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ABSTRACT: With Building Information Modeling(BIM) becoming the de facto standard for data sharing in the AEC industry, additional
needs have increased to ensure the data integrity of BIM models themselves. Although the Industry Foundation Classes provide an open
and neutral data format, its generalized schema leaves it open to data loss and misclassifications This research applied deep learning to
automatically classify BIM elements and thus check the integrity of BIM-to-IFC mappings. Multi-view CNN(MVCC) and PointNet, which are
two deep learning models customized to learn and classify in 3 dimensional non-euclidean spaces, were used. The analysis was restricted
to classifying subtypes of architectural walls. MVCNN resulted in the highest performance, with ACC and F1 score of 0.95 and 0.94.
MVCNN unitizes images from multiple perspectives of an element, and was thus able to learn the nuanced differences of wall subtypes.
PointNet, on the other hand, lost many of the detailed features as it uses a sample of the point clouds and perceived only the ‘'skeleton' of
the given walls.
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Figure 1. MVCNN architecture(Su et al., 2015)
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Classification Network

: input mlp(6464i feature mlp (64,128,1024) - o A
.E sform transform :E: pool gy (512356K)
2' I l il nx1024 Dl:l—*'—
E _'\__|_’_' glob;l}‘lentm g :
output scores
."""“mm.’iwmtfamu-gs

TNe: 3‘15"“‘ / TNet :j:m. | ::g_—, " . g

/ - L ufzlies shared % shated g ‘;
mitply multply 1 _’\__l_}_' ‘i}ﬂ E.

mlp (512.256,128) mlp (128,m)
Segmentation Network

Figure 3. PointNet architecture(Qi et al., 2017)
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2 HSE=(ACC), F1 score, Precision/Recall %
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ROC(Receiver Operating Characteristic) Curve?| AUC(Area
Under the Curve)S AFE350] Z11gtS SXSGHRICE ACCLt F
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M, AUC %t0| 0.95 Z=1I5IH 0] FA| 50| =2 =2

EItHMuller et al., 2005).
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Z517] sl KBIMS(Korea Building Information
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M Z&Est Exl(fcwall StandardCase)2| & 7= 4,2807H01H,
7|51 A MEIt LS IS £ MAstD, 0| MEt
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Table 1. BIM model overview

Building Name Yonsei" KBIMS1? KBIMS2?

Image q
Research
- Building ) - . -
BuildingType (Engineering Office Building Office Building
School)
No. of Floors 6 10 6
Gross Floor
Arcalnd) 19,873.50 10,624.20 2,086.50
IF(? spa(l:e Yes Yes Yes
designation

1)Building Informatics Group (BIG) lab, Yonsei University, http:/big.yonsei.ac.kr/
2)Korean Building Information Modeling Standards (KBIMS), http://www.kbims.orkr/
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(penetration) & 75 (opening) GIE7t L5t F&5t
Aot HAQl MEH L AlZ @hAlo] o|of wat E2tX|7] 0|
Ct 07|M= 0|8 F7t2 MESIHM 727t gl Lt HA|

(Generic Wall), 257} Q&= Bx|(Wall with window opening)

2l 20| Q= HH|(Wall with door opening)2 23t

= = M T

Table 2. Wall element type classification

Wall Generic Wall with Wall with

Type wall window opening door opening

- =y

No. of

elements 180 83 101

(364)

Table 32 2zt HA|S2| 5% ST}t st EE(training set)
Y =7} 2(test sel) 2 LHe XS HOIEC) THsE e
Sg 47g ot o3t 2 519l REol 47t 25| e 0f
FEE sh= A0l 2L HI0/E MEZ EF st R0l %]
27 g sts ZElo| nixgt £ ntAXSHover and under
fitting)0| Zaligt 4= Q7| W20|ct ol2{8t HEE 2E ZAnt of
22 oEst 4 Q=2 Precision/Recall 242 SH5HICt

Table 3. Wall element training and test set (7:3)

Training Test
Type set set Total
Generic wall 126 54 180
Wall with
window opening % % 8
Wall with
door opening 7 %0 101
Total 255 109 364
32 Eaid 2

3.2.1 MVCNN

MVCNNO| ZR=Z st= CtZ= 2D O|0|X|IE Plei 2+ X
SIolM 30° ZHAo 2 S|IMEHHA 12702] o|o|X|E HFFCL 0
£ floiM 2E 44 3D ZBFE 22T AZEQ0Q Blenders
ArE5tCHFigure 5).
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(Layer)2 2 THE VGG-M FAIS| CNNS AFE3D softmaxE
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lof 2t B3 5

N
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Figure 5. Deep network architecture for MVCNN

3.2.2 PointNet

Convert to - .
‘ Input Wall Model H Point Cloud(.ply) l—b‘ Modeling PointNet

General wall l

Wall with :
window opening
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Figure 6. Deep network architecture for PointNet
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4.1 ACC, F1 and Precision/Recall 2t
Table 4= M| 7tX| 2o gt ACC, Precision/Recall !

F1 Score ZugtE2 EO{ZEL}. MVCNNO| ACC(0.95) ¥ Fi

score(0.94)2 M 22 & 71 =2 852 EXCh
SVM2 ACC(0.615) & F1 score(0.55) 12|11

ACC(0.563) 2 F1 score(0.51)2 & 2& 2%
q4s2 =B

Table 4. Accuracy (ACC) results for SVM, Multi—view CNN,
PointNet (IfcWall)

PointNet2

Nrjmoz we

Accuracy Precision Recall F1 score
SVM 0.615 0.61 0.54 0.55
MVCNN 0.95 0.96 0.94 0.94
PointNet 0.563 0.56 0.50 051

Precision-Recall curve

Micro-Average Precision-Recall (area = 0.73) |
—— D1 (area = 0.61)

== G (area = 0.84)
—:= W1 (area = 0.60)
oo
o [ o ae ol 10
Recall
(a) SVM
1
o8
06
£ f
B
£ H
04 (B

Micro-Average Precision-Recall (area = 0.97)
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Table 5. SVM classification results (confusion table)

Predicted Generic Wall with Wall with
il window door Total
Actual opening opening
Generic wall 45 3 6 54
Wall with
window 15 7 3 25
opening
Wall with 13 2 15 30
door opening
Total 73 12 24 109

Table 6. MVCNN classification results (confusion table)

Predicted B Wall with Wall with
el window door Total
Actual opening opening
Generic wall 54 0 0 54
Wall with
window 2 21 2 25
opening
Wallwith 2 1 29 30
door opening
Total 56 22 31 109

Table 7. PointNet classification results (confusion table)

Predicted . Wall with Wall with
Gs:;['c window door Total
Actual opening opening
Generic wall 45 1 8 54
Wall with
window 5 13 7 25
opening
Wall with 12 1 17 0
door opening
Total 62 15 32 109

A

Z(Confusion Table)oIME 57HE X|Qlet RE HAZE T4

=
o 3 SFA
2 ol & 4 Utk

rol

FE

H, SVM2| Z<2 Generic wall(AUC=0.81), Wall with window
0.82), Wall with door opening(AUC=0.82) AICH
Moz 2 M52 H¥2n, Table 501 2lotH JH2E7t ZXHst
HX(2| 30% 0|42 YHHAZ @2 =5t AS = 5 UL
PointNet LE8t Generic wall(AUC=0.78), Wall with window
opening(AUC=0.79), Wall with door opening(AUC=0.75)2 Al

e 2 3 71 "2 g5 2R

opening(AU

Jon

38 Journal of KIBIM Vol.9, No.4 (2019)

Table 701 MAIE B Z0[, HFEI} U= HHE Lt

1 e, TRt s HH7EE &S

1T

ol
Kl
0
rr

4.3 A} M

N sHs 22 & MVCNNS| 25 850| 7t =2 AR =
2{%tCh MVCNN2 CHA=of Al Z#E6t 0|0|XIE Sal &t&st|
off x| Ao MM XI0|E QAR 2RE HEHo= &t
Ho= mietE

[

C.

olofl HIGH SVM ! PointNet2 AlZIXoz 220 Alnfst 2
O=F HItz|H, Ol HAQ HAlet A XI0|E metstX| Zst
o LH2 Zut=2 siMECt

SVMQ| AL HH|IE At A(bounding box)2

£E 7|5t EME F&SP| HEA HTPEE 72 Kot
2, 0l= ok ™k of&E Zatolct,

PointNet2| Z<, 230 AJigH Hiet 20|, =0Tl ZRIE
gZteso HY E4g 7HE & UEs ME ZQIEE Sl

A

o@t ol xMu}f

og
m
i
l:'_l
1
Q'E
k1
o
T
omm
=O|=l
glzl
ofl

&
i
ro
1z
ro

(hLywi)

Ct & =2(Qi et al., 2017)0ilA
H ModelNetd0 HO|E| MEE HTEH, Zo|Lt MSoASE
AtSAL HY7| S CHHER 23 50|

I
f Xfo|7t 534610 =2 ds=
PS

ol
i
30
fir
inl
o
mn
rlo
=

e

<, PointNet0| M2 ZIEDH AIZE2ZM 1 O|Met X0
2HE Aoz 2RIt &, JiEet 119 fIX|of et HE
xolgel Ed= ¢l =0, 25| JS50| AMstel Aoz at

al
StEICt # =E0ME PointNete] 0|2 StAIEE 7I&sta UCh

2 AFAME BIM X2t IFC ZaiA zt
El2ld 7lEtez BIM 21 X8 27 WEHE ML
o| 23 7|, MVCNN % PointNetat 7|#|StE 7|
212t A% BIM HHQ| ot £ 36471E s W
MVCNNO| ACC(0.95) & F1 Score(0.94)2 7%
2t
SVM % PointNet2 MiHEoZ W2 452 B¢
BI5HR| 42 ZHo=Z =2kt SV
SEfel BHAIZ, PointNet2 ZQIE Z2IR2C
‘LY QIAISHE 2XIZ Q1aH, HAIQ| MM

Fole Aoz =aiith

=2
OH
oy
= O
o
—o
o

B o
nH oy I
o oy ™

mjo
s

2
ol
on
-0

oy J%
i o
4

~
a3}

<
1

™ 40
o
A
Ju
2

0x 1T

[>

g X o
=

ol

N
X
2
I'I

ol
iy
B

2

ro
S
iy
HI

X
CHi=oll M 2

MVCNN

ro

O[0|XIE 7|8tez st&atrlof



B SHAIS TRE 4 Qs Ba RW0| WS RS ¥ 4 Utk
JEfLh, MVCNNS Ci2ts S 0|0|xIZ $/5H=t| 22 A
Zto| 27 =), 4 olnjxIZ 2zte] CNNSE 3 ¥ Xals

HA S AlZHo| 22 A2l T ES EXHSCH AXE Qi
et al.(2017)0l| 2|3tH MVCNNO| PointNet2CH HAF HIE ! A
2t0| Z+zZt Al QUHTIR| AR E|= WO 2 TmtE| ULt
matM, MVCNNS AFHoz &&517| fsiMe oz 0]
0|X| &2 XtSstet= Yot GPU 7|He 2 HASEE S
Al7l= 2eto] Zt=|ofof & Zio|ch
2 A0l 171 Aol CHeHAMTH AEsH EUCt 2 A
BIM Zix|of| EHES 2IGHAE, BIM £ SEHEZ Mol ME
2 golEdst= &Y &, HIOlH 5 &

S XIESE 20| ey AR Al

=

o2 i Ky
-
_|-|>|| <
g
ol
E
q0
oolI

2 o7t FETER TAHS HTINLAIY HTH|K|

References

Bazjanac, V., Kiviniemi, A. (2007). Reduction, simplification,
translation and interpretation in the exchange of model
data, In CIB' W, 78, pp. 163—168.

Belsky, M., Sacks, R., Brilakis, I. (2016). Semantic enrichment
for building information modeling, Computer Aided Civil
and Infrastructure Engineering, 31(4), pp. 261-274.

Bennett, K. P., Campbell, C. (2000). Support vector
machines: hype or hallelujah?, Acm Sigkdd Explorations
Newsletter, 2(2), pp. 1-13.

BIMCollective, lfcOpenShell, http://ifcopenshell.org (2016)

Bloch, T., Sacks, R., (2018). Comparing machine learning
and rule—based inferencing for semantic enrichment of
BIM models, Automation in Construction, 91, pp. 256—272.

Bronstein, M. M., Bruna, J., LeCun, Y., Szlam, A., Vandergheynst,
P., (2017). Geometric deep learning: going beyond euclidean
data, IEEE Signal Processing Magazine, 34(4), pp. 18—42.

Construction Specifications Institute, Omniclass, https://www.

csiresources.org/practice/standards/omniclass (2017)

Eastman, C. M., Jeong, Y. S., Sacks, R., Kaner, |. (2009).
Exchange model and exchange object concepts for
implementation of national BIM standards, Journal of
Computing in Civil Engineering, 24(1), pp. 25—34.

Kim, H., Choi, J., Kim, H., Kim, I. (2013). The Development of
Data Model for Open BIM—Based Schematic Estimates —
Focused on Construction Type for Actual Cost of Public
Projects, Journal of the Architectural Institute of Korea
Planning and Design, 29(3), pp. 61-70.

Kim, J., Moon, J., Joo, K. (2012). Proposal of roadmap and
basic research of Information model standards for application
on the BIM on civil engineering, ournal of Korea Academia—
Industrial cooperation Society, 13(12), pp. 6176-6186.

Koo, B., La, S., Cho, N. W., Yu, Y. (2019). Using support
vector machines to classify building elements for checking
the semantic integrity of building information models,
Automation in Construction, pp. 98, 183—194.

Ma, L., Sacks, R. Kattell, U. (2017), Building Model Object
Classification for Semantic Enrichment Using Geometric
Features and Pairwise Spatial Relations, in 2017 Leand and
Computing in Construction Congress(LC3), pp. 373—380.

Maturana, D., Scherer, S, (2015). Voxnet: A 3d convolutional
neural network for real—time object recognition, In 2015
IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS), pp. 922-928.

Muller, M. P., Tomlinson, G., Marrie, T. J., Tang, P., McGeer, A,,
Low, D. E., Gold, W. L. (2005). Can routine laboratory tests
discriminate between severe acute respiratory syndrome
and other causes of community—acquired pneumonia?,
Clinical infectious diseases, 40(8), pp. 1079-1086.

National BIM Library, NBS, https://www.nationalbimlibrary.
com/en/ (2017)

Nepal, M. P., Staub—French, S., Pottinger, R., Zhang, J. (2012).
Ontology—based feature modeling for construction information
extraction from a building information model, Journal of
Computing in Civil Engineering, 27(5), pp. 555—-569.

Pauwels, P., Terkaj, W. (2016). EXPRESS to OWL for construction
industry: Towards a recommendable and usable ifcOWL
ontology, Automation in Construction, 63, pp. 100—133.

Qi, C. R., Su, H., Mo, K., Guibas, L. J. (2017). Pointnet:
Deep learning on point sets for 3d classification and
segmentation. In Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition, pp. 652—660.

St=BIMa3El=2% 9F 45 (2019) 39



Su, H., Maji, S., Kalogerakis, E., Learned—Miller, E. (2015).
Multi—view convolutional neural networks for 3d shape
recognition, In Proceedings of the IEEE international
conference on computer vision, pp. 945953,

Venugopal, M., Eastman, C. M., Sacks, R, Teizer, J. (2012).
Semantics of model views for information exchanges
using the industry foundation class schema, Advanced

engineering informatics, pp. 26(2), 411-428.

40 Journal of KIBIM Vol.9, No.4 (2019)

Wu, Z., Song, S., Khosla, A, Yu, F., Zhang, L., Tang, X,
Xiao, J. (2015). 3d shapenets: A deep representation for
volumetric shapes, In Proceedings of the IEEE conference

on computer vision and pattern recognition, pp. 1912—1920.



