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Development of Graph based Deep Learning methods for Enhancing the Semantic
Integrity of Spaces in BIM Models
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Abstract : BIM models allow building spaces to be instantiated and recognized as unique objects independently of model
elements. These instantiated spaces provide the required semantics that can be leveraged for building code checking, energy
analysis, and evacuation route analysis. However, theses spaces or rooms need to be designated manually, which in practice,
lead to errors and omissions. Thus, most BIM models today does not guarantee the semantic integrity of space designations,
limiting their potential applicability. Recent studies have explored ways to automate space allocation in BIM models using
artificial intelligence algorithms, but they are limited in their scope and relatively low classification accuracy. This study
explored the use of Graph Convolutional Networks, an algorithm exclusively tailored for graph data structures. The goal was
to utilize not only geometry information but also the semantic relational data between spaces and elements in the BIM model.
Results of the study confirmed that the accuracy was improved by about 8% compared to algorithms that only used geometric
distinctions of the individual spaces.
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2.2.1 Graph Convolutional Networks

71E HEd e 2AY olHX] dH, §AE 51 4
Euclidean HE sh50l &Eal$tOH, 01 Sall AH¢10]
Al 5 A7 014 5 B A7 dEsIQICE deut 2
QIE S2}2L HOlH S =9 JIX|Z2 4% TIefz=
9} Z+2 non-Euclidean HIOE = 71&E HHY 7|HOZ g}
50| TR Z=rt. 122 HolEE OJHjRILE AJAIE Hlo]
ElQ}t 0] A% Q1 SElC] UOJE7} ofd UER A JHE)
Ol QIF =E(node)oll thet 71 AHE #=g 4= Ql
Ofof BiTt. oof 1ei=E AHstsl= graph embedding A
7 NEEACH, deepwalk, node2vec, Graph Neural
Network (GNN)Q} Z<€ o]2H} 715} Held (geometric
deep learning) HEO] Tk SZGIATHBronstein et al,,
2017).

deepwalk@} node2vec 7'HE random walkE E&dh=
7oz § Eoi] Edeto] 9F HRl9 EE W
St A8 &, ollg LSS HEZE AHdsto] 71E §4

It

0

stmolEmefsE] =2 H23W H3S 20224 52 4]



of & 2l BE5h= BHA]0|CHPerozzi et al, 2014). 2 BHA]
S HEYA 4 0|2 L& 710] QAN R E ufelgt 4= QI

GCNE g & (convolution) YAHE Edt 71EX] 2
F(weight sharing)@F X|9% E4 &5 (local feature
learning)g 7|HIOE =E0| FHOL FH O] LEO] AH
£ gi50l E83H= RUlotHKipf & Welling, 2016). GCN
© ISt £ K85 (semi-supervised learning) HA]O 2
O] E0] BAE HIOJHS} ZAIEIA] 2 HOIHE B
5ol &8alo], glo]E0] TAIE HlolE 9] o] REatt et
T =2 ohks g9 E L5 4 QU &, GONE T12f=9)
Zt Lo BR%E ok He(parameten & H &8 = A
H, Ol= Z1efzZo] =719 A:Ql0] aig ==9] sks M
Tt AFESHA EICh meta A2 ghs HETo R E SikA
Ol Bds 5 4= 9o, oSt 880 ds50% F
=HE2 HE QICH

GCNE AlA](edge) 7+ TAE UEHE= 917 dE
(adjacency matrix, A1} =E(node)?] EAS LIENE =
T EAX a8 (node feature matrix, HE TAEICHPark et
al, 2021). 2 AFolAE QI gl A 7 IFAAE,
= B4 ddoe= E J19] Vst EHE 8ot
T W =5 H FH O] 29| 85 H4=e} HIAY &
+E Edl| 218 (neural network) S AAISH] AT 414
o] 55 WE S FelotH okl 9] (Fig. 1, 2)9F ATk,

Fig. 1. Process of update node feature in GCN
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Fig. 4. Process for enhancing space semantic integrity

3193128 BIM B IR

H 03520] A Al KBIMS HERAIE RElL okt HiY]
AMFES S| (buildingSMART Korea)ollA] Al&sh= 125
9] LOD (Level of Detail) 300 <=&0Q1 AIA] AA| E}74]
& [FC BE 2, 971K K89 & 247/l Z7H} 197HK] &

9] & 11,066719] BER= F+A%E0] QTKTable 1, 2). Oﬂ:FLOﬂ
N %_}9-6}£ BIM HEE F45H= BAl= beam, covering,

wall E £ 1571K] B8 fgoz o] 9oL}, HAE
H g A EX B2 2ot 2710 BE A4S SHAA]

o oco=z

7171 Qlell 1970 B2 REo= AR EFE Z-sIAC

litl -

Table 1. Status of spaces in BIM model

IFC class Enumeration type No. of spaces
Elevator hall 39
Elevator vestibule 13
Hallway 11
Office room 79
[fcSpace Plant room 14
Restroom 20
Shaft 40
Stairway 25
Storage 6
Total 247
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Table 2. Status of elements in BIM model

IFC class Enumeration type No. of elements
IfcBeam Beam 158
Disabled restroom partition 20
IfcBuildingElementProxy Disabled sign 20
Elevator door 36
IfcColumn Column 264
IfcCovering Covering 65
IfcCurtainWall Curtain wall 152
Door etc. 40
IfcDoor Double door 87
Single door 88
IfcFlowTerminal Flow terminal 140
IfcFurnishingElement Furnishing element 251
IfcMember Member 6,559
IfcPlate Plate 1,830
IfcSlab Slab 303
IfcStair Stair 23
IfcStairFlight Stair flight 49
IfcWall Wall 899
IfcWindow Window 82
Total 11,066
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H, olof i} 53 BEAlEE AlEFolo ERrdss =011l
A ST
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Fig. 6. Extraction of relational information through overlapping
bounding-box
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e W vig, & 37, 7ol § & 77HR9 BAE FEE
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Fig. 8. Jaccard similarity in BIM spaces
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1 2 ro

Space 5

343U ER DA IS Y HZ
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RO, GCN 37t 7|5t £41 AFIE SANE 7THE &
g510] 755 SANE 7)d FAFEE JP2E J)Ho g st
Hollth & 99 sksrde Fojx BIM 2El 1 97}
Al 27 8] tis) 52 ZJdsiQrt sksRE] 161
python9] scikit-learn 7]AISks 2HO|EH 2|9} pytorch W
deep graph 2}0|HHEE &L

271A] SEEY(MLP, GCN)E s5A1717] Q8 3.180]
2708t BIM HEO] Z7FS 6:49] HIER LFEF0] & (train)
2 AS(test) AMEZ SEaIRATE. 71 A1} (Table 3)0f KAl
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Table 3. Training and test set for each space label

Label Training set Test set Total
Elevator hall 23 16 39
Elevator vestibule 8 5 13
Hallway 7 4 11
Office room 47 32 79
Plant room 8 6 14
Restroom 12 8 20
Shaft 24 16 40
Stairway 15 10 25
Storage 4 2 6
Total 148 99 247

&S esREol ds FUHE Qe dek(accuracy,
ACQ), A= (precision), Ml & (recall) B Fy-scoreE &
SIQICE A= AR oZ HEo H5& LEM = 9l

stmolenefaiE] =2 H23W H3S 2022452 5
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LIERAT}, A= Qb (positive) O F 0S8t 3t & AR2
Q1 Zrol Higolth Afddee ArE FEel g oA
sk5Eo] H O ofEsh HgS LERTE F)-score=
HUL0L ASE9] Fotgde UEH, E78s! HolH
o] EMfoIRE nloleh= YUt A B2 E8Hrt

4, U7 A8t Y Hl

417064 E |t et HE At

7S RE €8¢t V1A sksREEMLP) EE At ACC
= 086, Fy-scorex= 0.712 EEFIRICE (Table 4)0l MLP
e 25 858, (Fig. 10)= precision-recall curveZ &l
AlSHCE ARl Bif H52 &ast A02 SolH R
OL}, £Z47] &4 (elevator vestibule), 2H]14 (plant room),
A0 (storage) &7 A EF S7tof| His mi A%k A

Table 4. Validation results for MLP

Label Accuracy Precision Recall F,-score
Elevator hall 1.00 1.00 0.76 0.86
Elevator vestibule 0.40 0.40 1.00 0.57
Hallway 0.75 0.75 1.00 0.86
Office room 1.00 1.00 094 0.97
Plant room 0.33 0.33 0.67 044
Restroom 1.00 1.00 0.89 094
Shaft 0.81 0.81 0.76 0.79
Stairway 0.90 0.90 1.00 0.95
Storage 0.00 0.00 0.00 0.00
Average 0.86 0.69 0.78 0.71
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Fig. 10. Precision-recall curve for MLP
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Table 5. Validation results for GCN

Label Accuracy Precision Recall F,-score
Elevator hall 1.00 1.00 0.80 0.89
Elevator vestibule 1.00 1.00 1.00 1.00
Hallway 1.00 1.00 1.00 1.00
Office room 1.00 1.00 0.92 0.96
Plant room 0.57 0.57 1.00 0.73
Restroom 1.00 1.00 1.00 1.00
Shaft 0.87 0.88 1.00 093
Stairway 1.00 1.00 1.00 1.00
Storage 0.50 0.50 1.00 0.67
Average 0.94 0.88 0.97 091
10
08
E 06
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~=- Elevator vestibule
04 -
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Office roem
—— Plant room
——- Restroom
T e Shaft
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Fig. 11. Precision-recall curve for GCN
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(Table 6y2 MLP RE1} GCN HEo 25 455 H|
usH Foith AAISH BE HWH 577] A4 (elevator
vestibule), 2 (hallway), AH]Al (plant room), =R EZ
(shaft), ATHA) (stairway), 21l (storage) = & 671 2710 &
T As0] gE Zig 8 4 Qtt Eol S U S84718
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BAE xglst 5247] dam a1 2719 27 450l 2
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TIof) dhslf THe 3t APHE = BAE £ Ee
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Table 6. Delta values between MLP and GCN metrics (MLP-GCN)

Label Accuracy Precision Recall F,-score
Elevator hall +0.00 +1.00 +0.04 +0.03
Elevator vestibule +0.60 +0.60 +0.00 +0.43
Hallway +0.25 +0.25 +0.00 +0.14
Office room +0.00 +0.00 -0.02 -0.01
Plant room +0.24 +0.24 +0.33 +0.29
Restroom +0.00 +0.00 +0.11 +0.06
Shaft +0.06 +0.07 +0.24 +0.14
Stairway +0.10 +0.10 +0.00 +0.05
Storage +0.50 +0.50 +1.00 +0.67
Average +0.08 +0.19 +0.19 +0.20
5,28
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