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Abstract: With the increasing demand for digitizing large-scale outdoor infrastructure, the method of deep
learning-based Scan2BIM (scanning to building information modeling) substantially improves modeling preci-
sion and construction speed by leveraging its powerful feature learning capabilities and automated workflows,
which play a crucial role in the 3D reconstruction of structurally complex outdoor scenes. This paper intro-
duces the four main modules of Scan2BIM and their corresponding research advancements. Firstly, the develop-
ment of 3D point cloud data acquisition is summarized from the perspectives of both acquisition devices and
sources, with dedicated emphasis on the systematic organization and analytical evaluation of representative 3D
point cloud datasets. Secondly, large-scale point cloud registration algorithms are systematically categorized into
two principal classes, according to learning approaches, which are optimization-driven and deep learning-based,
followed by the multidimensional comparative analysis of existing methodologies through critical performance

metrics including alignment precision, computational efficiency, and operational robustness. Thirdly, the algo-
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rithms of point cloud segmentation for both point cloud panoramic segmentation and point cloud instance seg-

mentation are analyzed based on standardized evaluation metrics. Fourthly, the core BIM interoperability standard

framework is briefly outlined, and various geometric entity and relational modeling algorithms are categorized in

the automated BIM modeling module. Finally, through in-depth analysis and prospective discussion, this paper

pointed out the challenges in achieving a balanced integration of efficiency, accuracy, generalization, and uni-

formity for large-scale outdoor scene modeling. Future work will primarily focus on multi-source data fusion

modeling, the synergistic optimization of accuracy and robustness, the construction of end-to-end general

Scan2BIM frameworks, and the application and exploration of large models.
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R SE B ESRAT T O A PR BE. Du SEUOHR
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FUGEIRACR, AMUBBIEHE & 7 R 32, EREFEAR
T 2 S AR 25 I R 58 B R A AR Y 3 4
Zhang U FreePoint, g JG Wi B S50/ b
PRI/, BEARAAS, 256G L. B A B MR
FERHIESE AR & it i, Jfid it id-as-feature RME
He B R I FR2S. FreePoint &1t T 2 2BI4R5K
W SRH N B4 2K R AR, v A IS RN HE P, A
WO AR TIPS, 18] S5 s R i 2= S0 43 E)AH
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SoftGroup!!®!
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SGPND3! PanopticFusionl®”) OSIS!S! SSTNet® DyCo3DU*
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T PR ZE RIS ID; T a5 2 S5 481) 1) — e %
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T = 2 0 RIEL % b 5t iy o = 2 5 % o5
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BEDCHIANEE 6 Bz, i i i 20 A e T 1Y
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IERESI IR EYSE
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e
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M B &R EIA TR TSRS, Behley 124
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KPConv!'™ I RangeNet++'! 5 ¥ & # I #%
PointPillars(P.P)!" 27 iy £ 4, I F 552 1) 2% 51 £
SN /NS S =5 87 o 3 LY Rl EA P QL3 (Tt &
BbRAs, Jo AL BRBTRAEAN R 733 (] A 25 A ml A rh s
B h s, BEAL T 43 EIE e AT B T R
PRI, UK Re R BOS o RIn A MR, BT
proposal-free 55035 W] LA 28 P 4% S 461 =2 [14] frég AF 6T
A7 5 R B X G (). Ry T R 45 B RS ) A
B L IR | RS A RN R B A R
TEN I Z EPRER, Sirohi 2804 —A 3 T R 9
BERE a5 B ZEK EfficientLPS, Hdt— >4
BT E BRI, DLk L) AR
HAERIRE J1, IFRE T EE IR X 2 RERE
AV IR I HE G H & A ROBER AR i 1 RIS
53803, DL R —A> H A 5l G 2k sR AU B 1Y

SORGRH, EAET — A A D bR L HE
20 3E 7R AR AR IS RO L TN Gt — 2R S
fiE. Chen ZE!" R HIENS 3D S HARKI . 18 X
HRD 4 50 I 24T 55 2% I HESE PolarStream,
T A AR AR AR B KR MR R S X, R T I
T A IR T AT B RCR AR A I . Li 25042
H— A ST R B s A s o HIAE SR Panoptic-
PHNet, Fill & 407 B 3R e fiE F1LB AR AN ] 852 B 1Y)
2D BEV ##{iE, 5| A—A> K-IL4B(K-nearest neighbor,
KINN)ZS # g A7 FRAE 3 5, JF it R A
B R BT AL, AR T B E R 4
FIAE L.

T proposal-free 15 2 450 7 FI Bk U AT LA
SN EEE AR, AR AN TR B Y
K, EHEH A A B R4 v S8 g3 R SRk
Gasperini 25U 2M H —Fh 0T W AE 19 05 = 2 504
H 7L Panoster, i i 7E T 43 FI M 45 HAs i —A
SR 53 S S A Ay HIRE T, S 4 S A )
FERH ) R ISAE R AT X 52, B A28 vy 1R 512
) 1D, SEELT v B i A s, O E AL FEAD IR,
HEH R . PR/ PEREIRSE. GP-S3Net! 12—
o 356 T P A 22 I 2% 118 4 S A RIURE B, 3 o 1l ) 4%
A% G2 1 T W B SR In) U b — A A B R I
WAy In) 8, AT LA S o345 S v i 3RS 58
Bil; ZEIRAE N TR LS T Y0 B e a5k,
JeH R M AN AR Shi 455
AN 242, R —F 4G s BB A W4
(panoptic convolutional fusion network, PCF-Net)Fll
B 5 43 4 Bk I 2% 2 (dynamic  grouping federated
learning, DGFL)H.3E 1Y 5 =~ & s o EIAE SR, Hirp,

PCF-Net il iz — > A 2% ] (9 45 BURE B i e i o 52
B9 0y 45 il ; DGFL k74 P2 Z i
ST AT SRR, FE DR UE I 5 2503 A (] A A
BRI IR B KA. Marcuzzi %5132 3
THERLN 3D sl = A5 BB MaskPLS, i 1] 4k
T 3D Mg B £ T MR REERHE, I
38 2 FE AR T ) 25 T 2E ) I AT IR R [F] 43 R
FARRAE, DL K B4 w0 — 20 JF & S — aF il AR %
il U R 58 L4 50 A3 K5 Bk S R o 2 o
272, AR A 2US AL R, I H AR AL PRAS [R5 J%
IR O ST S, St TERE
P, Wang S5V —Rh B T TR S Ay
% GMM-PanopticSeg, i i i 2 #H A SL f41] P 14 7
22 3D A s HIMERE, RRUEEE S AT A
B X A3 BE 77, F38 o X JEE 1 RN MR e g e

Vi) 22 7 2 — i AN I 55 2 Bt A R R 0] 5 4y
JEKe ot A B 2% rh AT o B Bk, T DUR B
Rk CNN AR FTE s = W Bk G, HIER ALY
B AT RS PR SESE G RRAE, EAE R T

. ETHRERET ZRRAA MR

(1) T, Milioto MR H—Fif
HTF RangeNet M4 5Bk, 6= w0
FIE: SC/SE G g i 2 R A T 0 SORN S o %047 1 2
155242, AL E B . 18 SUiA, LLRGHT#LE
BT RME 2t bR, B S T
Ab B RN 42543 E i . Panoptic-PolarNet!** 2
— MR A EIRELE, (R AL BR BEV FRoR
SR, IFE AT R — ) G R A D 4% A B
T L A B E R RS [T 8 G AL S AR R
[ E5 8, Al R EE ;38 R A vy M S5 4] 1
5 RN B PR A 2 B A R X 46 T 2 T g
TZHE LA AL RE W8 AT 230 M At TR T st v S 491 22 [
FAY SHE $ R A, 3 B E I 475 AP A A A 0 T SR
SIS B 42 T S A A B . SMAC-Seg! g —
b 3 31 Bl 1A% 0 i 3 o 1Y) 55 B 42 5 ) R4
HTIRERE A REPERNE R, Mo
Y AT 28 X Jey 5 (] 73 &2 7 (cross local space at-
tention, CLSA)H& R, % [ HARXS F4B L X 4 19
ABEXTALE, 51 A 00 B AT HE R 45 2K ok A 3k
W 2% X B X 2 R HHARIE X & b3
T —AN W] 2% 2] W B 22 7 n) 1 ) 3R 2 (sparse
multi-directional attention clustering, SMAC)ik,
MRS Z 07 BRI E LB e
By, IEERIEE . N T B e R
AR AN [ 51 1l 5 A0 A K90 i 2 B A9 F 1) 7 g
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W%, Besic ZVTHR N —FH T = 5B G
B 45 35 H 3 ) (unsupervised domain adaptation,
UDA)R %, SR 2 B RN SRR 1 38 107 3R s A i
UDA {55, HVIE 50808 0 Fn 38 TR 19 [ 3 1 5
W TR 0y A N e A B G LiDAR 4
N 2E B, LT B AR ST A, i
TRIRI T8 3 G PO 2 DA R PR
FRAE, e SCBLT HER Y 45 o3 B0 b R Bz
etk R T R R 28 = o B AR 2 T 3D
M PRI SE I A A A B A I, Xian 25O
W—Fh T &5 $AY LiDAR 454 EIE g, R
I BEV /R 50 3D i a2 8] 2D ElGh, Bt
8 i 4 R IR $E B (global feature mining, GFM)f5
B & R RRE, A A E 5] SRR R 4 B (location
guided feature mining, LGFM)¥f BEV #5240 8
AR, IR A DS AR 1) 4 FR A R 4 B
JRIFRREAE, B 5 B A SR R AR R R AR AR S S
1734153 %], CFNet!™ L& —Fi 3L T BEV MIEIRR
A O AR I 2%, R FH o0 R R RRAE 45 1 (center
focusing feature encoding, CFFE)% 1k, i F#
LiDAR sUfIHFEHG L, W0 HL A 5 45 LiDAR
M ELH O Z O FR; B4R —Fh P
i A0 25 H A B (center deduplication module,
CDM), 3 i 3% 5 51> 52 ) Ay B — v SR A U A
o 20 g s, (S 20 A S oG BN ERR . SEER
SR, AR THRROR .

(2) HTIREWEL. Zhao TR HIKEIE X
FRIMBRE LISz mnH, 0 —1
FTE A EIM 4 Cylinder3D! e BGE S
AR, A AL 58 0 = R AR K 43 ) A 5L 5]
X4 JFiE 4 B GG SRR A IH Rl S g, R
T BE G X VR SR 2R B 0 POBAE SR 1 A
ZJa, AT HRERREN BN, Zhao Y
NAR —Fh B B G I S = BRI, '
SRR 51 R A X B AT R 2R, RE
3 Ak R 3 2% SO AT RO T R R R 2R /N
, #t—F & T S em BB LM ERE. Chen
S 21 AN B AR IR (pillar-based ) B 1 2 78 %
= st BBk, IR s I HEHEM )
(pillar-level affinity)fffi & A2 75 & T [/ —A> 2491, B
BLATE S A3 E A2 TC O ) S 461 43 2548 th —Fh R
R ISR IS B 1D, $E T 0 E ) o
Hong %3 U1 Hy — Fih 56 T 2 250 # M 4% (dynamic
shifting network, DS-Net), PAGE— 077 BT x5 4
g e, 1 6k H BT 4 R S 0k A 5 = 4 B

WRAE JORRAE, SRS HRTE SCRNSE 3 S 3=, fe e 2
T B0 75 s B 55 R S A9 53 37 AR 1) 52 2% 43 A 1 [
H AT RS, Hirh, S AR & He P o,
XS E BN EURR, ELTFEIR RN, O TR R
Py A 1 K IR RS P A AR K % 0 A /NI AR 43
FNRPRER, Xu SR — R s RO R
#%(sparse cross-scale attention network, SCAN), i
ik 4 JR) R 3R S i 1) 3 T T 0 4% o) 5 22 IR A I R
fIE, FHPESCH LT O KB R, Rk
aok 4 0 e LA 0 O0KG BE s R T — o #51 0) A i
FEATLHI LB ot 3R, AU R 55 R AE 1Y
WG e, ffoe 7 /INI AR I R 538 IR R, 3 3 3o s
EROI T MR R, Li SR —F o R
2K 4 5 47 | (cluster-free panoptic segmentation,
CPSeg)M%, Mt L gufihat . SUFHID AR AR
SEAG o3 B Sk, OB T S A I A 3T B ik A RRAE B
Ao AR ARAR, SR 5 A B G ik A R AE
FRE A RIE, AR RETIRESRER
S8 43 0 7 A SR R A BB R B s R
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- EEfE.

() BT ZRRMAMIE. Su FIPHR T —
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3 o 35 T L - PR FR il R 45 RPV Net $2 BURFAE,
TEIN LR 5] A 43 VLle, #0853 25 45 5E 1% LLHEAh
PR ST 52 ) 43 4, kS T AR RS AL B,
W4 R NMS. BE4h, PUPS 38| FHAS 2 i 2
EACHL A AL 853 2 A%, FEGI A —Fh B R S0
CutMix 3% 58 % W& 50 Iz 28 )l A F flij o] f . Pan-
optic-FusionNet! **&—Fh 3L FHIHLAT LiDAR fil &
M A s o W 4, Rl G R FARAIL Y 2 4R
14 ZHAEFISE | LIDAR BRI BE 5 = 500, $em 4
SO EE S PERE; AL RS SO — LiDAR
L SRR AT AE 1) S5 B ME AN i = S B S A ] R

HF proposal-free B, AhTHSLH] 0 AT
FIEATRAEAERRAR, AnXd T30 P AR 1 1 2 8K
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R, B IE B W X R AE, itk
RN FE AR AR, 1M HL AR 22 i ) A B S 35t ]
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AT ) T O B R IO RIS I ) K .
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DS-Net!1431| GP-S3Net!!3

PCF-Net+DGFL!3!

AN s P, Horp, PQ (E R HES.

MaskPLS[132)

SCAN!4 CFNet!!®! GMM-PanopticSeg!"**!

DMI)C(‘/[IM]
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KPConv+P.p.l'?4! 2021 44.5 58.8 x
Panoster!'?”! 2021 52.7 59.9 N x
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FAD5 e R AE . WA T A, &5l
SR T 5 7 A A B S A O, T8 R X
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BIM AR B 45 o 4 2468 FH 28 46 B SR i )
kI K — A IR HE SR . T M B %S (8] Bk B (open
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FER T ZATF BIM bR, a0 Tk @ 55 ik
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gbXML #l LandXML Z£'% Hidr, IFC J&—/ )™
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BIM JC&ER KHIOCHK R | R IEF AR TEE By ™
& AL g B 15 S8 X, A 5740 R 88 2 1] 58 4
AL BIM X445 4.

Costin 25 5o SCHR [ B, 43 T 2 ARl
Bt fE BIM L o i) B3R PR, 48 ) BIM R
BAHFRAER 230, IFC M 4.1 BURFF UG 35 2k
B L I LU IR B TR P A A i A 1R 1 DL
JCE, HFIFC4.3 RC1(4.3.rc. A RAEIT 5
IFC" B 2 4R T — 3 45 5 3 5 Al 5% it 450388 1 o o
e A3 T =X, A0 466 38 38 e Al 34 it A9 #4) 1 (Can A AT
. OB, FREAnZEm . Diag . BA L MR, X
AN ERER), PRI, &sh . 28 B A

GHES. U, PR — HBU) TR e S
28 SRRt () TFC X R 924K Cho 25115
RiB BHEAKIT & IFC, 8 T RRiB ARG rs W
JLE . MRHKR, RSP T BIM fEAMKIKIT
00 445 B P (4 B[R]/ ;. Borrmann 45100 4 4
L R PEREEARRL, DL AN Y 78 IFC brifE LS N7 iE
B TR RIS, 51 AR T H AR 10
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information system, GIS)ZF/rnJraX, SEPL T AEAIYE
ENGE R ARSI PR T IR X d = =3
TSR 2 sh RE RS B s M S B 2 T PR Y JZ UK. X
WA IFC W 3 Bk T AR GUE Y 1 &
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E Y FE A
52 BIM &1

BIM X % it A T HE AR i i A ZROR, BT ANT]
REE A B SN AR 40T, Rl BIM ZA it /&
T RO B BRI 2 06 B A LA A R X
2R 8, M2 ARG B, TiH49 BIM JL g
BN OC 2R AR A AH G TAE.
5.2.1 BIM JLfaf gt

JUART AR R 30 2o 18 = B A i B SE I Y 3D
TEAR TR AR B B A T LART AR 2 i o5 22 S
U FoRTER, Hik@ T BIM @i H KR .

UL LR T IR 7R 19 0 28 4 A0 38 o S
Bl Sk S5 ES ™. BAFRERIE A
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Z—F X FRBIE A, MR kL 57 B R
KM REXZIBR. SEARREHEA RS
BB AIEAR, iEHL . P, i, H
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B A B
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X, KRB Rk FRm ML FIRE N, A%
75 (boundary representation, B-rep)!">72 H UL i Bk
TREMRR, Bl E X —HJTRmICE (0
LR T X BEOR 3D AR, G E
AR TUAT 8 SC, AnTar TR L 2 A il 2 RN T ) 467
B IR N AR B R TR Z M AR O
Z. fian, JE#4)4 B B K45 (non-uniform rational
B-splines, NURBS)!"**L &% LAYy B-Rep &1k, HH
FTEFR BUFHE AR SR 2% 2 T B — 2R 51
SR U B RE T H UL B = A A% 2 —F B-rep,
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PEAT GRS 3 T AR ASE TR WA R &2 2% LA B i
] TP LT S A 4
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CSG! LR WA TR R FOR L, Bl 9k
JURHERIE AR, 38 % 3T R i e &, nar
Ty R R RN BR AR S5 FE A LA S5 A H 2 408
R SR AR A ) T 5 AT T ] ) HR i 4 4
AW Z BT e A e S, — kAR AT L
B R RN, W] IR R FoR.

T HEAE 3D PR LTI AR, H UL B R R
FEEATCAR A 508 A8, $e 4t —4~ B A5 i %k
TG EATE R G S RE. oA Z2MAsh &
P S U SR, L S TR IS R
DR LA B 2 KK

(1) JEFEAARGHE L. £ BIM AR /)5
fili b, 38 oo s & SR S 5 I | 3R A
Jei BIM B IRFIE 5S4, PLIE N 3D A5 2 52 4
P4 AR S e Sk BIM R 51
s S R UC D, BRI ATRAF %6 1 2 S8
fb BIM!OOTO 2 i Al B 9 A L AU A
22 M A0 5 R T R AR 1O, 3845 58 1k (genetic
algorithm, GA)!'*Y, #flliR ‘K (simulated annealing,
SA)4E Rausch ZE2R ] GA il SA % 2 Fpifk
Bk, A BB IR BE LK) CSG Al NURBS
X2 i SR IR 1) BIM AR ILA 3 S =il
FEAEAT LR, £5 % W], NURBS-GA Nfxfhsh
Hrp, BT CSG JUMIERFR S BRI B | 5
JECREE . X ROZE L Y BhACE . Z B E, FISEZ
WhERE; FET NURBS ML IARZR R o7 WAl 24k
1k, B EHIEARILAMARR 8 Nl sifE 2
5, T R RS SR, &5,
CSG Il NURBS ZHU5Hilfi A Revit HffH B mT 5¢
S EA U AR, Az i i 75 SR 19 BIML

(2) HEMAR L. HIE—Fh i ZdE 3K 3l 1 55

B, 8 E TG E T A BRI S 4]
IR ILMITER, W . 4. P, i, BRI
(R A 4 L B S 7 (AR A5 B UK 7 A O 5 L Anf 24
J&, HiA BIM & IHE P P 52 i BIM S50
O8] 2 A SRS . — KR DL R
YR T A [R) 28 B g LAl e 2R A LG SRR
], LAY RANSAC B RAR e Al e/ —
Fe b mvk . HEBRMAE L KgAK
alpha-shape & 251172 Mahmoud 2571 4 %t
AR s AT EUR SRS, R4 15 2 B ]
IS~y LN NS Sao U E SR N OO SUR S
ME, PRAFNIE . M. KEEMTEESE, 455 bl
FEEA RANSAC BEATF I A, $2 505 (] 314 5t 2k
B, BT LR R A5 Sk A H B A I T 4 1 s Tl A
L IR I #R2 Al alpha-shape B $2 HUES
B S AE; RS A U ESEARILAE R, FIH
Revit“Fll Dynamo T_H-BpBlj [ 34 i BIM.
5.2.2 BIM & Z

H L BIM AL R R R UFEREG KR
(T TS AR ) L RN R AN E R R T, L
K5 1) 2R (anis 2 B T oA, 33X 26 OC R H LA
W BT 25 F R . JUIA 5 56 R Bl 4
SRR RN SRR s & Ak 2 KL il
BVRIE R R TR, A — A AR
s, R B0 7E B R 3o Ail 1 5l AE i S /Mb
J7 R AL B 42 Jmy JUA] g B . 53X R AT BE ZE RS B |-
A8 2 4= HA AU & B A BAR B A 3, JR)
#ia B LA A T LR, HRh oo
R A3, AT BE M e LR TR Z 8] 5%
FAARSC AT BAE IS R DR AR

6 REE5RZE

ARSCLASCHRER IR 9 75 3, R R AU =2 A1 S i
Pt SR A BR 24 2] Scan2BIM #EAT T 4TI 19 i
ORI BRI MR G BAE. IIREE 5 S FE = Ak
RAEIE R B S %, /43 T 3D mimik
B, REBE 5 =057 = &URA 34k BIM
TRBL 4 A SCHERT SR, AR p, R AUHEIR HLA
AIBOR IR iR, XS Hes A I sA, 48
A T EATHESEBR B A RCR AURIBR, LK H i
TET e PR P 5 R A SR 1) 8k T i .l g 3 e 4 i
RGISCHRER R, TR IE 7 ) 1E R = 41 b 55
AR Scan2BIM SIAMTSE M HIFR I T 5888 | 42
TET 1T AT ) BRI HE 2R A B AR i A2



5 6 W BIWE, G FEFIREEF I R E SMA 5 Scan2BIM W 5% 258 923

Wi 3D B R AEF AR K, TESLPRI I,
nfar G 3D Fidis o g LA A R 1) BIM
BRI SE  m. ARE T AT RSN W T
Scan2BIM £ RIS S 7 Se B O 2 U T 1 3%
FIHES. (1) 235 TR RBERER L 3D S &
BRI, RET AR ZHEAL TS 3D i
B R U 0 v R AR B, SR S R AR R LA A
TERCE M FIR TR, (2) IR R Bk
WAL M E ST, KRIBE =I5 T 1Y
= BCHE R S = BV BRI T i 2 =kt e,
AN I 2 M v A B AR E RS B, T HL KR
WSRF RSN, S T RS R A
17t 3) 7EA LA ], BIM H AR SR
AV EE . B R RER K SR KRR 22 =5
5, BIM JLA) X G2 A 1 OC 2R A AR0 VA AE AN B 4
RIEAT A A R, R 48 RS B gy %
. HHT, %I AT R T I — FR 5 [R) Rk
%, Aok, XFREAYKHAR Scan2BIM & R #a 3V A1k
T 2 EE R R, KSR Bt S kRe
AR AL, F N Scan2BIM 3 FHHEZL AR
RIS HEE 4 47 1)

6.1 ZIFEHERESERE

Scan2BIM Y e ¢ H b5 /2 /< 1 BE 1L 5 1A 7 4
B LR B SRR MY IEESEGER, 1Y
RIOEE U R L S, RIEEEH FAE 5 4
KAk, DI BIM ESIHE. 3D A s dEfe
A5 iff b 2% 58 ST AR 2 TS B, AR RS TORS o DU
AR, F Scan2BIM XA (1) 23 [a] {3
B UMK . ReFRZs B e RGBT K. (B2,
B — 0 B DL R A ATy, i 2 TR AR
A AT DAL T A T A A A, AS R O T e AR
[ S RURRAE - HLA L8, fl G i 2o 5040 v] LUAH B
W, HAMEILER L. I, ms 2 EEEE,
et RGRA . GPS I IMU $fls 45, ARk
Scan2BIM Y s & JE#aH 2z —, DLSEI SRS AN
) TS B 3D AR A,

LSRG B T 2 IR RS B Ve s, LX) 5
G ES R 5 = X 2 PSR, REAS A S iy
5 = AE Y il U U RRAE A S8 B R R B,
A Bl T8 Bk X B — B R VT B AE A 1 S R
T MR MO, P R RS R Rk, 2R
DA BEAER S =B YT R Az
—. BRI, ZAEAEE G R ok T AR A
2 ] GE R VR AR Pk R, Wt — R
LA Scan2BIM Y AR RL REAL L 5 45

FRILZ A1, GPS RABaEHE LX) 7 E A5 B, T
T PR G B A R R IMU 3 i 5 %
B SR A5 n 3 B 45 2 A SRR B, ST I )
ARSI, YT, GPS 5 IMU Hyfl &5k
B R AT SLAM RS, 1 BhEE W IRN B
s shilk. Rk, AT 4kSeR R W75 KR =5 4
Y0 Scan2BIM 1, &7 it fmy 2 il & GPS Al IMU
LR SR B, B 4R 2 T SRk Y S
FYERGR, i Scan2BIM i £ R 4L 0 vERT i)
PN NI/ 3N RS TR e e
6.2 BE. EEMEMHENHTEMRL

ZRN SRR Z . AR, Y
RRNA— | P AREEE . AERIR A% 1T
RIS FE R R, HAr, WAk AR
BE L AERE e R 2 T BRI A, ROk,
KR SRR S5 P R L AR AR SR 212 I N ik
T O IR, 1% £ R 77 el an R

(1) KEEEHETE. w5, Bm=F s 2R 005 s
ZRHRAE, T Scan2BIM & RLHUSCR I — G
BT T, ARAD T E 2 et 51
s HR, SEBRY s I A7 AR 2 R AR
TERE, TE R AR B A PR 300 R S v T
BIM EAE KMk, nTHRE G S orh e
L B R VRN A YRR S A B,
— TR R E R . A, B
SRR ZE LR, TUTHINESE AN,
25 H) LAFTEARAR H R EH B AL, AT REAL TiE gh AR
RS, BHIL, B A R TG 1 R s 2%
FEZE, DAIHEHCE A 200 3D FHF . S i 0 L
S A — A, DL R MR s Rk
IR, FRE B PR AR 55

(2) THRERCRM A, FEWORT EFROR 1) 5k 2
B2 HE T (8 A 56 B 45 1, X o i 4
T HE RIS, Rk — A AR ]
WF5E 5 ). SRR ZE M A T Ak, FE SRR AR AR
KB R R T A 42, BRI S5 ik .
RN | 2 B B Al A B — A s X g2 2] HEZE
8, AMEAT AR — DI E.

(3) EFEtERISR. — Ty, A T D R AR A
e A B R A 1 PR R, 3 N T A AR AR 4
P AL B PR BT AR Ak, /D B3 o S RN R R A
M, ROk I Ak S R R TG W 2 ) RINRFEAR 2 2]
[ IE N AE PR, AR REE B b R e
g S—E, mTENMESNG R ZEAER
KZES, B BE NG Sl g iis ek 5



924 TRV B BT 5 B 2244 537 %

HE B B = Mg 5, ARk N T 2 O R I TR R
N[ RSB 7 A= s ) = B N (N W e
W BE I8 T I 2RI i 47 X e sk 28 51, B 9%
P53 17 A B S5 BB o A 3 e 2 Tl
6.3 #EiKZHiK Scan2BIM B HEZE

M Scan2BIM FEAFIEAESL A, MR, KR
55 222 ANF 5T Y Scan2 BIM AR i s 25— 2 B A
ERRBRME: (1) TE@EFEey R ER, 28
BT R R ZE R (2) 3D Hiidi st
A28, WS = E G BIM @B A
FEIR2E; (3) BUA WFIT A AL Aoty 1 0 1 4 A ik
Scan2BIM i, M5 =EdEREZE BIM A2 [H]
)L AT REIR T N T T 1, 52m [ sh ik sk
REREEE; (4) TEAHE 22U | A S EE AT L
KR IUAn & R B e T, o HOR AR == A
H i 2R A B B AR 2R, MR AR
5 WS SR 15 =B, RO MBI T T R DA R
A FRAEZ5 K4 A0 0 = B, RS 0 b B B TUART REAE,
FrAa g R T S50k LRESIAA TR BIM; (5) =
7 B B0 R S AR BR T N Rk B T B R, B4
TR BE A S BT N M

R, R o 7 ) FH R B8 2 ) Sk R & 28
AR, RERUh N R 2 EAMNG RO E R,
Y T N o (51 P TWE B ol = P A 4 1 &
o EE, SR A6 SR B Y s 3 o 1) 4 H Bl b
BIM ¥ ] g 455, e AR, BIHR el BIM T
B K . AL i B S e DS B 37, LA S 3
SR P B, AR AR AL fb ) S A
6.4 KEBNASKRER

FTFHEEFN Scan2BIM 78 KA = 41
F BIM ¥ [a) A R R T RN A RE T, &
AT FT B P R PR AR RO R T A5 H T K Y
SR RV B ) 45 4840, Be 6% & IR 40 7y A g
e, Jf At )iz AOE I 2R R B 5K 2R Gk
ML RE ST, HEsh T2 SR e, Bk
KAEAIZE Scan2BIM i [w] FUELAE R AL, SHRERW
WA R, HEHE THE RN EER ). Hi,
WAl 8 R A LA KAERIEE T Scan2BIM PEfiE A
R E BT M Z—, AT 3 A TR R:

(1) FEFRERIP S S8R ER. F& . B
R 1 A B AR R S R AR A R T
Scan2BIM Ry 7843 5cF 2 —. HAl, 3D &A=k Bk
IHFAEAR Z2 [0 B A k. 106, R =8k
A 7 2 A7 AR R A AR I A 5 L o et X DR U A
(), HLUR, SEFRORBE N S = AR SRR, (HA]

REAFTEMRE R | PG BB R A5 R R, TR 4D 28 iR
SREENS KR RIS AR TR A, (H 0] BE k= B 5C
MR, MLZ R, AR R R KRR ANz
ALRE 1, TISC B RO AR B e T A SE ) 3D
mas, ERREA S EdEmR . SR, B
A LT RBIRE 3D o5 2 8 A ni = BRF i fb
YIRS /N5, OF HLAn= v R 2 22 M sk A7
TEAR/NZERECY R, ] v Y L R 3k
FIAEZE AN 5, DL PR UE B o e AN S B
KPPk, 75— RAWFSE.

(2) HETRERW S =G sm#l. KRz
e AR H A, RENE TE VA BT X0 R 2R ) AT
YR BL T, 38527 >0 2 (74 38 R AF R 50 4y
FH I R WL RIS R s B I iR
KAL) S HARFIE SRR ), Rl 3D a5
=JU SR AR 2D BIHGE SUETRE ), s
2 BE RS W 2S T S e &R, RIEAE &2 %  IT L=
WAL, EE TR A ) & e &, If
KA 3D Wik, (R0, BHETRIMESE G AR
ZHPRER, EFEXT BT R I IR AR . R ER
Bidg 5t T 2 2% 3D S5 A WA R B Z AL BE 1 1) )
BRE, DA B ] R I 6 FH P 38 LR 7 SR LASE B 4
ko F. I e a) ] 2 T AR R AR R e N
RS RS E T, W B IR R R

(3) T REBRIE M =5 . My, A0
A 5T O AR 5 T e] A K3 75 R AL 5 R 1Y i
X PRfREE S PR 3D Ll RS [algs ), B L
FIB) Scan2BIM & MBrBok 3D 37 5Bk A RE S,
JAH Scan2BIM & JEIFRE T 7). PointLLM! ™!
YER—A~ 3D SRS KANEF A, GRS ERAEAR
2SO B 3D sz, BT DUBHITT R A X
SR U 25K NSNS ; GPT4Point! 5@ i 3D
M 53ORNFE, ST o v SCHL R AR B Y
Gr—HEHR. SR, 27 M BESE A NINIE 26, 1547
TEE 2 R85 Pebk, 0 3D 3751 5 BUE e e TR i
AR AR, 3D s B A S5 B F /N
W37 S s B R, o SRR 2 () 25 48 1R 0 R i
JE AR E MR AN, LA S Ul &5 6 56 T RO 55
= R PR AE 4% Scan2BIM [ AR AU 45, X
BT TR K Scan2BIM MUK ER L HE, THE
BN Z (5K 1 FTgE R

Zr L RTIR, ROR T A T Bk R B
FHE, A3 N AS [A] 288 7Y (14 35 il 15 e A0 45 iz 17 34
B¢, e, $27t A b B a3, w A
KT, R RS A EMERGENYE. B, s



5 6 3]

BIWE, G FEFIREEF I R E SMA 5 Scan2BIM W 5% 258 925

THARBR | 15 2 4 SRy T o A 2 S 01 43 1 A 33 ] LA
MEA Z RS | BT, DU SR
AR L TR SL SN, R, R E SN E
22 Y5 o v S o BRI SR N Y 25 A B R E
AN IR A R AL R A 3D ST, IRt
Xof RS A4 5 U5 B Ok A A B SRR B )R, RS L
o7 4[] F 1R 1 R b 5 b S A Bfk B O B
SERXT S, HIL, RROR R B T — A T 1) R
WA e % AN e i 38 T 21 9 19 H 346 Scan2BIM
W AHAES, sl =AM Bt aE 17 4y ok A — A
WERE WO RS e, ST BB A

A I SR AL S I ER AR 2 H v SE 1 3l 5.

&% ik (References):

[1] Shin J, Song J. Dismantling quantity estimation for nuclear
power plant: scan-to-BIM versus conventional method[J].
KSCE Journal of Civil Engineering, 2024, 28(5): 1607-1621

[2] BanfiF, Fai S, Brumana R. BIM automation: advanced model-
ing generative process for complex structures[J]. ISPRS Annals
of the Photogrammetry, Remote Sensing and Spatial Informa-
tion Sciences, 2017, IV-2-W2: 9-16

[3] Cheng Y J, Qiu W G, Duan D Y. Automatic creation of as-is
building information model from single-track railway tunnel
point clouds[J]. Automation in Construction, 2019, 106: Article
No.102911

[4] Park J, Kim J, Lee D, et al. Deep learning-based automation of
scan-to-BIM with modeling objects from occluded point
clouds[J]. Journal of Management in Engineering, 2022, 38(4):
Article No.04022025

[5] Perez-Perez Y, Golparvar-Fard M, El-Rayes K. Scan2BIM-
NET: deep learning method for segmentation of point clouds
for scan-to-BIM[J]. Journal of Construction Engineering and
Management, 2021, 147(9): Article No.04021107

[6] XieY, Li SY, Liu T R, et al. As-built BIM reconstruction of
piping systems using PipeNet[J]. Automation in Construction,
2023, 147: Article No.104735

[7] He Wenjing, Yang Jian, Xiong Wuyue. BIM model method for
automatic generation of 3D point clouds based on deep learn-
ing[J]. Journal of Civil Engineering and Management, 2021,
38(3): 133-139(in Chinese)

([ 3C5%, tofd, RESGB. BE TR DM =48 = HaAk
B BIM AL [)]. AR T AR 58 AR, 2021, 38(3): 133-
139)

[8] Xia T, Yang J, Chen L. Automated semantic segmentation of
bridge point cloud based on local descriptor and machine
learning[J]. Automation in Construction, 2022, 133: Article
No.103992

[91 Wang Yuchen, Yu Bin, Chen Xiaoyang, et al. Extraction and
digital modeling of road geometric information using LiDAR
data point clouds[J]. China Journal of Highway and Transport,
2023, 36(3): 45-60(in Chinese)

(EF4, Tk, BRBEFA, 45 T HOEHES B L

[10]

[11]

[12]

[13]

[14]

[15]

(1e]

[17]

[18]

[19]

[20]

(21

[22]

(23]

[24]

R SRS B AT T[], T A B2, 2023, 36(3):
45-60)

Rashdi R, Martinez-Sanchez J, Arias P, et al. Scanning tech-
nologies to building information modelling: a review[J]. Infra-
structures, 2022, 7(4): Article No.49

Czerniawski T, Leite F. Automated digital modeling of existing
buildings: a review of visual object recognition methods[J].
Automation in Construction, 2020, 113: Article No.103131
Gong Jinggyu, Lou Yujing, Liu Fengqi, et al. Scene point cloud
understanding and reconstruction technologies in 3D space[J].
Journal of Image and Graphics, 2023, 28(6): 1741-1766(in
Chinese)

(GRS, PEIRG, MIZEar, S5 =400 S H S A
AR, HE B ETE 4R, 2023, 28(6): 1741-1766)

Samavati T, Soryani M. Deep learning-based 3D reconstruc-
tion: a survey[J]. Artificial Intelligence Review, 2023, 56(9):
9175-9219

Mirzaei K, Arashpour M, Asadi E, et al. 3D point cloud data
processing with machine learning for construction and infra-
structure applications: a comprehensive review[J]. Advanced
Engineering Informatics, 2022, 51: Article No.101501
Monji-Azad S, Hesser J, Low N. A review of non-rigid trans-
formations and learning-based 3D point cloud registration
methods[J]. ISPRS Journal of Photogrammetry and Remote
Sensing, 2023, 196: 58-72

Salzano A, Intignano M, Mottola C, et al. Systematic literature
review of open infrastructure BIM[J]. Buildings, 2023, 13(7):
Article No.1593

Sirohi K, Mohan R, Biischer D, et al. EfficientLPS: efficient
LiDAR panoptic segmentation[J]. IEEE Transactions on Ro-
botics, 2022, 38(3): 1894-1914

Liu J M, Wang G M, Liu Z, et al. RegFormer: an efficient pro-
jection-aware transformer network for large-scale point cloud
registration[C] //Proceedings of the IEEE/CVF International
Conference on Computer Vision. Los Alamitos: IEEE Com-
puter Society Press, 2023: 8417-8426

Xiang B, Peters T, Kontogianni T, et al. Towards accurate in-
stance segmentation in large-scale LiDAR point clouds[J].
ISPRS Annals of Photogrammetry, Remote Sensing and Spatial
Information Sciences, 2023, X-1/W1-2023: 605-612

Wang Y C, Wang W C, LiuJ Z, et al. Framework for geometric
information extraction and digital modeling from LiDAR data
of road scenarios[J]. Remote Sensing, 2023, 15(3): Article
No.576

Tomsett C, Leyland J. Development and testing of a UAV laser
scanner and multispectral camera system for eco-geomorphic
applications[J]. Sensors, 2021, 21(22): Article No.7719

Soilan M, Sanchez-Rodriguez A, del Rio-Barral P, et al. Re-
view of laser scanning technologies and their applications for
road and railway infrastructure monitoring[J]. Infrastructures,
2019, 4(4): Article No.58

Xie Y X, Tian J J, Zhu X X. Linking points with labels in 3D: a
review of point cloud semantic segmentation[J]. IEEE Geo-
science and Remote Sensing Magazine, 2020, 8(4): 38-59

Deng Weiwen, Li Jiangkun, Ren Bingtao, et al. A survey on
automatic simulation scenario generation methods for autono-

mous driving[J]. China Journal of Highway and Transport,



926

TR P B B 5 KR 2224

37 %

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

2022, 35(1): 316-333(in Chinese)

OBFRSC, ZE7Tm, (L3R4, 55, e 3 32 s R A
A OTELRR]. T EARR, 2022, 35(1): 316-333)
Shah S, Dey D, Lovett C, et al. AirSim: high-fidelity visual and
physical simulation for autonomous vehicles[C] //Proceedings
of the 11th International Conference on Field and Service Ro-
botics. Heidelberg: Springer, 2018: 621-635

Rong G D, Shin B H, Tabatabaee H, et al. LGSVL simulator: a
high fidelity simulator for autonomous driving[C] //Procee-
dings of the 23rd IEEE International Conference on Intelligent
Transportation Systems. Los Alamitos: IEEE Computer Society
Press, 2020: 1-6

Dosovitskiy A, Ros G, Codevilla F, et al. CARLA: an open ur-
ban driving simulator[C] //Proceedings of the 1st Annual Con-
ference on Robot Learning. Cambridge MA: MLResearch
Press, 2017: 1-16

LiQY, Peng Z H, Feng L, et al. MetaDrive: composing diverse
driving scenarios for generalizable reinforcement learning[J].
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 2023, 45(3): 3461-3475

Swerdlow A, Xu R S, Zhou B L. Street-view image generation
from a bird’s-eye view layout[J]. IEEE Robotics and Automa-
tion Letters, 2024, 9(4): 3578-3585

Gao R Y, Chen K, Xie E Z, et al. MagicDrive: street view gen-
eration with diverse 3D geometry control[C] //Proceedings of
the 12th International Conference on Learning Representations.
Red Hook: Curran Associates Inc, 2024: 1-20

Yang Y, Sun F Y, Weihs L, et al. Holodeck: language guided
generation of 3D embodied Al environments[C] //Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Los Alamitos: IEEE Computer Society Press,
2024: 16277-16287

Geiger A, Lenz P, Urtasun R. Are we ready for autonomous
driving? The KITTI vision benchmark suite[C] //Proceedings
of the IEEE Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2012:
3354-3361

Hackel T, Savinov N, Ladicky L, et al. SEMANTIC3D.NET: a
new large-scale point cloud classification benchmark[J]. ISPRS
Annals of the Photogrammetry, Remote Sensing and Spatial
Information Sciences, 2017, IV-1/W1: 91-98

Chang M F, Lambert J, Sangkloy P, et al. Argoverse: 3D track-
ing and forecasting with rich maps[C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2019:
8740-8749

Behley J, Garbade M, Milioto A, et al. SemanticKITTI: a data-
set for semantic scene understanding of LiDAR sequences[C]
//Proceedings of the IEEE/CVF International Conference on
Computer Vision. Los Alamitos: IEEE Computer Society Press,
2019: 9296-9306

Caesar H, Bankiti V, Lang A H, et al. nuScenes: a multimodal
dataset for autonomous driving[C] //Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Los Alamitos: IEEE Computer Society Press, 2020: 11618-
11628

Sun P, Kretzschmar H, Dotiwalla X, et al. Scalability in per-

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

ception for autonomous driving: waymo open dataset[C]
//Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Los Alamitos: IEEE Computer
Society Press, 2020: 2443-2451

Pham Q H, Sevestre P, Pahwa R S, et al. A*3D dataset: towards
autonomous driving in challenging environments[C] //Proceed-
ings of the IEEE International Conference on Robotics and
Automation. Los Alamitos: IEEE Computer Society Press,
2020: 2267-2273

Tan W K, Qin N N, Ma L F, et al. Toronto-3D: a large-scale
mobile LiDAR dataset for semantic segmentation of urban
roadways[C] //Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops. Los
Alamitos: IEEE Computer Society Press, 2020: 797-806

Xiao P C, Shao Z L, Hao S, et al. PandaSet: advanced sensor
suite dataset for autonomous driving[C] //Proceedings of the
IEEE International Intelligent Transportation Systems Confer-
ence. Los Alamitos: IEEE Computer Society Press, 2021:
3095-3101

Houston J, Zuidhof G, Bergamini L, et al. One thousand and
one hours: self-driving motion prediction dataset[C] //Proceed-
ings of the Conference on Robot Learning. Cambridge MA:
MLResearch Press, 2021: 409-418

Caesar H, Kabzan J, Tan K S, et al. NuPlan: a closed-loop
ML-based planning benchmark for autonomous vehicles[OL].
[2024-05-22]. https://arxiv.org/abs/2106.11810

Xiao AR, Huang J X, Xuan W H, et al. 3D semantic segmenta-
tion in the wild: learning generalized models for adverse-con-
dition point clouds[C] //Proceedings of the IEEE/CVF Conf-
erence on Computer Vision and Pattern Recognition. Los
Alamitos: IEEE Computer Society Press, 2023: 9382-9392
Mao J G, Niu M Z, Jiang C H, et al. One million scenes for
autonomous driving: ONCE dataset[OL]. [2024-05-22]. https://
arxiv.org/abs/2106.11037

Cao A Q, de Charette R. MonoScene: monocular 3D semantic
scene completion[C] //Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Los Alami-
tos: IEEE Computer Society Press, 2022: 3981-3991

Tian X Y, Jiang T, Yun L F, et al. Occ3D: a large-scale 3D oc-
cupancy prediction benchmark for autonomous driving[C]
//Proceedings of the 37th International Conference on Neural
Information Processing Systems. Red Hook: Curran Associates
Inc, 2023: Article No.2809

Wei Y, Zhao L Q, Zheng W Z, et al. SurroundOcc: multi-came-
ra 3D occupancy prediction for autonomous driving[C] //Proce-
edings of the IEEE/CVF International Conference on Computer
Vision. Los Alamitos: IEEE Computer Society Press, 2023:
21672-21683

Wang X F, Zhu Z, Xu W B, et al. OpenOccupancy: a large
scale benchmark for surrounding semantic occupancy percep-
tion[C] //Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision. Los Alamitos: IEEE Computer Soci-
ety Press, 2023: 17804-17813

Li Y M, Li S H, Liu X H, et al. SSCBench: a large-scale 3D
semantic scene completion benchmark for autonomous driv-
ing[C] //Proceedings of the IEEE/RSJ International Conference
on Intelligent Robots and Systems. Los Alamitos: IEEE Com-



5 6 W BIWE, G FEFIREEF I R E SMA 5 Scan2BIM W 5% 258 927

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

puter Society Press, 2024: 13333-13340

Xiao A R, Huang J X Guan D Y, et al. Transfer learning from
synthetic to real LIDAR point cloud for semantic segmenta-
tion[C] //Proceedings of the 36th AAAI Conference on Artifi-
cial Intelligence. Palo Alto: AAAI Press, 2022: 2795-2803

Hurl B, Czarnecki K, Waslander S. Precise synthetic image and
LiDAR (PreSIL) dataset for autonomous vehicle perception[C]
//Proceedings of the IEEE Intelligent Vehicles Symposium. Los
Alamitos: IEEE Computer Society Press, 2019: 2522-2529

Xu R S, Xiang H, Xia X, et al. OPV2V: an open benchmark
dataset and fusion pipeline for perception with vehicle-to- ve-
hicle communication[C] //Proceedings of the International
Conference on Robotics and Automation. Los Alamitos: IEEE
Computer Society Press, 2022: 2583-2589

Ros G, Sellart L, Materzynska J, et al. The synthia dataset: a
large collection of synthetic images for semantic segmentation
of urban scenes[C] //Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Los Alamitos:
IEEE Computer Society Press, 2016: 3234-3243

Sun T, Segu M, Postels J, et al. SHIFT: a synthetic driving
dataset for continuous multi-task domain adaptation[C] //Proc-
eedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Los Alamitos: IEEE Computer Society
Press, 2022: 21339-21350

Lin L Q, Liu Y L, Hu Y, et al. Capturing, reconstructing, and
simulating: the urbanscene3D dataset[C] //Proceedings of the
17th European Conference on Computer Vision. Heidelberg:
Springer, 2022: 93-109

Zhou Y C, Huang J W, Dai X L, et al. HoliCity: a city-scale
data platform for learning holistic 3D structures[OL].
[2024-05-22]. https://arxiv.org/abs/2008.03286v2

Yang Guoqing, Lai Wentao, Huang Hui. On active labeling 3D
point clouds via contrastive learning[J]. Journal of Com-
puter-Aided Design & Computer Graphics, 2023, 35(11):
1664-1673(in Chinese)

(B ER, BOCh, ®E. 456X =48 = 5k
WD) AL B BT 5 BB 2, 2023, 35(11):
1664-1673)

Xiao A R, Zhang X Q, Shao L, et al. A survey of label-efficient
deep learning for 3D point clouds[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2024, 46(12): 9139-
9160

Huang L Y. Review on LiDAR-based SLAM techniques[C]
//Proceedings of the International Conference on Signal Proc-
essing and Machine Learning. Los Alamitos: IEEE Computer
Society Press, 2021: 163-168

Wu Yue, Yuan Yongzhe, Xiang Benhua, et al. Overview of the
computational intelligence method in 3D point cloud registrat-
ion[J]. Journal of Image and Graphics, 2023, 28(9): 2763-2787
(in Chinese)

@, Bk, mAsE, & =4E s SRCETh TR e
BERRT]. HEEREIE SR, 2023, 28(9): 2763-2787)

Besl P J, McKay N D. Method for registration of 3-D shap-
es[C] //Proceedings of the Sensor Fusion IV: Control Paradi-
gms and Data Structures. Bellingham: Society of Photo-Optical
Instrumentation Engineers, 1992: 586-606

Fan Linlin, Wang Junyi, Xu Zhigang, et al. Registration

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

method of partial point cloud and whole point cloud of large
workpiece[J]. Journal of Computer-Aided Design & Computer
Graphics, 2023, 35(9): 1323-1332(in Chinese)

QUARMR, EFEX, HEN, 55 KBTS 58S
RIWECHETT 0] TR AL B i 5 BB 24k, 2023,
35(9): 1323-1332)

Biber P, Straler W. The normal distributions transform: a new
approach to laser scan matching[C] //Proceedings of the IEEE/
RSJ International Conference on Intelligent Robots and Sys-
tems. Los Alamitos: IEEE Computer Society Press, 2003:
2743-2748

Fischler M A, Bolles R C. Random sample consensus: a para-
digm for model fitting with applications to image analysis and
automated cartography[J]. Communications of the ACM, 1981,
24(6): 381-395

Mellado N, Aiger D, Mitra N J. Super 4PCS fast global point-
cloud registration via smart indexing[J]. Computer Graphics
Forum, 2014, 33(5): 205-215

Horn M, Engel N, Belagiannis V, et al. DeepCLR: correspon-
dence-less architecture for deep end-to-end point cloud regis-
tration[C] //Proceedings of the 23rd IEEE International Con-
ference on Intelligent Transportation Systems. Los Alamitos:
IEEE Computer Society Press, 2020: 1-7

Wang Y, Solomon J M. Deep closest point: learning represen-
tations for point cloud registration[C] //Proceedings of the
IEEE/CVF International Conference on Computer Vision. Los
Alamitos: IEEE Computer Society Press, 2019: 3522-3531
Aoki Y, Goforth H, Srivatsan R A, et al. PointNetLK: robust &
efficient point cloud registration using PointNet[C] //Procee-
dings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Los Alamitos: IEEE Computer Society
Press, 2019: 7156-7165

Li J H, Zhang C H, Xu Z Y, et al. Iterative distance-aware
similarity matrix convolution with mutual-supervised point
elimination for efficient point cloud registration[C] //Procee-
dings of the 16th European Conference on Computer Vision.
Heidelberg: Springer, 2020: 378-394

Yuan W T, Eckart B, Kim K, et al. DeepGMR: learning latent
gaussian mixture models for registration[C] //Proceedings of
the 16th European Conference on Computer Vision. Heidel-
berg: Springer, 2020: 733-750

Huang X S, Mei G F, Zhang J. Feature-metric registration: a
fast semi-supervised approach for robust point cloud registrat-
ion without correspondences[C] //Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Los Alamitos: IEEE Computer Society Press, 2020: 11363-
11371

Zeng A, Song S R, Niener M, et al. 3DMatch: learning local
geometric descriptors from RGB-D reconstructions[C] //Proc-
eedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition. Los Alamitos: IEEE Computer Society Press,
2017: 199-208

Deng H W, Birdal T, Ilic S. PPFNet: global context aware local
features for robust 3D point matching[C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2018:
195-205



928 TR P B B 5 KR 2224 537 %
[74] Gojcic Z, Zhou C F, Wegner J D, et al. The perfect match: 3D ing for large-scale outdoor point cloud registration[J]. IEEE

[75]

[76]

[77]

(78]

[79]

[80]

[81]

[82]

(83]

(84]

[85]

[86]

[87]

point cloud matching with smoothed densities[C] //Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Los Alamitos: IEEE Computer Society Press,
2019: 5540-5549

Choy C, Dong W, Koltun V. Deep global registration[C]
//Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Los Alamitos: IEEE Computer
Society Press Press, 2020: 2511-2520

Lu W X, Wan G W, Zhou Y, et al. DeepVCP: an end-to-end
deep neural network for point cloud registration[C] //Procee-
dings of the IEEE/CVF International Conference on Computer
Vision. Los Alamitos: IEEE Computer Society Press, 2019:
12-21

Lee J, Kim S, Cho M, et al. Deep hough voting for robust
global registration[C] //Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision. Los Alamitos: IEEE
Computer Society Press, 2021: 15974-15983

Guo YL, Wang HY, Hu Q Y, et al. Deep learning for 3D point
clouds: a survey[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2021, 43(12): 4338-4364

Yew Z J, Lee G H. 3DFeat-Net: weakly supervised local 3D
features for point cloud registration[C] //Proceedings of the
15th European Conference on Computer Vision. Heidelberg:
Springer, 2018: 630-646

Choy C, Park J, Koltun V. Fully convolutional geometric fea-
tures[C] //Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision. Los Alamitos: IEEE Computer Soci-
ety Press, 2019: 8957-8965

Ao S, Hu Q Y, Yang B, et al. SpinNet: learning a general sur-
face descriptor for 3D point cloud registration[C] //Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Los Alamitos: IEEE Computer Society Press,
2021: 11748-11757

Li J X, Lee G H. USIP: unsupervised stable interest point de-
tection from 3D point clouds[C] //Proceedings of the IEEE/
CVF International Conference on Computer Vision. Los
Alamitos: IEEE Computer Society Press, 2019: 361-370

Bai X Y, Luo Z X, Zhou L, et al. D3Feat: joint learning of
dense detection and description of 3D local features[C] //Proc-
eedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Los Alamitos: IEEE Computer Society
Press, 2020: 6358-6366

Liu S C, Wang T, Zhang Y, et al. Rethinking of learning-based
3D keypoints detection for large-scale point clouds registra-
tion[J]. International Journal of Applied Earth Observation and
Geoinformation, 2022, 112: Article No.102944

Ao S, Hu Q Y, Wang H Y, et al. BUFFER: balancing accuracy,
efficiency, and generalizability in point cloud registration[C]
//Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Los Alamitos: IEEE Computer
Society Press, 2023: 1255-1264

Wu Y, Zhang Y, Ma W P, et al. RORNet: partial-to-partial reg-
istration network with reliable overlapping representations[J].
IEEE Transactions on Neural Networks and Learning Systems,
2024, 35(11): 15453-15466

Liu S C, Wang T, Zhang Y, et al. Deep semantic graph match-

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

Transactions on Geoscience and Remote Sensing, 2024, 62:
Article No.5701412

Yu H, Li F, Saleh M, et al. CoFiNet: reliable coarse-to-fine
correspondences for robust point cloud registration[C]
//Proceedings of the 35th International Conference on Neural
Information Processing Systems. Red Hook: Curran Associates
Inc, 2021: Article No.1828

Qin Z, Yu H, Wang C J, et al. GeoTransformer: fast and robust
point cloud registration with geometric transformer[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2023, 45(8): 9806-9821

Lu F, Chen G, Liu Y L, et al. HRegNet: a hierarchical network
for large-scale outdoor LiDAR point cloud registration[C]
/[Proceedings of the IEEE/CVF International Conference on
Computer Vision. Los Alamitos: IEEE Computer Society Press,
2021: 15994-16003

Lu F, Chen G, Liu Y L, et al. HRegNet: a hierarchical network
for efficient and accurate outdoor LiDAR point cloud registra-
tion[J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2023, 45(10): 11884-11897

Shi C H, Chen X Y L, Lu H M, et al. RDMNet: reliable dense
matching based point cloud registration for autonomous driv-
ing[J]. IEEE Transactions on Intelligent
Systems, 2023, 24(10): 11372-11383

Xue W Y, Lu F, Chen G. HDMNet: a hierarchical matching
network with double attention for large-scale outdoor LiDAR
point cloud registration[C] //Proceedings of the IEEE/CVF
Winter Conference on Applications of Computer Vision. Los
Alamitos: IEEE Computer Society Press, 2024: 3381-3391

LiJ K, He X, Wen Y, et al. Panoptic-PHNet: towards real-time
and high-precision LiDAR panoptic segmentation via cluster-
ing pseudo heatmap[C] //Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. Los
Alamitos: IEEE Computer Society Press, 2022: 11799-11808
Wang W Y, Yu R, Huang Q G, et al. SGPN: similarity group
proposal network for 3D point cloud instance segmentation[C]
//Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Los Alamitos: IEEE Computer
Society Press, 2018: 2569-2578

Hou J, Dai A, Nieiner M. 3D-SIS: 3D semantic instance seg-
mentation of RGB-D scans[C] //Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Los
Alamitos: IEEE Computer Society Press, 2019: 4416-4425
Narita G, Seno T, Ishikawa T, et al. PanopticFusion: online

Transportation

volumetric semantic mapping at the level of stuff and things[C]
//Proceedings of the IEEE/RSJ International Conference on In-
telligent Robots and Systems. Los Alamitos: IEEE Computer
Society Press, 2019: 4205-4212

Engelmann F, Bokeloh M, Fathi A, et al. 3D-MPA: Multi-pro-
posal aggregation for 3D semantic instance segmentation[C]
//Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Los Alamitos: IEEE Computer
Society Press, 2020: 9028-9037

Liang Z H, Li Z H, Xu S C, et al. Instance segmentation in 3D
scenes using semantic superpoint tree networks[C] //Proceedi-
ngs of the IEEE/CVF International Conference on Computer



5 6 W BIWE, G FEFIREEF I R E SMA 5 Scan2BIM W 5% 258 929

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

Vision. Los Alamitos: IEEE Computer Society Press, 2021:
2763-2772

Liao Y B, Zhu H Y, Zhang Y G, et al. Point cloud instance
segmentation with semi-supervised bounding-box mining[J].
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 2022, 44(12): 10159-10170

Ngo T D, Hua B S, Nguyen K. GaPro: box-supervised 3D point
cloud instance segmentation using Gaussian processes as
pseudo labelers[C] //Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision. Los Alamitos: IEEE
Computer Society Press, 2023: 17748-17757

Liu C, Furukawa Y. MASC: multi-scale affinity with sparse
convolution for 3D instance segmentation[OL]. [2024-05-22].
https://arxiv.org/pdf/1902.04478

Pham Q H, Nguyen T, Hua B S, et al. JSIS3D: joint semantic-
instance segmentation of 3D point clouds with multi-task poin-
twise networks and multi-value conditional random fields[C]
//Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Los Alamitos: IEEE Computer
Society Press, 2019: 8819-8828

Agapaki E, Brilakis I. CLOI-NET: class segmentation of in-
dustrial facilities’ point cloud datasets[J]. Advanced Engineer-
ing Informatics, 2020, 45: Article No.101121

Vu T, Kim K, Luu T M, et al. Softgroup for 3D instance seg-
mentation on point clouds[C] //Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Los
Alamitos: IEEE Computer Society Press, 2022: 2698-2707

He T, Shen C H, van den Hengel A. Dynamic convolution for
3D point cloud instance segmentation[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2022, 45(5): 5697-
5711

Zhao Y M, Zhang X, Huang X M. A technical survey and
evaluation of traditional point cloud clustering methods for
LiDAR panoptic segmentation[C] //Proceedings of the IEEE/
CVF International Conference on Computer Vision. Los Alam-
itos: IEEE Computer Society Press, 2021: 2464-2473

Jiang L, Zhao H S, Shi S S, et al. PointGroup: dual-set point
grouping for 3D instance segmentation[C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2020:
4866-4875

Wang X L, Liu S, Shen X Y et al. Associatively segmenting in-
stances and semantics in point clouds[C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2019:
4091-4100

Zhao L, Tao W B. JSNet: joint instance and semantic segmen-
tation of 3D point clouds[C] //Proceedings of the 34th AAAI
Conference on Artificial Intelligence. Palo Alto: AAAI Press,
2020: 12951-12958

Lahoud J, Ghanem B, Oswald M R, et al. 3D instance segmen-
tation via multi-task metric learning[C] //Proceedings of the
IEEE/CVF International Conference on Computer Vision. Los
Alamitos: IEEE Computer Society Press, 2019: 9255-9265
Chen S Y, Fang J M, Zhang Q, et al. Hierarchical aggregation
for 3D instance segmentation[C] //Proceedings of the IEEE/
CVF International Conference on Computer Vision. Los

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

Alamitos: IEEE Computer Society Press, 2021: 15447-15456
Hao W, Wang H X, Liang W, et al. Attention-Based joint se-
mantic-instance segmentation of 3D point clouds[J]. Advances
in Electrical and Computer Engineering, 2022, 22(2): 19-28
Zhong M, Chen X H, Chen X K, et al. MaskGroup: hierarchi-
cal point grouping and masking for 3D instance segmenta-
tion[C] //Proceedings of the IEEE International Conference on
Multimedia and Expo. Los Alamitos: IEEE Computer Society
Press, 2022: 1-6

Wong K, Wang S L, Ren M Y, et al. Identifying unknown in-
stances for autonomous driving[C] //Proceedings of the Con-
ference on Robot Learning. Cambridge MA: MLResearch
Press, 2020: 384-393

Zhang F H, Guan C Y, Fang J, et al. Instance segmentation of
LiDAR point clouds[C] //Proceedings of the IEEE International
Conference on Robotics and Automation. Los Alamitos: IEEE
Computer Society Press, 2020: 9448-9455

Shin S, Zhou K C, Vankadari M, et al. Spherical mask: coarse-
to-fine 3D point cloud instance segmentation with spherical
representation[C] //Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Los Alamitos:
IEEE Computer Society Press, 2024: 4060-4069

Wu B C, Wan A, Yue X Y, et al. SqueezeSeg: convolutional
neural nets with recurrent CRF for real-time road-object seg-
mentation from 3D LiDAR point cloud[C] //Proceedings of the
IEEE International Conference on Robotics and Automation.
Los Alamitos: IEEE Computer Society Press, 2018: 1887-1893
Chen T H, Chang T S. RangeSeg: range-aware real time seg-
mentation of 3D LiDAR point clouds[J]. IEEE Transactions on
Intelligent Vehicles, 2021, 7(1): 93-101

Du K Y, Meng J, Meng X, et al. A model for urban environ-
ment instance segmentation with data fusion[J]. Sensors, 2023,
23(13): Article No.6141

Zhang Z K, Ding J, Jiang L, et al. FreePoint: unsupervised
point cloud instance segmentation[C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2024:
28254-28263

Kirillov A, He K M, Girshick R, et al. Panoptic segmenta-
tion[C] //Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. Los Alamitos: IEEE
Computer Society Press, 2019: 9396-9405

Su S H, XuJ Y, Wang H Y, et al. PUPS: point cloud unified
panoptic segmentation[C] //Proceedings of the 37th AAAI
Conference on Artificial Intelligence. Palo Alto: AAAI Press,
2023:2339-2347

Behley J, Milioto A, Stachniss C. A benchmark for LiDAR-
based panoptic segmentation based on KITTI[C] //Proceedings
of the IEEE International Conference on Robotics and Automa-
tion. Los Alamitos: IEEE Computer Society Press, 2021:
13596-13603

Thomas H, Qi C R, Deschaud J E, et al. KPConv: flexible and
deformable convolution for point clouds[C] //Proceedings of
the IEEE/CVF International Conference on Computer Vision.
Los Alamitos: IEEE Computer Society Press, 2019: 6410-6419
Milioto A, Vizzo I, Behley J, et al. RangeNet++: fast and accu-



930

TR P B B 5 KR 2224

37 %

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

rate LIDAR semantic segmentation[C] //Proceedings of the
IEEE/RSJ International Conference on Intelligent Robots and
Systems. Los Alamitos: IEEE Computer Society Press, 2019:
4213-4220

Lang A H, Vora S, Caesar H, et al. PointPillars: fast encoders
for object detection from point clouds[C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Los Alamitos: IEEE Computer Society Press, 2019:
12689-12697

Chen Q, Vora S, Beijbom O. PolarStream: streaming LiDAR
object detection and segmentation with polar pillars[C] //Proce-
edings of the 35th International Conference on Neural Infor-
mation Processing Systems. Red Hook: Curran Associates Inc,
2021: Article No.2058

Gasperini S, Mahani M A N, Marcos-Ramiro A, et al. Panoster:
end-to-end panoptic segmentation of LiDAR point clouds[J].
IEEE Robotics and Automation Letters, 2021, 6(2): 3216-3223
Razani R, Cheng R, Li E X, et al. GP-S3Net: graph-based pan-
optic sparse semantic segmentation network[C] //Proceedings
of the IEEE/CVF International Conference on Computer Vi-
sion. Los Alamitos: IEEE Computer Society Press, 2021:
16056-16065

Shi C Z, Own C M, Zhou R M. Federated grouping panoptic
segmentation for LiDAR point cloud based on convolutional
network[C] //Proceedings of the 34th IEEE International Con-
ference on Tools with Artificial Intelligence. Los Alamitos:
IEEE Computer Society Press, 2022: 6-13

Marcuzzi R, Nunes L, Wiesmann L, et al. Mask-based panoptic
LiDAR segmentation for autonomous driving[J]. IEEE Robot-
ics and Automation Letters, 2023, 8(2): 1141-1148

Wang Y Z, Wang L G, Hu Q Y, et al. Panoptic segmentation of
3D point clouds with Gaussian mixture model in outdoor
scenes[J]. Visual Intelligence, 2024, 2(1): Article No.10

Milioto A, Behley J, McCool C, et al. LIDAR panoptic seg-
mentation for autonomous driving[C] //Proceedings of the
IEEE/RSJ International Conference on Intelligent Robots and
Systems. Los Alamitos: IEEE Computer Society Press, 2020:
8505-8512

Zhou Z X, Zhang Y, Foroosh H. Panoptic-PolarNet: proposal-
free LIDAR point cloud panoptic segmentation[C] //Proceedi-
ngs of the IEEE/CVF Conference on Computer Vision and Patt-
ern Recognition. Los Alamitos: IEEE Computer Society Press,
2021: 13189-13198

Li E X, Razani R, Xu Y X, et al. SMAC-Seg: LiDAR panoptic
segmentation via sparse multi-directional attention cluster-
ing[C] //Proceedings of the International Conference on Ro-
botics and Automation. Los Alamitos: [IEEE Computer Society
Press, 2022: 9207-9213

Besic B, Gosala N, Cattaneo D, et al. Unsupervised domain
adaptation for LiDAR panoptic segmentation[J]. IEEE Robot-
ics and Automation Letters, 2022, 7(2): 3404-3411

Xian G Z, Ji C Y, Zhou L, et al. Location-guided LiDAR-based
panoptic segmentation for autonomous driving[J]. IEEE Trans-
actions on Intelligent Vehicles, 2023, 8(2): 1473-1483

Li XY, Zhang G, Wang B Y, et al. Center focusing network for
real-time LiDAR panoptic segmentation[C] //Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

Recognition. Los Alamitos: IEEE Computer Society Press,
2023: 13425-13434

Zhu X G, Zhou H, Wang T, et al. Cylindrical and asymmetrical
3D convolution networks for LiDAR segmentation[C] //Proc-
eedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Los Alamitos: IEEE Computer Society
Press, 2021: 9934-9943

Zhao Y M, Zhang X, Huang X M. A divide-and-merge point
cloud clustering algorithm for LiDAR panoptic segmenta-
tion[C] //Proceedings of the International Conference on Ro-
botics and Automation. Los Alamitos: IEEE Computer Society
Press, 2022: 7029-7035

Chen Q, Vora S. Proposal-free LIDAR panoptic segmentation
with pillar-level affinity[C] //Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition Wor-
kshops. Los Alamitos: IEEE Computer Society Press, 2022:
4528-4535

Hong F Z, Zhou H, Zhu X G, et al. LiDAR-based panoptic
segmentation via dynamic shifting network[C] //Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Los Alamitos: IEEE Computer Society Press,
2021: 13085-13094

Xu S J, Wan R, Ye M S, et al. Sparse cross-scale attention net-
work for efficient LIDAR panoptic segmentation[C] //Proceedi-
ngs of the 36th AAAI Conference on Artificial Intelligence.
Palo Alto: AAAI Press, 2022: 2920-2928

Li E X, Razani R, Xu Y X, et al. CPSeg: cluster-free panoptic
segmentation of 3D LiDAR point clouds[C] //Proceedings of
the IEEE International Conference on Robotics and Automa-
tion. Los Alamitos: IEEE Computer Society Press, 2023: 8239-
8245

Song H M, Cho J, Ha J S, et al. Panoptic-FusionNet: cam-
era-LiDAR fusion-based point cloud panoptic segmentation for
autonomous driving[J]. Expert Systems with Applications,
2024, 251: Article No.123950

Nichol A, Jun H, Dhariwal P, et al. Point-E: a system for gen-
erating 3D point clouds from complex prompts[OL]. [2024-05-
22]. https://arxiv.org/abs/2212.08751

Gong J Y, Liu F Q, Xu J C, et al. Optimization over disentan-
gled encoding: unsupervised cross-domain point cloud comple-
tion via occlusion factor manipulation[C] //Proceedings of the
17th European Conference on Computer Vision. Heidelberg:
Springer, 2022: 517-533

Wu Y, Hu X D, Zhang Y, et al. SACF-Net: skip-attention based
correspondence filtering network for point cloud registration[J].
IEEE Transactions on Circuits and Systems for Video Tech-
nology, 2023, 33(8): 3585-3595

Liu F Q, Gong J Y, Zhou Q Y, et al. CloudMix: dual mixup
consistency for unpaired point cloud completion[J]. IEEE
Transactions on Visualization and Computer Graphics, 2025,
31(4): 2182-2195

Wang J, Cui Y, Guo DY, et al. PointAttN: you only need atten-
tion for point cloud completion[C] //Proceedings of the 38th
AAAI Conference on Artificial Intelligence. Palo Alto: AAAI
Press, 2024: 5472-5480

Mahmoud M, Chen W, Yang Y, et al. Leveraging deep learning
for automated reconstruction of indoor unstructured elements in



5 6 W BIWE, G FEFIREEF I R E SMA 5 Scan2BIM W 5% 258 931

[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

scan-to-BIM[J]. International Archives of the Photogrammetry,
Remote Sensing and Spatial Information Sciences, 2024, 48(1):
479-486

Tang P B, Huber D, Akinci B, et al. Automatic reconstruction
of as-built building information models from laser-scanned
point clouds: a review of related techniques[J]. Automation in
Construction, 2010, 19(7): 829-843

Costin A, Adibfar A, Hu H J, et al. Building information mod-
eling (BIM) for transportation infrastructure-literature review,
applications, challenges, and recommendations[J]. Automation
in Construction, 2018, 94: 257-281

Cho G H, Won J S, Kim J U. The extension of IFC model
schema for geometry part of road drainage facility[J]. Journal
of the Korea Academia-Industrial cooperation Society, 2013,
14(11): 5987-5992

Borrmann A, Kolbe T H, Donaubauer A, et al. Multi-scale
geometric-semantic modeling of shield tunnels for GIS and
BIM applications[J]. Computer-Aided Civil and Infrastructure
Engineering, 2015, 30(4): 263-281

Baumgart B G. Winged edge polyhedron representation[M].
Stanford, California: Stanford University, 1972

Ma W, Kruth J P. NURBS curve and surface fitting for reverse
engineering[J]. The International Journal of Advanced Manu-
facturing Technology, 1998, 14(12): 918-927

Lin W C, Chen T W. CSG-based object recognition using range
images[C] //Proceedings of the 9th International Conference on
Pattern Recognition. Los Alamitos: IEEE Computer Society
Press, 1988: 99-103

Romero-Jarén R, Arranz J J. Automatic segmentation and clas-
sification of BIM elements from point clouds[J]. Automation in
Construction, 2021, 124: Article No.103576

Siddiqui Y, Thies J, Ma F C, et al. RetrievalFuse: neural 3D
scene reconstruction with a database[C] //Proceedings of the
IEEE/CVF International Conference on Computer Vision. Los
Alamitos: IEEE Computer Society Press, 2021: 12548-12557
Rausch C, Haas C. Automated shape and pose updating of
building information model elements from 3D point clouds[J].
Automation in Construction, 2021, 124: Article No.103561
Kennedy J, Eberhart R. Particle swarm optimization[C] //Proc-
eedings of the International Conference on Neural Networks.
Los Alamitos: IEEE Computer Society Press, 1995: 1942-1948
Holland J H. Genetic algorithms[J]. Scientific American, 1992,
267(1): 66-73

[165]

[166]

[167]

[168]

[169]

[170]

[171]

[172]

[173]

[174]

[175]

[176]

Bertsimas D, Tsitsiklis J. Simulated annealing[J]. Statistical
Science, 1993, 8(1): 10-15

Zhang Y X, Ren X H, Zhang J X, et al. A method for deform-
ation detection and reconstruction of shield tunnel based on
point cloud[J]. Journal of Construction Engineering and Man-
agement, 2024, 150(3): Article No0.04024006

Mahmoud M, Chen W, Yang Y, et al. Automated BIM genera-
tion for large-scale indoor complex environments based on
deep learning[J]. Automation in Construction, 2024, 162: Arti-
cle No.105376

Yang L, Lin Y C, Cai H B, et al. From scans to parametric
BIM: an enhanced framework using synthetic data augmen-
tation and parametric modeling for highway bridges[J]. Journal
of Computing in Civil Engineering, 2024, 38(3): Article
No.04024008

Che E Z, Jung J, Olsen M J. Object recognition, segmentation,
and classification of mobile laser scanning point clouds: a state
of the art review[J]. Sensors, 2019, 19(4): Article No.810
Golub G H, van Loan C F. An analysis of the total least squares
problem[J]. SIAM Journal on Numerical Analysis, 1980, 17(6):
883-893

von Gioi R G, Jakubowicz J, Morel J M, et al. LSD: a fast line
segment detector with a false detection control[J]. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 2010,
32(4): 722-732

Edelsbrunner H, Miicke E P. Three-dimensional alpha shapes[J].
ACM Transactions on Graphics (TOG), 1994, 13(1): 43-72
Patraucean V, Armeni I, Nahangi M, et al. State of research in
automatic as-built modelling[J]. Advanced Engineering Infor-
matics, 2015, 29(2): 162-171

Yin Y D, Liu Y Z, Xiao Y, et al. SAI3D: segment any instance
in 3D scenes[C] //Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Los Alamitos: IEEE
Computer Society Press, 2024: 3292-3302

Xu R S, Wang X L, Wang T, et al. PointLLM: empowering
large language models to understand point clouds[C] //Procee-
dings of the 18th European Conference on Computer Vision.
Heidelberg: Springer, 2024: 131-147

Qi Z Y, Fang Y, Sun Z Y, et al. GPT4Point: a unified frame-
work for point-language understanding and generation[C]
//Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Los Alamitos: IEEE Computer
Society Press, 2024: 26407-26417



