HHFYA A|AHo] 7]&o) WIEIH X
2 th 2ol 1 5 Ao ol3E weksk(loop
detection), graph’d®] 5 node Afool] A|2-2- edgeE 7+
Sk 212 Lo, back—end A optimization
5ol QAL St 4= G F0 oS FeHKang
et al, 2011, Song and Hwang 2014), & ¢1-Lo]lAl= 5 node
7o) A TEal] 18] 4 chee] 44 ()7} e
Mahalanobis A2E AABFATHGutmann and Konolige
1999, Arras 2003).

d-.:(@*IJ.)T(CiJrC].)*l(Ii*xj) (2)

ij

4] (2)°lA x= @A node®] poselx, y, O)& HEHN
™, A= A node”t graphol] #7111 o]5le] &
€ nodelx, j=1, -+, i=1)°l thgt A5 2AE S8l FAM
ol5E wslAl Heh CoF G 22t Hlatstars ks
pose®] FZARYE (uncertainty)}& WER™, FAMY Ttk
& x’ HIAES F3f 453IT) Mahalanobis HIAEx= loop

detection HAHE ATHA 02 FU 4= = Fdo] .

3.3 Adaboost machine learning

OFA] Mahalanobis HIAES £33} S HILS thjiloz
% o A=A T node Afole] fAMY o FE sl <
F P 0 2= Adaboost 71 AISHES o185kt Adaboost

Aekel AukE =& ehE0] b0nETE 27 2 ot B
7(week classifier)@} 71522] Z3FS B3 2o BE g

o
7WA 7t 25771 (strong classifier) S A/dshe Wil

ofr

¢

3 rr

tlo

0K

BM TEE 2|5t Graph—based SLAM 7|gto| AML{Z 7t 3xF X|= 3} S

M

], 53] & Aol 22 o]kl i Aol Jlol 8=t =
CHPark and Lee 2011). Adaboost= H-57715 dk5317] 9
2 training BAICL S5 ER71E 7INEC R 2 HEE
Wsh= testing HAIRE FEET, 2 AtollAs 57719
352 $150 Granstrim et al. 201D)9] =2 F=s}o] 2}
node®] A7 AR EXE E 44 29| 221 feature’ S 3
S 7Rt w715 sk SRt o’ R o

& 44 (919} 22 o) B2 olgsisit,

k
o(F},0) = {1 ply <p) 3)
J 0 otherwise

o714 Fi= 24ZF iigel jiA) 2o 2R gEdos
F == 44719] feature = kA feature AKX 7Fe] AJE-2S L}
ERiT, p= ol AR £19] GhE 7, A= ARA A
Ot AleE 2 dAqtollAl= 0.05 7H 22 0.15H 0.5 Ale]
O Fre AREBIALE, A efsl BR7] oAk olgel F ot
2 E] 9} feature T72] 2502 A4 2F wE
of :z3ke 7t e5eAle] A BR7|= 79 7RIS 2

o, 4] 38 Bl 239 o] 7 FHE =
S AHohs TR ARgRIT) 2 Atolal= olgfgh =
A5 004 1Ale|= A slslal, 0.568 YARES R 1 o]
A8 loop detection®] AAHEF= positive pairz, ©]5k=
negative pairiz 2753

A

oX du T

3.4 Graph optimization

A front—end TAIE 3l 75 ZF node?] pose=
=[x, -, x,] oS HE FE|= Ao o= k. Pose 9F
A= edge®} information matrix(F-24H] JYE)S
z; 2k Q, =} 3L, AA| 5 pose?] YIX|HEHrelative pose)
edgett] 2AFS e(x, x;, z;) 2t & 1 2|4 Hoptimization)
A= ohe] 424 (@)t (5)eF o] Aofat 4= ik,

i [T
re

N
i)

Mo o

f(X) - Z 6(271-, Ly Z”«)TQije(CL’i, s ZU) (4)

(i, j)EP

x* =argmin f(x) (5)

1714 P& 5 9 pose TAE paird] HEE LiER
o}, 2 A-tolads 4] (5ol et AR Gauss—
Newton HHAS: o]- 86k tHKimmerle et al. 2011). graph—
based SLAM®]| back—end THAolIA 2243} FAl= overall

1) L Aro] AR8-¥ 2D featuret= area, average range, standard
deviation of range, circularity, centroid, maximum range,
distance, regularity, curvature, range kurtosis, relative
range, range difference, group, mean angular difference,
range histogram< §Fsh, 7} featurer= ufefu|g] JLEof w)
o} 2~9 FRE A BREC 7} featureo] it 4514 i

Granstrm et al, (2011)9] =58 2F%35}7] vz},

stEzAMBRIEE =28 X7 Mes 2016d 58 35
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errors F|4x8fsh= WE] x* 5 ok H Qirt, A wlE x
5 2713 xo2 4] (4)of] it 12} Taylor 4= th2
o] &3},

f(x+Ax) = Z e()A(JrAx)TQije()E + Ax) 6)
(i, j)EP
:(_Z)]P(e”.+JUAX)TQU(6U+JUA><) (7)
4 jE
= Y efQe;+25Q, 0, Ax (8)
(i, j)EP‘—V—’ T
+AXTJ HOPAPAS
H,

714 JA= Jacobian, Axi= incrementE UFERHTE 4
2] 8V c=Xc;, b=Xb,, H=XH,Z |85 th3-2] 4=4] (9)
Ly

f(x +Ax)=c+2blAx+AxTHAX )

A1 9o gk 12} v]ERS o] 4=4] (1002 UeRd
4> QJtH(Petersen and Pedersen 2008).

af (x + Ax)

R 2b+2HAX (10)

npReke 2 XAl the] =4 () (12)2 Akl 4
oAtk

Ax=—H"p (11)

x* =x +Ax (12)

A 5l= 9HA front—end ©AOIA] loop closure”} AHE
wjuich SEn | AA) A AEL] ARE Y24k ot
L, B AREA] Axo) 20,001 e 2Eo 2 23hE
wsiict

4. A5 A5}

4.1 ¢+t &

2 &J7Lo]| A= graph—based SLAM ¢a12]&0] HIAES
3l AAcHEt oA ZEEE o) F-4] Hlo|A Al AlARRE
o] 8519ich(Fig. 3). T AlAER thEe] 19w} o] F A
79} 2D 2714 (Hokuyo UTM—30LX)E B8}l Slet, o]
ZF 599 gt T o2 dA|E] o] graph 15-& #1382
A A7 AR H5| ARSEAL, 29 F e R 0E
AR|E]o] AR XIege] AF] Hieko R SE o] tigh
3k A0 AR 5ol AREE|SI diE AlARRE Jung et
al. (2015a)0] AQHeE WAl o2 Hw S 4=33itt, HIAE

= AAlheh Tkl Areal) ¥t 38 Area2) 7ol 25
H 5L go R skt
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(@) (b)

Fig. 2. Kinematic 3D laser scanning system:
(a) front view; and (b) back view

4.2 CSM mi2toje M3

CSM2 o]%=(translation) ¥ &4 (rotation) Hkef| ofj3f
Ao AR 9 ANEE A S e E gt} FARLt
HWers, A0 F205 AE 22 FE0] ot
A4k Qi = HAAZo] S7FsHA| Et, wheba] HEbd A
2”lo] SRS diEsie] AMAES 5{4@;}“4/\15 %
HAASE 2 = Sl 2 A 9 HAEAS sl
oF i}, 2 ¢7oll A= Hokuyo AllA 9] 7 7 At dA]
o]l disl] olF % 31 7P7ﬂ<>l 77+ 0,005m 9 0.1° o5}
W sl kA Fyk= u|u|s

= =2 o pun
A Shelsialm, Foltt ARG A geIaict, wel, 20
sl vl AL ol A 9 249 o

o] 2/e) off 2 Sysigt spebeleiiict 24 o 2 28 2
o sz ARt ol ARE A AaEsls
Areal®] 0,4m ¥ 10", Area27} 0,15m % 8o},

4.3 Adaboost Ti2t0[Ef MY

2 AtollA Adaboost w57 5= AAS)
SHEE B4 (humber of training rounds)2}t
(number of training sample pairs)® -8 4= Q)
afeh|g Ad4e 918l gt 7o) gerlEE Xé Pﬂ
2uElE AAHS] HollA HIAA7PY th3e] 4=4] (13)2+
4] (14)7} o] LEFEE AT

number of positive data pairs classified as negative (]_3)

Ir
1§

& _l>4 N o

UJE]
CE b

o}, %4
=

-
53

—l>~ _10[1 r

O 7

fu

ol

MD =

number of positive data pairs

P number of negative data pairs classified as positive (1 4)

number of negative data pairs

9) Wk A|2Ho] RAE 2 - S F uk|e] SRS Fo) ALH)
SIAE Fsl Ao s AN g glo] e oA3Ao]
PRsshAEL, Agto] A4S o} el wo] gk, welel
A12509] 7] 913 0l F2 ALBRIc,



MD-= Miss Detection rateE YERM, loop detection®!
paire] @B5=8-8 Vbt FPE= False Positive rate® &
A negative pairollA] positive® 2t HHE QRFES
Ehlih, 57 R 2208 BR719) 0] 28 e
WHCHGranstrom et al, 2011).

Adaboost= tH Shgo| BhEE wijuict A ot 257
2RE o BF7|E Al dkgol T=EEW 7t g
Sk e 27 28718 25 HE Bses Ay
star, HIAE IPgolA= A paird] FAMSS HEEit

02 T T
— Miss Detection (MD) rate
0.18 e filtered MD rate
------- False Positive (FP) rate
o116 | mu=as= filtered FP rate

number of training rounds

(@)

0.12 T T T T T
—— Miss Detection (MD) rate
0.1 filtered MD rate
wad | False Positive (FP) rate
Hh | m=ms=s=s= filtered FP rate

500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500 6000
number of sample pairs

(c)

ROC curve

true positive rate

features: 132
""" features: 44

03 04 05 06 07 08 09 1
false positive rate

(e

O

BIM =S 2t Graph—based SLAM 7[Ete] ALiZ 73X+ X|=3 o172

(e

Aol A= Areald} Area20l|A4] 53T A7 HloEE 7]
0 2 SREHMESISE (oA 25002 WHIIA|AZIH MD
PE Ak, 11 ATE 247t th2o] Fig. 4—(a)2t
4~(p)e} Zro] TR EAIBH 1Y Aol F2 Al
I} ML 77 £ QB 780 ek A HE wesh] ¢
3lo] average filterS 483t Axfolc}, EAZ21} F HAE
5= HEE ST 5071 QEF-80] F43] st
100013 el e RISk AUAA & HEsls
£ FEE ol 2 Bt gl W, Sisoll B2 ARto]

19
—

¢

R

022 T u
— Miss Detection (MD) rate
0.2 filtered MD rate
------- False Positive (FP) rate
o [ =s==s filtered FP rate
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(b)

—— Miss Detection (MD) rate
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Fig. 4. Error rates of Adaboost with increasing the number of training rounds (a and b) and the number of training sample pairs (c and d).
ROC curves of Adaboost (e and f). In the figure, (a), (c), (€) are the results of Areal and (b), (d), (f) are the results of Area2.
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