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Abstract 
Building Information Modeling (BIM), which is increasingly used in the construction industry, 
is noW inVXVcepWible Wo poWenWial eUUoUV and omiVVionV in WheiU infoUmaWion. The lack of VemanWic 
inWegUiW\ in BIM models hampers project stakeholders in leveraging BIM for their respective 
needs. To solve this problem, the authors have made efforts to rectify incomplete BIM models 
by evaluating the use of geometric deep learning models in automatically checking the 
classification of individual elements. However, the previous study using Multi-View CNN, the 
best performing model, had issues of misclassification when image resolutions were low. 
Conditional Random Fields as Recurrent Neural Networks (CRF-RNN), a deep learning 
algorithm for semantic segmentation, was deployed to enhance the quality of individual input 
imageV. ReVXlWV of deplo\ing Whe VegmenWaWion model ZeUe VhoZn Wo impUoYe MVCNN¶V 
performance by 5.97% and achieving a performance of 91.79%. 
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1 Introduction 
BXilding InfoUmaWion Modeling (BIM) iV incUeaVingl\ being emplo\ed aV a YiUWXal model foU 
checking Whe inWegUiW\ and conVWUXcWabiliW\ of bXilding and infUaVWUXcWXUe deVignV pUioU Wo acWXal 
conVWUXcWion. BIM modelV pUoYide a digiWal UepoViWoU\ Wo VWoUe and VhaUe infoUmaWion amongVW 
mXlWiple pUojecW paUWicipanWV (Shin eW al., 2015). HoZeYeU, Whe modelV aUe noW inVXVcepWible Wo 
poWenWial eUUoUV and omiVVionV in WheiU infoUmaWion. ThiV ma\ be Vimpl\ dXe Wo eUUoneoXV hXman 
inpXW, oU becaXVe Whe infoUmaWion iV noW aYailable aW a paUWicXlaU pUojecW phaVe. NeYeUWheleVV, 
Whe lack of VemanWic inWegUiW\ in BIM modelV hampeUV pUojecW VWakeholdeUV in leYeUaging BIM 
foU WheiU UeVpecWiYe needV (EaVWman eW al., 2009; Koo eW al., 2018). 

E[iVWing VWXdieV haYe made effoUWV Wo UecWif\ incompleWe BIM modelV XVing pUedefined 
infeUence UXleV (BelVk\ eW al., 2016; CXUVi eW al., 2017; Ma eW al., 2017), oU moUe UecenWl\ 
aUWificial inWelligence appUoacheV (Bloch & SackV, 2018; Lomio eW al., 2018; Kim eW al., 2019; 
WX & Zheng 2019). The aXWhoUV had alVo conWUibXWed b\ eYalXaWing Whe XVe of geomeWUic deep 
leaUning modelV in aXWomaWicall\ checking Whe claVVificaWion of indiYidXal elemenWV (JXng eW al., 
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2019; Koo eW al., 2021; Koo eW al., 2021). In paUWicXlaU, Whe aXWhoUV achieYed high BIM elemenWV 
claVVificaWion accXUac\ b\ XVing Whe MXlWi-VieZ CNN (MVCNN) algoUiWhm, Zhich XVeV mXlWi-
angle imageV foU claVVif\ing 3D aUWifacWV. HoZeYeU, MVCNN had iVVXeV of miVclaVVificaWion 
Zhen image boXndaUieV ZeUe ����� G�������. In WhiV VWXd\, CondiWional Random FieldV aV 
RecXUUenW NeXUal NeWZoUkV (CRF-RNN), a deep leaUning algoUiWhm foU VemanWic VegmenWaWion, 
ZaV applied Wo Whe MVCNN WUaining pUoceVV Wo VolYe Whe loZ-definiWion pUoblem. In deWail, Whe 
VemanWic VegmenWaWion foU impUoYing claVVificaWion accXUac\ in Whe WUaining pUoceVV ZaV 
qXanWiWaWiYel\ YeUified b\ compaUing Whe baVeline MVCNN model and Whe MVCNN model 
appl\ing Whe CRF-RNN algoUiWhm Wo Whe leaUning pUoceVV. 

 

2 Research background 

2.1 Multi-view CNN 
ConYolXWional neXUal neWZoUk (CNN) iV a VXpeUYiVed deep leaUning model WhaW haYe pUoYided 
VXpeUioU peUfoUmance in image UecogniWion and claVVificaWion. In UecenW \eaUV, WheUe iV a gUoZing 
WUend of UeVeaUch WhaW applieV CNN Wo 3D elemenW claVVificaWion and VegmenWaWion. HoZeYeU, 
Zhen appl\ing CNN Wo claVVif\ oU VegmenW 3D objecWV, Whe objecWV mXVW fiUVW be conYeUWed inWo 
a Yo[el oU pol\gon meVh foUm foU model WUaining, Zhich haV Whe diVadYanWage of loVing deWailed 
geomeWUic feaWXUeV (MaWXUana & ScheUeU, 2015; WX eW al., 2015).  

MXlWi-VieZ CNN (MVCNN), deVigned Wo VolYe WhiV pUoblem, claVVifieV Whe Vhape b\ 
leaUning fUom mXlWi-YieZV, i.e., WZo-dimenVional mXlWi-imageV geneUaWed b\ phoWogUaphing a 
WhUee-dimenVional Vhape fUom mXlWiple angleV. Specificall\, MVCNN XVeV a WoWal of 12 imageV 
- 10 imageV UoWaWed b\ 30 degUeeV in Whe hoUi]onWal diUecWion and 2 imageV Waken YeUWicall\ Xp 
and doZn aV WUaining daWa. ThUoXgh WhiV, eYen if WheUe iV no infoUmaWion aboXW Whe depWh of Whe 
VXbjecW compaUed Wo Whe UepUeVenWaWion of Whe 3D model, higheU UeVolXWion daWa can be obWained 
ZiWh Whe Vame inpXW Vi]e, WhXV e[hibiWing high claVVificaWion peUfoUmance. ThiV appUoach haV 
VhoZn Wo oXWpeUfoUm oWheU geomeWUic deep leaUning modelV (SX eW al. 2015). 

The figXUe pUeVenWed beloZ VhoZV Whe aUchiWecWXUe of MVCNN, Zhich conViVWV of a 
conYolXWional la\eU Wo e[WUacW feaWXUeV fUom indiYidXal imageV, a YieZ-pooling la\eU Wo 
incoUpoUaWe e[WUacWed feaWXUeV, and a fXll-connecWed la\eU Wo claVVif\ WhUoXgh feaWXUeV fUom 
inWegUaWed imageV, each CNN haV a VGG-M neWZoUk VWUXcWXUe. 

 

 
Figure 1. MVCNN structure for 3d shape recognition (Su et al 2015) 
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2.2 Conditional random field as recurrent neural networks 
CondiWional Uandom field aV UecXUUenW neXUal neWZoUkV (CRF-RNN) alloZV compXWeUV Wo 
Uecogni]e objecWV in imageV UecoYeUing Whe 2D oXWline of objecWV (Zheng eW al. 2015). 

CondiWional Random Field (CRF) UefeUV Wo an XndiUecWed pUobabiliW\ gUaph model XVed foU 
paWWeUn UecogniWion and VWUXcWXUal pUedicWion b\ labeling and VegmenWing conVecXWiYe pi[elV in 
an image. HoZeYeU, Whe conYenWional CRF iV compoVed of a gUid in Zhich nodeV of adjacenW 
pi[elV aUe connecWed Wo Whe edge, and WheUe iV a diVadYanWage WhaW deWailed VemanWic 
VegmenWaWion becomeV difficXlW aV Whe boXndaU\ of Whe gUid becomeV VmooWh. CRF-RNN, 
deVigned Wo VolYe WhiV pUoblem, XVeV Whe ZeighWV oXWpXW WhUoXgh Whe CRF aV a paUameWeU of 
CNN WUaining. In WhiV pUoceVV, iW XWili]eV a UecXUUenW neXUal neWZoUk (RNN) Wo conYeUW Whe WZo 
modelV inWo one fUameZoUk. 
 

 
Figure 2. Semantic segmentation by CRF-RNN (Zheng et al., 2015) 

 

CRF-RNN noW onl\ VhoZed e[cellenW peUfoUmance in Whe VemanWic VegmenWaWion field, bXW haV 
alVo been XVed Wo impUoYe Whe peUfoUmance of Whe CNN leaUning model. FoU e[ample, XX eW al. 
(2018) applied Whe CRF-RNN algoUiWhm Wo Whe CNN leaUning model Wo VegmenW Whe bladdeU 
boXndaUieV of diffeUenW Vi]eV and VhapeV foU each paWienW fUom Yo[el daWa Waken b\ CT. AV a 
UeVXlW, a model ZiWh DSC (dice VimilaUiW\ coefficienW) impUoYed b\ 8.12% compaUed Wo V-neW 
(baVeline) ZaV conVWUXcWed.  

In FigXUe 3 beloZ, Whe MVCNN algoUiWhm combined ZiWh Whe CRF-RNN conVWUXcWed in WhiV 
UeVeaUch iV pUeVenWed. ThaW iV, aV menWioned in VecWion 2.1, VemanWic VegmenWaWion ZaV 
peUfoUmed b\ appl\ing Whe CRF-RNN algoUiWhm Wo Whe indiYidXal imageV, Zhich aUe Whe inpXW 
daWa of Whe MVCNN algoUiWhm. The goal ZaV Wo impUoYe Whe claVVificaWion accXUac\ of Whe 
MVCNN algoUiWhm b\ VolYing Whe loZ definiWion of image boXndaUieV. SXbVeqXenWl\, Whe 
algoUiWhm ZaV bXilW b\ inVeUWing Whe VegmenWed image inWo Whe conYolXWional neXUal neWZoUkV 
of MVCNN. 
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Figure 3. CRF-RNN + MVCNN structure 

 

3 BIM elements classification based on deep learning models 

3.1 Data overview 
The deep leaUning model deYeloped in WhiV VWXd\ emplo\ed aUchiWecWXUal BIM elemenWV 
conWained in Whe KBIMS LibUaU\1 pUoYided b\ Whe KoUean OpenBIM UeVeaUch gUoXp. TheUe aUe 
1,207 daWa compoVed of 13 IFC claVVeV in Whe libUaU\, bXW claVVeV WhaW eiWheU did noW conWain 
enoXgh elemenW VampleV oU compoViWe elemenWV Zhich did noW alloZ Whe capWXUing of indiYidXal 
elemenW imageV ZeUe e[clXded. The final daWa VeW conViVWed of 889 Vample elemenWV of 8 IFC 
claVVeV.  The Vample imageV foU each IFC claVV iV pUeVenWed in Table 1. 

 
Table 1. Sample images of BIM elements per IFC class 

IFC Classes IfcBeaP IfcCeiliQg IfcCRlXPQ IfcDRRU 

Image 
    

IFC Classes IfcFRXQdaWiRQ IfcSlab IfcWall IfcWiQdRZ 

Image 
    

 

3.2 Data preprocessing 
DaWa pUepUoceVVing ZaV peUfoUmed foU XVe in Whe MVCNN model WUaining pUoceVV. FoU model 
WUaining, WUaining and WeVW daWa foU each elemenW ZeUe diYided b\ a UaWio of 7:3, UeVXlWing in a 
WoWal of 622 daWa VeWV foU WUaining and 267 daWa VeWV foU WeVW ZeUe conVWUXcWed. SXbVeqXenWl\, Whe 
final daWaVeW foU model WUaining ZaV conVWUXcWed b\ XVing BlendeU, an open-VoXUce VofWZaUe, Wo 
bXild imageV Waken in 12 diUecWionV foU each elemenW UeqXiUed foU MVCNN WUaining (FigXUe 
FigXUe 4). 
 

 
 

 
1 KRUeaQ BXLOdLQJ IQIRUPaWLRQ MRdeOLQJ SWaQdaUdV (KBIMS), KWWS://ZZZ.NbLPV.RU.NU/  
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Table 2. Element breakdown for deep learning model training 

IFC Classes Train set Test set Sum 
IfcBeaP 94 40 134 
IfcCeiliQg 64 27 91 
IfcCRlXPQ 72 31 103 
IfcDRRU 51 22 73 

IfcFRXQdaWiRQ 15 6 21 
IfcSlab 155 67 222 
IfcWall 130 56 186 

IfcWiQdRZ 41 18 59 
Total 622 267 889 

 

 
Figure 4. Sample of Multi-View Images for Model Training 

 

3.3 MVCNN implementation 
BaVed on Whe pUeYioXVl\ conVWUXcWed daWa, Whe accXUac\ of Whe leaUning model XVing Whe 
MVCNN algoUiWhm ZaV 0.86 and Whe 𝐹ଵ VcoUe ZaV 0.84. Table 3 pUeVenWV Whe claVVificaWion 
peUfoUmance foU each elemenW and FigXUe 5 VhoZV Whe pUeciVion-Uecall cXUYe foU obVeUYaWion of 
changeV in pUeciVion and Uecall YalXeV accoUding Wo WhUeVhold YalXeV and changeV in model 
peUfoUmance peU elemenW. The pUeciVion-Uecall cXUYe iV dUaZn XVing Whe pUeciVion and Uecall 
YalXeV foU each WhUeVhold, and cXUYeV ZeUe Whe AUea UndeU Whe CXUYe (AUC) iV laUgeU depicWV 
higheU claVVificaWion peUfoUmance. 

The oYeUall claVVificaWion peUfoUmance ZaV high, ZiWh Whe e[cepWion of IfcDRRU and 
IfcCeiliQg claVVeV. In paUWicXlaU, aV a UeVXlW of confiUming Whe confXVion maWUi[ indicaWing Whe 
claVVificaWion pUedicWion UeVXlW foU each elemenW, iW ZaV confiUmed WhaW all caVeV WhaW 
miVclaVVified boWh elemenWV ZeUe pUedicWed eUUoneoXVl\ aV IfcSlab. 
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Figure 5. Precision-recall curve for MVCNN 

 
 

Table 3. Accuracy, precision, recall and 𝑭૚ score per IFC class for MVCNN 

  Accuracy Precision Recall 𝑭૚  score 

IfcBeam 1.00  1.00 1.00 1.00 
IfcDoor 0.68 0.71 0.68 0.70 

IfcCeiling 0.19 0.63 0.19 0.29 
IfcColumn 0.94  1.00 0.94 0.97 

IfcFoundation 1.00  1.00 1.00 1.00 
IfcSlab 0.96  0.70 0.96 0.81 
IfcWall 1.00  1.00 1.00 1.00 

IfcWindow 0.78  0.87 0.82 0.84 
Total 0.86  0.87 0.82 0.84 

 

3.4 CRF-RNN + MVCNN implementation 
A� men�ioned in Sec�ion ʹǤʹǡ af�e� �eman�ic �egmen�a�ion of ͳʹ image� �i�h CRFǦRNN 
�a� a��lied �o �he MVCNN algo�i�hmǡ �he acc��ac� �a� ͲǤͻʹ and �he 𝐹ଵ  �co�e �a� ͲǤͻͳǤ 
Table Ͷ ��e�en�� �he cla��iϐica�ion �e�fo�mance b\ elemenW and FigXUe 6 VhoZV �he 
��eci�ionǦ�ecall c���e fo� each �h�e�holdǤ 

I� �a� conϐi�med �ha� �he cla��iϐica�ion �e�fo�mance of indi�id�al elemen�� �a� be��e� 
�han �he ��e�io�� MVCNN algo�i�hmǤ In �a��ic�la�ǡ i� �a� conϐi�med �ha� �he cla��iϐica�ion 
acc��ac� of IfcD���ǡ �hich �a� ob�e��ed �o ha�e lo� cla��iϐica�ion �e�fo�mance in �he 
MVCNN algo�i�hmǡ �a� �igniϐican�l� im��o�ed �o ͳǤͲͲǤ Ho�e�e�ǡ in �he ca�e of IfcCeilingǡ 
�he cla��iϐica�ion �e�fo�mance �a� �a��iall� im��o�edǡ b�� a� a �e��l� of conϐi�ming �he 
conf��ion ma��i�ǡ i� �a� �e�iϐied �ha� man� elemen�� �e�e ��ill mi�cla��iϐied b� IfcSlabǡ 
and �he cla��iϐica�ion �e�fo�mance �a� ��ill lo�Ǥ 
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Figure 6. Precision-recall curve for CRF-RNN + MVCNN 

 
Table 4. Accuracy, precision, recall and 𝑭૚ score per IFC class for CRF-RNN + MVCNN 

  AccXUac\ PUeciViRQ RecaOO 𝑭૚	 VcRUe 

IfcBeaP 1.00  1.00 1.00 1.00 

IfcDRRU 1.00  0.88 1.00 0.94 

IfcCeiliQg 0.37  0.77 0.37 0.50 

IfcCRlXPQ 0.97  1.00 0.97 0.98 

IfcFRXQdaWiRQ 1.00  1.00 1.00 1.00 

IfcSlab 0.96  0.80 0.96 0.87 

IfcWall 1.00  1.00 1.00 1.00 

IfcWiQdRZ 0.94  1.00 0.94 0.97 

Total 0.92  0.93 0.89 0.91 
 

3.5 Results 
The acc��ac� of �he MVCNN model ��e�en�ed in Sec�ion� ͵Ǥ͵ �a� ͲǤͺ͸ and �he 𝐹ଵ  �co�e 
�a� ͲǤͺͶǡ and �he acc��ac� of �he CRFǦRNN Ϊ MVCNN model in Sec�ion ͵ǤͶ �a� ͲǤͻʹ and 
�he 𝐹ଵ  �co�e �a� ͲǤͻͳǤ Acco�dingl�ǡ i� �a� conϐi�med �ha� �eman�ic �egmen�a�ion �h�o�gh 
CRFǦRNN in �he MVCNN ��aining ��oce�� im��o�ed acc��ac� b� ͲǤͲ͸ and 𝐹ଵ  �co�e b� ͲǤͲ͹Ǥ 
In �a��ic�la�ǡ in Table ͸ǡ �hich ��e�en�ed �he deg�ee of im��o�emen� fo� each elemen�ǡ i� 
�a� conϐi�med �ha� �he cla��iϐica�ion �e�fo�mance �a� im��o�ed cen�e�ing on �he 
elemen�� of IfcD���ǡ IfcCeilingǡ and IfcWind��Ǥ 

Ho�e�e�ǡ a� men�ioned in Sec�ion ͵ǤͶǡ i� �a� ob�e��ed �ha� IfcCeiling �a� ��ill no� 
��o�e�l� di��ing�i�hed f�om IfcSlabǤ Thi� i� likel� beca��e �he �ha�e� of �he IfcCeiling and 
IfcSlab in �he KBIMS lib�a�� a�e �e�� �imila�ǡ a� can be �een in �he image fo� each elemen� 
��e�en�ed in Table ͳǤ In o�he� �o�d�ǡ i� can be �een �ha� �he CRFǦRNN can im��o�e �he 
cla��iϐica�ion �e�fo�mance of elemen�� ha�ing clea� geome��ic cha�ac�e�i��ic�ǡ b�� �he�e 
i� a limi�a�ion in im��o�ing �he �e�fo�mance of elemen�� �ha� do no�Ǥ 
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Table 5. ACC, precision, recall and 𝑭૚ score for MVCNN and CRF-RNN + MVCNN 

 Accurac\ Precision Recall 𝑭૚	 score 

MVCNN 0.86 0.87 0.82 0.84 
CRF-RNN + MVCNN 0.92 0.93 0.89 0.91 
 

Table 6. Delta values between MVCNN and CRF-RNN + MVCNN 

 Accurac\  Precision Recall 𝑭૚	 score 

IfcBeaP 0.00  0.00 0.00 0.00 
IfcCeiliQg 0.19  0.14 0.19 0.21 
IfcCRlXPQ 0.03  0.00 0.03 0.02 
IfcDRRU 0.32  0.17 0.32 0.24 

IfcFRXQdaWiRQ 0.00  0.00 0.00 0.00 
IfcSlab 0.00  0.10 0.00 0.07 
IfcWall 0.00  0.00 0.00 0.00 

IfcWiQdRZ 0.17  0.07 0.17 0.12 
Total 0.06  0.06 0.07 0.07 

 

4 Conclusion 
Thi� �e�ea�ch ��o�o�ed a dee� lea�ningǦba�ed a���oach �o �ol�ing �he �eman�ic in�eg�i�� 
��oblem �ha� hinde�� �he ��e of BIM in con����c�ion ��ojec��Ǥ CRFǦRNNǦba�ed �eman�ic 
�egmen�a�ion �a� a��lied in �he model ��aining ��oce�� �o im��o�e �he ͵D �ha�e 
cla��iϐica�ion �e�fo�mance ba�ed on �he MVCNN algo�i�hmǤ A� a �e��l�ǡ i� �a� conϐi�med 
�ha� �hen �he CRFǦRNN algo�i�hm �a� a��lied com�a�ed �o �he e�i��ing MVCNNǡ 
cla��iϐica�ion �e�fo�mance �a� im��o�ed b� ͲǤͲ͸ acc��ac� and ͲǤͲ͹ 𝐹ଵ �co�eǤ 

The cla��iϐica�ion acc��ac� of �he IfcD��� and IfcWind�� �i�h di��inc� geome��ic �ha�e� 
�a� g�ea�l� im��o�edǡ �e�if�ing �he effec�i�ene�� of �eman�ic �egmen�a�ion in �he model 
��aining ��oce��Ǥ Ho�e�e�ǡ f�om �he fail��e �o �ol�e �he ��oblem of mi�cla��iϐica�ion 
be��een IfcCeiling and IfcSlabǡ i� al�o demon���a�ed �ha� CRFǦRNN ba�ed a���oach ha� 
limi�a�ion� �hen  geome��ic �ha�e� a�e �imila�Ǥ The�efo�eǡ in �he f����eǡ �he a��ho�� �lan 
�o de�i�e a me�hod �o add �ela�ion�hi� info�ma�ion be��een elemen�� in �he model 
��aining ��oce�� �o �ol�e �he ��oblem of mi�cla��iϐica�ion among elemen�� �i�h �imila� 
geome��ic �ha�e�Ǥ 
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