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Comparative Study on the Performance of Multi-view Image
Learning-based Penetrability Analysis Model for Classifying
Irrelevant Clashes in BIM model

Hyunwoo Lee' - Youngsu Yu? - Wonbok Lee® - Bonsang Koo**

'Graduate Student, Department of Civil Engineering, Seoul National University of Science and Technology
*Postdoctoral Researcher, Korea Construction Standards Center, Korea Institute of Civil Engineering and Building Technology
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Abstract : BIM models are developed in a fragmented manner by discipline and integrated during the detailed design
phase, leading to numerous clashes. Many of these are irrelevant clashes that do not require intervention, yet
significant effort is needed for classification. Sleeve installation feasibility assessment is a key task in this process,
and various studies have explored automated penetrability analysis. However, existing methods relied on manually
defined inference rules or failed to capture detailed clash patterns. This study developed penetrability analysis models
using Multi-view CNN (MVCNN) and Multi-view Vision Transformer (MVT), both of which enable multi-view
image training. Experimental results showed that MVT achieved an accuracy (ACC) of 0.98, outperforming MVCNN
by 0.13 ACC. MVT’s superiority was attributed to its attention mechanism, which focused on clash-prone regions,
unlike MVCNN’s emphasis on overall object geometry. These findings demonstrate practical value by enabling the
early identification of irrelevant clashes to enhance design efficiency and accuracy, while supporting more precise
construction planning through detailed penetration information.

Keywords : Penetrability, Sleeve installation, Multi-view Vision Transformer, Multi-View CNN, BIM
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HIRE 7] & SolHGleeve) AXE Edf 812 7Fsot
V3 e BIM AAI0IA 7FE vidsHA LFER b= thad ARl
O|CHLin & Huang, 2019). Ee1E+&= HE, v Aol Ed|

O] & MEP 2Ai7} ¥, B, M 22 U5 e 712 7

ME LSS o AlEck= He FEZ, A7 9 AlZ B0
A f98E gHsks o &89t dalE, (Fig. 1) 2
o] BIM ¥ W HEV} He %dﬁ] HSat0] 7Hdo] Bl
st 4o, AlG BAOA Se|2E AR EA] HE9|
AA W4 glol Hde shiEdg =+ 9192E<Fig. 1), dA
CHAOA] HE=0] X7 Q6K St Teu slEe A
AVAA BHAQ] Level of Development (LOD) 300-350 <=5
oMeE YHE o E QFEA] @ BIM EEl Q4% AR

N SEE DY detsie 297} Bt o) s A

FEOIL FIHAIS Ale &
x

I

i

S HAOIA STlE XIS Sall dld 7hstt Tl Hiw
g Mol BIM 7Hd AE E0llAl= (Fig 1) 40l f&
M3 SLSHA EHAIEH, ARolAE 2t 7}“01] tiell 2
H AR 7k ORE HEE AlEslo] HIRE (e AE
5kal QT

(b) With sleeve installation

(a) Without sleeve installation

Fig. 1. Clash resolution by sleeve installation
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Fig. 2. Clash type division (Hu et al., 2019)
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2.2.1 Multi-view CNN

MVCNNE THs HollA] EY4E T2 oJnjAE CNNS
2 558 4 s HYH gaid ROl (Fig. 3)of Al
AlgF MVCNN9] T304 & = QI%, CNN1g Sdfl 9]
2D OINXIE /WA o7 A2loto] 7id Roll thet EFE
S5l Ol S§SIT) o|F E8tE &€ ThA] CNN2
2 A2lsto] FE BRFE s8It 0| &l 3D A E =
Aol ZQ1E S22 dEjZ Hetsh= HlolH &Axlz] it
g ARK L1, OIRMEE &AF Hed REo] 258
& 710l AT Az Qs Ax|9] 715He EFo] =4
ER] Z=The §80] ATHSu et al, 2015).

olet EFOF, MVCNNE 3D Zi&| Q141 Ex|0jA] 7]
£9] 3D 7]t Y RE the] 258 45 KOl vt
AT LE=, 3D AA "X ElOJHAE & ool
ModelNet” THAORE 3D 715t Held Yl 7] Hse
Hwgh A1}, MVCNNO| 257 Fete= 90.1%% VoxNet
(83%)1} PointNet (89.2%)HCt 243t AsS HYCH
(Daniel & Sebastian, 2015; Qi et al,, 2016).

T5h MVCNNE A A5 Sofl EF Heid 2E thy]
BIM EE Hrjjof thgh =2 Q14 g HOl v Qlrh A
Z BIM RHIO] HExiE Ao 2 MVCNN, Support Vector
Machine (SVM), PointNetS H|7 2418t A1}, MVCNNS
njxlst 715t g4 XO1E Q14]510] 29| oFe] 7Rl =
2 FIL g BEFch= 5 250 458 HAUrHKoo et l,
2021a). F3L B i thao2 g AFojA %= MVCNN
£ PointNet TIH] 15% =2 98%2] Het-g 71Z35HH ¥
olut 458 US3IUTHKoo et al, 2021b). Ol Zik=
MVCNNO| T} OJn|X|E E-8510] BIM FAjO] niAst
RIOI7HA] Shgahe Aokl 71015t A2 BAEIQICH
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rendered with 2 rendered our multi-view CNN architecture output class
diferent virtual cameras macks predictions

Fig. 3. MVCNN architecture (Su et al., 2015)
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L} Heboh= 722 854 QIth

MVTi= 2D OJn|R] 2570 53k ViT9| oPIHAE E
th=2 3D 27| BF77t 7Fsote s WEAR] HEE, (Fig. 4)
E MVTY 72 & HOJETHChen et al, 2021). MVTE 74
H o|n]RoflA 28 §8& FE5t= Local Transformer
Encoder?t &8 =4 54 S&cl0] [AIEQl Wet
(global context)& 1}9}5H= Global Transformer Encoder
2 785 0] Atk

7N olmix]e] 24 EFg F
ZOZRH [AAQl wetg u
FAISHAIEE CNNOJ OFd VITE 7€t olmR) 7} R2lH
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Fig. 4. MVT architecture (Chen et al., 2021)
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Fig. 5. Research process
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Table 1. Interview participants’ information

Interviewee Affiliation Qualification Intg:;ew Irr:]t;r;fg:
March 16 Offline
A Over 20 years ! .

Architectural 2024 meeting

firm'S March 16, Offline

B Over 5 years 2024 meeting

MEP engineering January 16, Online

c firm ‘B’ Over 20 years 2024 meeting
AL AT AROIAE MEP BRI} A5 0 7 B
QPE5] TESIK] 211 W xHintersected)sFALFig. 6(a)),
2H5| IESHA| Eatal ETF ARl (inserted) &l A(Fig.
6(b)y ‘YE IH=(partially penetrated) Q2 TG0 ST

BHE AAGIK] &&= 20z SRl QIrt o= IR &E
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g2 MEP 2A19] ©HH F7]9F gdfof mhet RO,
(Table 2)= OJ0]l TSt Al A 2 1HE LIERALE.
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Fig. 6. Partially penetrated cases in practice
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Table 2. Practical considerations for sleeve installation

Consideration

Penetration
condition

Action for sleeve installation

Size of

Cross section

Large

+ Place rebar at sleeve boundary or install lintel

above sleeve for reinforcement

« Determine reinforcement level through

structural analysis

Small

« Install sleeve without reinforcement

Shape of
Cross section

Rectangular

« Perform reinforcement at sleeve boundary due

to potential stress concentration, especially for
large cross-section elements like ducts or cable
trays

Circular

+ Install circular sleeve without additional

reinforcement

Diagonal

« Install oversized rectangular sleeves first due to

construction difficulty then reinforce; generally
reinforce even for circular-section pipes

+ Apply cement mortar or urethane foam

around sleeve boundary for reinforcement

Table 3. Classification criteria for penetrability analysis

Penetration type

Sample
image

Description

Partially penetrated

« MEP element is partially intersected
orinserted into the architectural
or structural element without full
penetration

« MEP element fully penetrates the

Horizontal architectural or structural element
horizontally, allowing sleeve installation
Full + MEP element fully penetrates the
Y Vertical architectural or structural element
penetrated . . . )
vertically, allowing sleeve installation
+ MEP element fully penetrates the
: architectural or structural element at
Diagonal i .
an oblique angle, where reinforcement
needs to be significantly considered
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T 7|150] ESFSIACE ARt
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=
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THE AFEAIL BIM RE s &
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S5t iy Hdol= & 327H] K99 FAj7t o,
(Table 4)0]= O|EE IFC AEJE] HOZ 7|xHHAT.

Ol HAOZ NavisworksE &Eo}0] Mg HESH 4
W F 2,38710] HAIEQUCE O] & SelH X7t HE=
S5 N, S A% 9 AR 339 W, vy, JF 2
9} MEP 359 HE, i #olE EHo] A 7+ 7Hd
9TACE & 7M] 9] 39.3%E AFAIGIALL.

e 7 QIAEIA thato 2 AR IETL A #Eof
Ngsh= 48 I=(fully penetrated-horizontal)’, ‘&) &
S(fully penetrated-vertical)’, ‘AF Z&E(fully penetrated-
diagonal)'©] 47}A] E2iAE 2pAHSIRICE O], Held &
dlo] sk5& Plofl 2t SHAE T3 HIEE LI BH AE
(training set)@} AS M| E (test set) = TSI Table 5).

Table 4. List of element types in the utilized BIM model

Discipline Architectural Structural Mechanical
fcBuildingFlementProxy ffcBeam IfcAirTerminal
lfcBeam lfcColumn lfcBuildingElementProxy
HcCovering ffcSlab lfcDuctfitting
IlfcDoor fewall lcDuctSegment
Element fcRailing licStairflight lfcPpeSegment
type lfeSlab lfcPppefitting
ffcSpace ffcvalve
lcwall
fcWindow
ffcStairtlight
Discipline Fire protection Electrical Telecommunications
IfcFreSuppressionTerminal | lfcCableCarrierfitting | IfcCableCarrerfitting
Element lfcPpeSegment [fcCableCarrierSegment | lfcCableCarrierSegment
type lfcPpefitting fc ightFixture [fcElectnicAppliance
IfcValve - -

* Element types in bold were used in this study for penetration analysis.

Table 5. Training and test sets for penetrability analysis

i Fully penetrated
Datasets Partially - by - - Total
penetrated  Horizontal | Vertical Diagonal
No. of 179 554 114 90 937
clash instances
Training set 125 388 80 63 656
Test set 54 166 34 27 281

3.3 0|0o|g| MAz2|: H|o|H 5&

(Table 50l AAISt HOJH BEE HH, HOJHAE W
oA EeiiA 7+ Ed4g0] EXfSith olgfst Edde Hi
Y HUo] =2 ACCE B3R E shkiole E4A, At o
Z HoJE7 B2 SgiA0] &&oto] dolE7 A2 S
9] 8K50] BRG] O|F0AAl Z= HIHAE HolH &4l
(imbalanced data problem)'S OF/|& 4= QL) olE &
A BE S A0 2ol HolH 7 A2 A2, HEO



ofd EAE A= shssik] ZUete FA| dteo] 0]
A= gegko] nnjat7] w2ol sks oAl SEst 17}
O|FOJXIX] Z& 7+sdo] Atk

2 AFoAl= olzfst HIthE HolH 2&1E asi&at7]
Qo 2 SiA HOHE S40t= @ ME (over
sampling) 7|9r0] BlO|E] 52 7|4 & & EalRirt. o, gt
Z01 2D On|A] &4 7IH1t g, 2 d oAl T E
2 (parametric) L@ g &&510] 3D AA AFE 540
= WAlS AESIUCE Ol= 2D OJn|X] 54 7o 7Hd &
Ag A=A 70l RO, THE OnIX]E E8dke
A2 ZEE onx|eS A5l HlolE 52 SHoIA A
ZEQ1 o1- & MSSHA Sotr] WiZoltt

ol 549 a1 HIFY T2y QIEHoIAE
erg5t0] TetnEet 8 FEstE = Q= Autodesk
Revit DynamoZ E3dl 435t FAIRCR, ¥, HiE,
A B9 A719F v, YE, AolE EHol BAle] A
712 ALE £Q aeEE -6k, ‘Math.Random '}
‘Number Slider’ \=E5 Safl 2+ tleh|H o] F Ut 25
el Holal st ZietsE FA9] gte ddoto] 2
BERE HEYsIRATE O1F, W, v, AE HAjot wid, g
E, A018 Edlo]' FAf ¢ ZH0] HsteR QRIE F
5to] 52 HolHE 2E ddstlrt

tole] &4 21+ LIER (Table 6y HH, & AA50]
Ke HolH 54 Sal Be 22349 2H HolH &
Foh S0 g BE9 HolH 74388702 HE=
Z1g 5uE 486190, & 896719 54 HolHE 44
o] ZEF O 1,552709] TIoJHE RS

Table 6. Original and augmented training set

. No. of original No. of
ETEELEN training set | augmented data Total
Partially penetrated 125 263 388
Horizontal 388 0 388
Fully Vertical 80 308 388

penetrated

Diagonal 63 325 388
Total 656 896 1,552

3.4 40| HX2|: C2te 2 o|O|X| st

=715 Hlo[EHNEE MVCNNF MVT 8t50] 7hsate
E OHE onjx] YEjE HEktArE. 71E MVCNN HE
(Su et al, 20152 SHO|A 30 7H o FQsh 1289
OJHIXIE & oL, 2 AFoMes &M 36 749 10
disku} ¢-okf Wgks F7ha 2k 12418 OJnR|E At
Sl Ol= BIM Bl 7ot datg Aldah] «Ist A
ST (Koo et al, 2021a; Koo et al,, 2021b)01A] 9]-0kef 0]

NRE F71 g8dt= 20| 27 s sk t /9
njst Z102 Q5% Zof 7|ukst 2oz, &
g as, 8 B8 59 MR HE Satg Wels| LRt

Ql5l 01 & E3IRLCt.
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Table 7. Converted training & test set

. Training set
Penetration type T Test set Total
Partially penetrated 4,656 648 5,304
Horizontal 4,656 1,992 6,648
Fully Vertical 4,656 408 5,064

penetrated

Diagonal 4,656 324 4,668
Total 18,624 3,372 21,996

35850 1%

SA FEE T T 7] Olnjx] HIOHAMEE &4l
MVCNNZ} MVTE 8h5381000E ssEE O] 612 Python
Pytorch 7]{+0] MVCNN? & MVT” 2 glolHEz|S &
golon, HEd sks W thaat 2k

3.5.1MVCNN 2% 1=

(Fig. 8)= 7Hd QIAEAE 12958k T 7Hd oln]
Al EIOJEE shEaly] g MVCNN R 1% 3HEg |
0= T 74 OJHIRl= 242 CNN, O &2 ew|H,
CNN,2 VGG-M & 7181+9] 57 convolutional layer= -
Ao QT CNN,2 2t oJHfK|ojA §8& FE6HH, 0
27 2&£% EXE View-pooling Z0JA] element-wise
maximum ¢4t Sofl 1 HE| 2 FOFEC}. FoFE HE
= 2709 fully Connected layer@} 1719] softmax SO&
J%l CNN,Z AELH, CNN,= O]F 7[Hto R 7H] 01AH
29| Se|H HX| 7k R} AR B Qile BT

CNN1

I ' —H8 BEZ - HEE

CNNT

k. el S He awe

View FC1
_ CNN1 > Pooling — FC2
FC3

- ‘ L RS | = —

features Final classification

{— Output

CNN1

- "_ L

Multi-View Extract view-based
(12-image) latent features

Fig. 8. MVCNN architecture for penetrability analysis

3.5.2MVT 2 1=

(Fig. 92 MVT HE9O| 115 18 & HOIETE WA, 74
QIAEAO] THIE 7Hd OINAIE 242} 196709] HIEH 1
A2 2esitt 2 X A9 £ (linear projection)& &
3 A YHY HEZ WelEn, X ARE Zeict 9

6) https://github.com/shanshuo/MVT
7) https://github.com/jongchyisu/mvenn_pytorch

34 stz =27 H263 F5S 20254 9%

x| Y S 74610 Transformer 2E0] AJEA HO]H
g Aolg ¢ QLS FLASIACE 0]F Local Transformer
Encoderg &3l 7i& OlRIX]9] 3R] 7t EFE FEo6HH, 0]
TFEOJA] attention WALIES0] SEEICY.
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Fig. 9. MVT architecture for penetrability analysis

Multi-head self-attention (MSA)2 Z} mjx|o]] FOJE X
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CHS THAIQ] Global Transformer EncoderdlAl= S 1f
] EAS Qg oi AM2sHH, 0] 3FEol|A] global attention
g S8sto] oA E AE 7 TAE RS 08 &5
i OJHIRE 7te] AT BAE S5olll FEH EFE
AASH £, FEA OF Multi-layer Perceptron (MLP)S &
8510] 3D gElQ] THd AIAEAE BRI

3.6 BE WL X|®E

7% goid B'9 g5 BU1E Qo AA gt &2
g 9] o|&4HS Halst confusion matrixE AFESIATE
Confusion matrixE 7]9FOE MVCNN, MVTQ} &4 K&
15 (supervised learning) Yo HEIOIA F2 84 &=
s REQ S (ACC)Q 7, - scores BEIACY. 0
71K ACC= WAl ME & SHIEA olFE ME9] HIgR
o] AAd oz gt BRE & sdst=A AHE o
2 VERHE RIFOIC) £, - score= AU E (precision) 2+ &f
S recal) Q] RSHHOZ ALEH, 7iE SeiAo] thsh
HEOo] Al dse B7Ieks Hl {89 RIFOICHLipton et
al, 2014). olo] w2}, 2 o7t RO FA A5 grioe
ACCE, S ds B7oll= £ - scores EE3IRITH

8 & dito] €85 Heg/IKne ofet £ HOR A&,

ACC = (True Positive + True Negative)/(True Positive + False Positive +
True Negative + False Negative)

Fy = score = 2 * Precision * Recall/(Precision + Recall) = True Positive/
(True Positive + 1/2(False Positive + False Negative))



SR O, O|HlA] W Y Felof thet BEd =
=2 H-E U5k 918 heat mapdt heat map 7]gt
Intersection over Union (IoU)S &3I4} Heat mape
58 SHAE &g mf Rdo] FESE JYs LERE=
T8, Ol g€&oto] HElo] #EH B4 Al OJn|X] Lo
A FEdte £Q FYs AIE o= gl HE0,
T Yol 7] Belo] gt FEIIEAE RO H
wak7| e, Mg BRIE UEl= BAIMAI} heat map
718t BAGA} 2t IoUE AHESIQICE loUs IEFR o2 A
Al A 2ofolA] ol F Hut A 3 7F AR HrE H
7koke AR, &2 Aoks W] BIet 4 Bdo] £
St= Q9 71 loU tHAHIWE Safl & HEo] AlA| 7] 7
Qo] FEote B E X OF H|ulskRIrt.

4.1 MVCNN &t Zat

(Table 8)2 7Hd QIAEIA THAL S5 MVCNN RE9|
HE Z3HE HojFECh MVCNN HEe
71E51%0H, StiAdREE g 3E Y R HE A0
20llA] 0.90 OJAL0] =& 7, - scoreS LIERLE 2L}, ‘Y
B BHE Ao A0 E 069, A TE Ao| A0 A= 0.74
Ol L2 7\ - scores 71561

{Table 9)0] MAIEl confusion matrixs 245t 21},
MVCNN HEIS A5 HE AO|AE £2 ‘T8 IS OF,
HINZ ‘T 5 AolAE 2 UR HEOF QEZE]
= ZI0= SQIEQIT)

E5H MVCNNE ‘A #E'S ‘8 BEOE QERFSH
H, 0] = && Yrke F1HEGH] QIst 7I15H APEA T8 &
53| skaHA] @2 Zlog sy Qirt HiH, ‘& THE' A
O|A0A = HE ARIE Fe6| EFohH, g &s &9
71ote] B8 g Welo] QRIS A= 2O = LIERKITE

ol¥st 21t= 7|E BIM BA 2% A (Koo et al.,
2021a; Koo et al, 2021b)0IA &= RAKSHA Q1= HE QAT
MVCNN HEle Hallul AR 2 Faojs st 7|
SIA zlol7F Exfchs 42 guRlogE BFsh = QoL
AR AEIL #HE 2oL Z2 TSt RoJE ShEohe O
SHAE Wt B8 HOELh

BIM 22 L H|Rx 2Hd 2R E I8t CH2= 0|0|X| &t 7|¢t e B4 2 g5 Hlw ¢
Table 8. Performance metrics for MVCNN
Penetration type ACC Precision Recall F, -score
Partially penetrated 0.65 0.75 0.65 0.69
Horizontal 0.93 0.86 0.93 0.90
Fully Vertical 1.00 0.89 1.00 0.94
penetrated
Diagonal 0.59 1.00 0.59 0.74
Total 0.85 0.88 0.79 0.82
Table 9. Confusion matrix for MVCNN
Predicted | Partially Fully penetrated
= = = Total
Actual penetrated | Horizontal | Vertical | Diagonal
Partially penetrated 35 15 4 0 54
Horizontal 12 154 0 0 166
Fully ™ Vertical 0 0 34 0| 34
penetrated
Diagonal 0 11 0 16 27
Total 47 180 38 16 281
4.2 MVT 8t Zat

(Table 10)2 MVT EEIO| A5 AitE HOELEL MVT
PEe "t 0.989 ACCE 7|E3519on, oA
Fy = scorgZt 5 090 A3lol0] MHEOR =2 BF
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257 dss UEIT
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E ' S 08 QEFS 07 SRIEATT
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Table 10. Performance metrics for MVT

Table 12. Performance comparison between MVCNN and MVT

Penetration type ACC Precision Recall F, -score
Partially penetrated 0.93 1.00 0.93 0.96
Horizontal 1.00 0.98 1.00 0.99
Fully Vertical 1.00 1.00 1.00 1.00
penetrated
Diagonal 1.00 1.00 1.00 1.00
Total 0.98 0.99 0.98 0.99
Table 11. Confusion matrix for MVT
Predicted | Partially Fully penetrated
- N N Total
Actual penetrated | Horizontal | Vertical | Diagonal
Partially penetrated 50 4 0 0 54
Horizontal 0 166 0 0 166
Fully ™ Vertical 0 0 34 0| 34
penetrated
Diagonal 0 0 0 27 27
Total 50 170 34 27 281

View 1 (72 )

View 2 (108 *)

,~

View3 (144 °) View 4 (180 °)

(

Fig. 10. Misclassification of ‘partially penetrated (intersected)’
case as ‘fully penetrated-horizontal
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Penetration type Bk ki
P (MVT - MVCNN) | (MVT - MVCNN)

Partially penetrated A 028 A 027
Horizontal A 0.07 A 0.09

Full Vertical -0.00 4006

penetrated

Diagonal A 04 A 026

Total A0.13 A 017
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Fig. 11. loU for MVCNN and MVT
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