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Abstract. Automated code compliance checking is an effective approach for assessing the quality of building information
modeling (BIM) models. Various automated code compliance checking systems have emerged, wherein users need to in-
put all information accurately according to BIM modeling guidelines, in order to ensure the accuracy of checking results.
However, as this process involves human inputs, it is difficult to ensure that each input is accurate. In the case of errors
or missing inputs, the checking results will be erroneous. Although automated checking systems can be developed accu-
rately, it is difficult to apply these systems practically. Therefore, this paper proposes the application of Al technology to
recognize BIM objects and visible properties, in order to improve the operability of automated code compliance checking.
The two necessary elements — object names and properties — could be automatically extracted to a certain extent, follow-
ing the application of the proposed method to the automated code checking process. The error rate of the input could also
be reduced, thus making the application of the code checking system more practically feasible. The proposed recognition
method for BIM objects and visible properties is also expected to be used widely in BIM-based building e-submission sys-
tems and BIM-based forward designs.
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Introduction

With the advances in big data and artificial intelligence
(AI), countries are devoting increasing attention toward
the incorporation of digital technologies into industries.
Accordingly, the application of building information
modeling (BIM) is the most representative use of digital
technology in the construction industry (Alashmori et al.,
2020; To et al.,, 2021). The quality of the BIM model is
a crucial aspect in the application of BIM. More specifi-
cally, the information within the BIM model should meet
various standard naming systems, such as space and object
classifications. Moreover, the BIM model should also meet
the requirements of various building codes.

Different countries have adopted various measures to
implement BIM. Numerous countries have issued mod-
eling guidelines that specify the modeling methods and
naming standards for elements, in an attempt to standard-
ize modeling. Additionally, various countries are actively
adopting mandatory measures to promote the submission
of BIM models. For instance, in 2015, Singapore man-

dated BIM for all public facilities with an area of more
than 5000 m2. With regard to the contract process related
to public building designs, in 2006, the General Services
Administration [GSA] of the United States was obliged
to submit design drawings as BIM design information
based on industry foundation classes (IFC). Furthermore,
in South Korea, BIM has been compulsory for all public
sector projects since 2016 (Cheng & Lu, 2015; Edirisinghe
& London, 2015; Sun et al., 2018; Kim et al., 2020).
Some countries have been actively attempting to de-
velop a BIM-based building e-submission system to con-
duct automated quality checking for the submitted BIM
models; in such a system, the core aspect is the automated
code compliance checking. Singapore is leading the world
in terms of practical applications in this field. Under the
iGrant project of the Building and Construction Authority
[BCA], an automated code compliance checker was devel-
oped to check building accessible code. Urban Redevelop-
ment Authority [URA] developed the GFA Autochecker,

*Corresponding author. E-mail: hongwei@khu.ac.kr

Copyright © 2022 The Author(s). Published by Vilnius Gediminas Technical University

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unre-
stricted use, distribution, and reproduction in any medium, provided the original author and source are credited.


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3846/jcem.2022.16994

498 H. Sun, I. Kim. Applying Al technology to recognize BIM objects and visible properties for achieving code ...

whereas the Public Utilities Board [PUB] developed a
PUB BIM checking system. Currently, the BCA is lead-
ing the CORENET X project, which aims to integrate the
automated code checking systems of seven agencies. Ad-
ditionally, South Korea is implementing the KBIM project
and developing a building e-submission system based on
openBIM (Kim et al., 2020; Amor & Dimyadi, 2021).

According to Eastman et al. (2009), the operation of
an automated code checking system primarily depends
on the identification of names and properties. The exist-
ing information inputting method principally depends on
manual inputs, which require significant efforts from us-
ers. Consequently, incorrect information input (such as
incorrect inputs of object names or properties) or a lack
of information is inevitable during this manual input pro-
cess; this, in turn, could lead to inaccurate automated code
checking results. Therefore, although automated code
checking systems can be accurately developed, it remains
difficult to apply these systems in practice.

Several studies have focused on enhancing the seman-
tic integrity of a BIM model. For instance, Kim and Lee
(2019) and Koo et al. (2021a) applied the CNN-based
three-dimensional (3D) object recognition method in
the automated recognition of BIM objects. This 3D BIM
object recognition method was proposed for use in au-
tomated code checking. In these studies, the confidence
probability was obtained. Furthermore, as designs are cre-
ative, building elements will inevitably appear in a variety
of forms. Therefore, it is difficult to achieve a prediction
rate of 100%. However, building code approval requires a
high accuracy, which, in turn, necessitates a more accurate
recognition of BIM objects. Therefore, in this study, the
authors propose to further judge the recognition results by
combining the relationship between the recognized object
and space on the basis of Al-based recognition results.

Generally, an object corresponds to multiple prop-
erties in building code documents. Such properties are
specified in the modeling guide for cooperate the use of
an automated code checking system. However, in practical
applications, users are required to input a large amount of
text information. As this process involves human inputs,
there is a higher likelihood for certain inputs to be missing
or incorrect. Besides, the existing commercial software,
IFC exporter function, still has scope for improvements.
Thus, there exist various problems associated with miss-
ing property data or the requirement of separate specific
settings (Choi & Kim, 2011; Lee et al., 2021). Moreover,
the property appears in the form of text; hence, it cannot
appear in the 3D model view, making it more difficult for
users to reconfirm the information. Therefore, the authors
propose adding a logo to the surface of the BIM object for
properties that can be visualized, which can be followed
by the use of Al technology to recognize these properties
(Sun et al., 2019).

The remainder of this paper is organized as follows.
The relevant background information is provided in Sec-
tion 1, including the automated code checking and the

modeling guide required for automated code checking,
IFC and its internal relationship, as well as the importance
of information classification and a related summary of se-
mantic integrity enrichment research. In Section 2, the
recognition method for BIM objects and visual properties
is detailed. Furthermore, a case study and a discussion re-
garding the proposed method are presented in Section 3.
Finally, the conclusions of this study are presented in the
last Section.

1. Background

1.1. Automated code checking
system and BIM modeling guide

With the in-depth research into BIM technology, numer-
ous studies have focused on assessing the quality of BIM
data, and different types of automated code checking
systems have been proposed. CORENET’s ePlancheck,
which was introduced in Singapore, represents an early,
large-scale attempt at developing an automatic regulatory
system (Eastman et al., 2009; Amor & Dimyadi, 2021). Re-
cently, the BCA, URA, and PUB in Singapore successively
completed their agencies automated code checking sys-
tem. Currently, the BCA is integrating seven government
agencies to develop the next generation of automated code
checking systems, called CORENET-X (Professional En-
gineers Board Singapore [PEB], 2019; Kim et al., 2020;
Amor & Dimyadi, 2021; BCA, 2021). Meanwhile, the Ko-
rean government funded the KBIM building e-submission
system project to enhance its existing e-submission sys-
tem, SEUMTER, in order to enable BIM-based e-submis-
sions and automated code compliance checking (Lee et al.,
2016; Kim et al., 2020; Amor & Dimyadi, 2021).

To ensure smooth operation of the automated code
checking system, the submitted BIM model needs to car-
ry the required properties, names, and objects (Eastman
et al.,, 2009). Moreover, it is necessary to formulate a sepa-
rate BIM modeling guide for an automatic code check-
ing system, to ensure that users input the necessary BIM
model data for automated code checking.

For instance, in Singapore, the URA developed an au-
tomated code checking system called GFA Autochecker to
automatically check the gross floor area. Combined with
the checking system, the GFA Autochecker BIM modeling
guide was developed to outline the BIM modeling require-
ments and standards. More specifically, this guide defines
detailed data requirements, including the project informa-
tion, space provision and classification, schedules, special
BIM objects, and other general requirements from other
agencies (URA, 2020).

The PUB developed the PUB BIM checking system to
check designs in accordance with the code of practice for
sewerage and sanitary works, surface water drainage, and
water services. Furthermore, a BIM modeling guideline
for the PUB BIM checking system was provided to guide
users in preparing BIM models that satisfy the checking
requirements, including the necessary properties, space



Journal of Civil Engineering and Management, 2022, 28(6): 497-508 499

naming convention, and standard BIM objects with pre-
defined types (PUB, 2020).

Users need to input the correct information specified
in the modeling guide to ensure the accuracy of the re-
sults of an automated code checking system; otherwise,
the checking results will be inaccurate. However, there
are many BIM object names and properties that need to
be input, and as these data are input manually, there will
inevitably be errors. Moreover, the design process is often
accompanied by various changes, making it more chal-
lenging to confirm the real-time update of the BIM model
information.

1.2. IFC and its internal relationship

Regarding the format of the checked BIM data, different
authoring tools produce native BIM files in different for-
mats (Harty et al., 2015). If each native BIM files needs
to be checked, it is a burden on system development, up-
grade, and maintenance (Kim et al., 2020). Most software
companies support IFC as it is a widely recognized open
specification for data exchange in the fields of architecture,
engineering, construction, and facility management (East-
man et al,, 2010; Zhou & El-Gohary, 2021; Eastman et al,,
2011; Malsane et al., 2015). Moreover, IFC is the official
international standard for BIM data (International Organ-
ization for Standardization [ISO], 2018); it has been de-
veloped and maintained by buildingSMART International
since the 1990s. Therefore, most automated code checking
systems adopt IFC as the checked BIM file format.

The IFC schema is defined in the EXPRESS schema
with the ISO 10303 standard (ISO, 2020) for the exchange
of project model data (STEP) (Patacas et al., 2020). IFC is
highly robust and offers various methods for defining ob-
jects, relationships, and attributes. The IFC model can also
represent tangible building elements, such as walls, doors,
and elements. In addition, it can represent abstract con-
cepts such as activities and spaces (Motamedi et al., 2016).
Several relationships are defined within the IFC schema.
Specifically, 49 entities in IFC2x3 (47 in IFC4) are derived
from IfcRelationship (Solihin et al., 2017a). Currently,
many studies have used the relationship within the IFC.
For instance, Lee and Kim (2014) used the objectified re-
lationship, IfcRelSpaceBoundary, to derive circulation in-
formation from IFC. Solihin et al. (2016) proposed a novel
concept for extending IFC relationship entities to integrate
federated models. Moreover, Solihin et al. (2017b) used
a relational database to support multiple representations
of BIM 3D geometric data to support high-performance
code checking-related queries.

When a physical connection does not exist, the con-
nections between the spatial and physical entities can be
presented using the “IfcRelContainedInSpatialStructure”
relationship in IFC (Liebich, 2009; Alshehri et al., 2017;
Kwon et al., 2020). In the present study, the authors used
the relationship between spatial and physical entities in
IFC for identifying the space to which a 3D BIM object
belongs.

1.3. Importance of information classification
in BIM models and research on semantic
integrity enrichment

Eastman et al. (2009) established that the ontology of
names and properties is crucial for code checking. Ac-
cordingly, some code checking items tend to rely on ex-
plicit space classifications, such as circulation evaluations.
A large part of the code clause depends on the classifica-
tion assigned to the component to uniquely represent the
type of current information, such as the usage function of
a room. Although there are more than 70 major classifi-
cation systems, a consenting agency can only classify the
components in a BIM model using one or two nationally
acceptable classification systems (Amor & Dimyadi, 2021).
The IFC data model allows for the customization of prop-
erties in the existing list of IFC classes. Currently, in addi-
tion to the Corenet-X project, the Singapore government
is implementing the IFC-SG project to enhance the IFC
data model by adhering to local regulatory requirements
(Nova Group, 2020).

Automated code checking will stop for cases that
involve missing classification codes or an unapproved
classification system. It is difficult to check whether the
classification code of spaces or components is correct, as
this requires a comprehensive understanding of buildings
and their components (Amor & Dimyadi, 2021). More-
over, users need to remember these names and properties,
which can lead to a large burden in the case of substantial
amounts of inputs. Moreover, in the case of manual inputs,
there is a higher likelihood for the information to be miss-
ing. Alternatively, if substantial amounts of information
are used in the inputs, it becomes difficult to recheck the
input information. As a solution, AI methods have recent-
ly been tested to ensure the correctness of classification
information (Amor & Dimyadi, 2021).

Recent studies have also explored the use of machine
learning and deep learning methods to alleviate the se-
mantic enrichment problem in BIM models. For instance,
Krijnen and Tanke (2015) proposed an anomaly detection
method for checking IFC classifications; this approach is a
form of machine learning (ML) technology (Koo & Shin,
2017). Koo and Shin (2018) adopted a novel detection
method to detect misclassified BIM elements. Kim et al.
(2019) adopted a two-dimensional (2D) CNN technology
to identify the BIM elements that are a part of architec-
tural objects constituting the residential space in South
Korea. Furthermore, Bloch and Sacks (2018) employed
ML to classify rooms using a rule-inferencing approach.
Wu and Zhang (2019) proposed the use of a data-driven
iterative method to classify common building BIM ele-
ments. Moreover, Koo et al. (2021b) used a geometric
deep learning method (MVCNN and pointNet) to classify
infrastructure BIM elements.

Most of these previous studies only applied existing
Al technology to recognize BIM elements and determine
the confidence probability. There is no further integration
of unique knowledge of building areas. Moreover, there is
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also a lack of research on enhancing the semantic integrity
of properties. Therefore, in this study, the authors will fur-
ther strengthen the use of Al to solve the semantic prob-
lems associated with BIM models and further explored
the application of AI technology in the automated code
checking process. The authors explore the application of
AT for the two necessary elements (BIM object name and
properties) in automated code compliance checking.

2. Proposed method for recognizing BIM objects
and visible properties based on Al

This paper proposes a method for recognizing BIM ob-
jects and visible properties through the use of Al, in order
to explore solving the semantic integrity problem of BIM
models and promotes automated code compliance check-
ing technology to be more humanized in line with the user
habits. In this section, the proposed method is introduced
in detail via two aspects: BIM object recognition by com-
bining “Al-based object recognition” and “space-object
relationship,” and the process of applying visible feature
recognition in automated code compliance checking.

2.1. BIM object recognition by combining AI-based
object recognition and space-object relationship

2.1.1. Composing image database of BIM object
and training the learning model

For 3D BIM object recognition, if 3D BIM objects are rec-
ognized based on images, numerous studies have adopted
the multi-view CNN (MVCNN) method proposed by Su
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in the BIM field. In this study, for AI-based 3D BIM ob-
ject recognition, the authors also use the MVCNN method
for recognition. The specific processes are as follows. First,
BIM objects were collected from various resources, includ-
ing BIM models, libraries, and various online BIM model
resources. Subsequently, the BIM objects were classified
and labeled. Notably, these should be named according
to the standard BIM object naming system required for
automated code checking. Subsequently, 12 photos were
captured at intervals of 30° for the objects suitable for
MVCNN. Lastly, the sample sets were divided in a ratio
of 8:2 for training and testing the learning model (Kim &
Lee, 2019; Koo et al., 2021b).

2.1.2. Composition of space-object
relationship database

Herein, the authors propose the construction of a “space-
object relationship database” (Figure 2). Conventionally
placed objects exist in each space, which could be called
common sense (McCarthy, 1959). For instance, there is a
cabinet, refrigerator, and dining table in the kitchen, and
a basin, bathtub, shower booth, and water closet in the
bathroom. The objects placed in these spaces vary accord-
ing to the customs of each country or the owner’s personal
preferences. Generally, this part can be adjusted appropri-
ately according to the specific situations. The names of the
spaces and the objects in the “space—object relationship
database” should also comply with the standard naming
system required for automated code checking, in order to
standardize building information.
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Figure 2. Composition of space-object relationship database
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There is “IfcRelContainedInSpatialStructure” relation-
ship in the IFC structure, which can be used for finding
the IFCspace in which the 3D BIM object is located. Based
on the IFCspace name, the general category of the BIM
object can be determined according to the “space-object
relationship database”

2.1.3. Overall automated BIM
object recognition process

First, the MVCNN method mentioned in Section 2.1.1 is
used to predict 3D BIM objects, and the results were the
confidence probabilities. As the design is creative, build-
ing elements will inevitably appear in a variety of forms.
Therefore, it is difficult to achieve a prediction rate of
100%, particularly for those elements defined using cus-
tom shapes, such as BIM objects made by mass in Revit
(a BIM software). However, automated code compliance
checking is rigorous and serious, and building officers
need to approve the results according to the output of the
automated code checking system. Therefore, during the
code checking process, a high recognition accuracy for the
BIM objects is required. Therefore, the authors propose
that the objects should be further judged according to the
“space—object relationship” after recognizing the BIM ob-
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jects using AI technology in the first step; this approach
is expected to help improve the accuracy of the results of
BIM object recognition. The general process is illustrated
in Figure 3 (Sun et al., 2018).

2.2. Applying visible feature recognition
in automated code compliance checking

2.2.1. Extracting properties that can be represented
visually and expressing visible properties via a logo
similar to actual scenes

The checking requirements written in natural language are
analyzed to extract the properties that need to be identi-
fied by the automated code checking system. Generally,
these properties can be classified as quantitative or func-
tional, among others. In this study, the authors extracted
properties that could be represented visually. For instance,
“The number of parking lots for the disabled should be at
least one out of every 50” is a requirement in the exam-
ple of parking lots. To define ‘the disabled, the previous
general method is adding the property of ‘accessible’ to
the BIM object. The proposed method involves adding
the “accessible” logo to the object (Figure 4) and using Al
technology to recognize the property (Sun et al., 2019).
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(adding visible features to BIM objects) (Sun et al., 2019)
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Figure 5. Example of “accessible” door in reality

Following the extraction of visual properties, feasible
logos combined with the actual scenes for visible prop-
erties need to be determined. For instance, in an actual
scene, an accessible door can be expressed using the fol-
lowing method (Figure 5). Adding a similar logo to the
actual scene will be more acceptable to designers, as com-
pared with adding the property of “accessible” in the text
style to the “door” BIM model.

2.2.2 Specifying unified features in modeling guide and
setting them as feature targets for machine learning

As architectural design is a creative process, the emer-
gence of various designs is inevitable, and it is difficult
to ensure the accuracy of machine learning recognition
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for such arbitrary visual features. Moreover, code compli-
ance checking is rigorous, and the accuracy of a systematic
judgment is critically important. Therefore, it is necessary
to improve the accuracy of visual feature recognition and
ensure the reliability of code checking. Furthermore, the
recognition target should be limited (Sun et al., 2019).

Therefore, the authors propose the sorting of visual
features to create a unified feature library, stipulate this li-
brary in the modeling guide, and set the visible features as
the feature targets for machine learning. The authors use
Al technology to recognize the surface of the BIM object
with visual features to obtain the property information for
automated code compliance checking. This entire process
is illustrated in Figure 6.

3. Case study for proposed method
and discussion

Herein, the authors present a case study using two exam-
ples to illustrate the proposed method. The first involves
recognizing the “water closet” 3D BIM object, whereas the
second involves recognizing the “accessible” property of
a door.

3.1. Recognizing 3D BIM objects
to obtain object name

There are some building code requirements in the Singa-
pore “Code on accessibility in the Building Environment
20197; these requirements are primarily related with the
water closet, such as, the minimum space in front of the
water closet should be more than 1000 mm. For checking
this item, the code compliance checking system needs to
first identify the BIM object named “water closet”. There-
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Figure 6. Automated code checking using visual feature recognition (Sun et al., 2019)
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after, the minimum space in front of “water closet” should
be checked using the internal position and dimension in-
formation of IFC.

It is well known that the “water closet” falls under the
“Plumbing Fixture” in Revit. This type of plumbing fixture
includes sinks, water closets, tubs, drains, and various ap-
pliances. After being exported to IFC, all the fixtures will
exist as “IfcFlowTerminal” Therefore, designers should in-
put the name in the 3D BIM object to distinguish between
sinks, water closets, tubs, drains, and other similar objects.

These 3D BIM objects should be assigned specific
names in the modeling guide to cooperate with the use of
automated code checking systems, such as “water closet”
However, during the design process, these names may be
input incorrectly or omitted, or the designers may not fol-
low the names specified in the modeling guide; in such
cases, they may name the BIM objects according to their
personal preferences. For example, designers may use cus-
tomary names such as “toilet” or “WC” In such cases, if
the system cannot identify the specified name, the check-
ing process will not proceed successfully. Moreover, this
will also lead to inaccurate results of the automated code
compliance checking (Sun et al., 2018; Kim & Lee, 2019;
Koo et al., 2021a).

Researchers have studied this semantic problem as-
sociated with BIM models and employed Al to resolve
the issue. For instance, Kim and Lee (2019) used the 2D-
CNN, which is a deep neural network, to classify furniture
BIM elements and developed the BIM object recognition
module for automated code checking. Moreover, Koo et al.
(2021b) applied MVCNN to classify infrastructure BIM el-
ements and mentioned the practical implications for code
checking by assessing the semantic integrity of BIM mod-
els. However, they primarily used the MVCNN method
to recognize 3D BIM objects and obtain the confidence
probability. By contrast, herein, the authors propose that
the name of the BIM object should be further judged by
combining the “space-object relationship”, in order to im-
prove the efficiency of object recognition. In the following
section, the authors outline how the proposed method is
used to obtain the name “water closet” of a 3D BIM object.

First, the BIM objects in the 3D model to be recog-
nized are visualized individually, and each BIM object is
recognized based on the method described in Section 2.1.
In this study, a 3D BIM object (Figure 7) was utilized as
an example, and twelve photos were captured at intervals
of 30° for recognition. The authors also used the MVCNN
recognition method based on previous research (Su et al.,
2015, 2018; Wu & Zhang, 2019; Kim & Lee, 2019; Koo
et al,, 2021a).

The image data of twenty different types of BIM ob-
jects were collected from online 3D CAD and BIM li-
braries (Wu et al,, 2015; Su et al., 2018), including walls,
columns, parking lots, doors, plants, water closets, cur-
tains, tables, and chairs. The collected image data were
then divided in a ratio of 8:2 to train and test the training
model. In this manner, an accuracy of 85%, precision of

Figure 7. 3D BIM object for recognition

87%, recall of 85%, and an F1 score of 85% were achieved.
Subsequently, the 3D BIM object was predicted using the
training model. The recognition confidence was 97.6%
for “water closet”, 1.0% for “plant”, 0.3% for “chair”, and
1.1% for “others” Notably, this study did not focus on
recognition confidence; instead, it focused on methods to
integrate the results of AI recognition with the existing
knowledge of the specialty.

Based on the relationship between the space and ob-
ject in IFC using “IfcRelContainedInSpatialStructure’, the
IFCspace name “bathroom” can be determined. Thereaf-
ter, depending on the “space-object relationship database”
sorted out in advance, the objects in the “bathroom” space
could be water closet, basin, or bathtub, among others.

Further judgments can be made by combining the re-
sults from the AI recognition and the “space-object re-
lationship” Thus, the 3D BIM object can be judged as a
“water closet”. This entire judgment process is illustrated
in Figure 8.

3.2. Recognizing accessible properties through
surface of BIM objects with visible logo

The Singapore “Code on accessibility in the Building En-
vironment 2019” includes a building code requirement,
according to which the “clear width” of a door for an ac-
cessible individual washroom should be more than 850
mm. For checking this item, the code compliance check-
ing system could be developed to find all “Ifcdoor” ele-
ments and the “ifc” internal dimension information can
then be used to judge whether the “clear width” meets the
related requirement.

However, it is likely that different types of doors exist
in a single building, such as normal doors and accessible
doors. Hence, it is important to ensure that the system
can identify different types of doors. Therefore, designers
should input information related to the doors, in order to
enable the system to distinguish between them. The gen-
eral method involves specifications in the modeling guide-
line and requiring the designers to add the “accessible”
property to the “door” BIM object. The code compliance
checking system can then identify the property informa-
tion to appropriately perform the checking process.
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Figure 8. Entire judgment process for 3D BIM object

However, as in the case of the BIM object name input,
designers are required to input a large amount of speci-
fied model information according to the modeling guide
during the design process. As mentioned before, given
that this process involves human inputs, it is inevitable
that there will be missing or erroneous inputs. Moreover,
the properties in the BIM model exist in the form of text;
therefore, it is difficult to recheck such properties. Besides,
the design activity is accompanied by a large number of
design scheme adjustments and design changes, which
represent another considerable challenge in terms of in-
putting the information accurately. Nevertheless, if even
one property is entered incorrectly, the result of the entire
automated code checking will be inaccurate (Sun et al.,
2019). Therefore, the authors herein propose a method of
using Al to recognize visual properties, in order to provide
the relevant information for automated code compliance
checking and to realize a more practical automated code
checking approach. In the following section, the authors
present an example using the case of a recognizing acces-
sible property through the surface of a door BIM object
with a visible logo.

In Singapore’s “Universal Design Guide for Public
Places”, the BCA provides examples of an “accessible logo”
and an “ambulant logo” (BCA, 2016), as shown in Figure 9.
In this study, the authors used these two types of logos as

e

Toilet

Photo: Sign for accessible individual
washroom with braille markings

Photo: Sign for ambulant disabled

Figure 9. Logos mentioned in “Universal Design Guide for
Public Places” (BCA, 2016)

an example to express accessible and ambulant doors in
the BIM model, following the actual scene. These logos
could also be stipulated in the modeling guide.

Accordingly, visual logos were added to the object to
be identified. In this case study, visible logos were embed-
ded into the BIM objects using Revit, as shown in Fig-
ure 10.

Al-based image recognition was used to recognize the
type of “door” BIM model. In this study, a 2D image clas-
sification method (TensorFlow, 2021) was utilized. The au-
thors considered accessible, ambulant, and normal doors
as examples to illustrate the performance of the proposed
method (Figure 11).

The authors collected 160 images of doors with the ac-
cessible logo, 160 images of doors with the ambulant logo,
and 160 images of the normal door; these images where
then divided in a ratio of 7:3 to train and test the learning
model. The validation accuracy could be 100%.

Subsequently, the surface of the target object was rec-
ognized, and it was predicted that the type most likely
belongs to “accessible” with 100% confidence (Figure 12).
As the input logo is stipulated in the modeling guide, the
recognition result could be significantly high. Thereafter,
the recognized name “Accessible” could be input into the
corresponding property of “IfcDoor”

3.3. Discussion and limitations

The 3D BIM object name and visible property could be
recognized using Al, via the method illustrated in Sections
3.1 and 3.2, without relying on the manual input of text
information.

Considering the case of recognition for the 3D BIM
object “water closet” as an example, the authors explored
using “the results of Al recognition” and the “space-object
relationship” to comprehensively judge the name of the 3D
BIM object. It was found that this approach could improve
the accuracy of recognition. After applying the proposed
method to the code checking process, it could reduce the
error rate of manually inputting the object names. This
method could also be used to recheck the input informa-
tion of the existing model.
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Figure 10. Example of embedding visible logos into BIM objects using Revit

1

Figure 11. Example of accessible, ambulant, and normal doors

v Predict on new data

Finally, let's use our model to classify an image that wasn't included in the training or validation sets.

Note: Data augmentation and Dropout layers are inactive at inference time.

v @ inage_path = '/content/Identification target.JPG’
ing = Keras.preprocessing. image. load_ing(
inage_path, target_size-(ing_height, ing_uidth)
)
ing_array = keras.preprocessing. image.img_to_array(ing)
ing_array = tf.expand_dins(ing_array, 0) # Create a batch

predictions = model.predict(img_array)
score = tf.nn.softmax(predictions[0])

print(

"This inage most likely belongs to {} with a {:.2f} percent confidence.”

- format (class_nanes [np. argnax(score)], 160 * np.max(score))

)

This image most likely belongs to Accessible with a 100.00 percent confidence.

Identification target. JPG X

T e BB EUE

&

Figure 12. Prediction result using image classification (TensorFlow, 2021)

Considering the case of recognizing the “accessible”
property of a door as an example, the properties that could
be visualized were stipulated in the BIM modeling guide-
line to increase the standardization of the BIM model.
Adding a visible logo to the object surface could also help
designers recheck the designs. Compared with the method
of adding the “accessible” information to the BIM object
in a textual format (which can be considered “invisible”),

the proposed method could reduce the manual input of
text information, which, in turn, decreases the input er-
rors. Through the visualization of feature properties, de-
signers could also obtain a better understanding of the
design process (Sun et al., 2019).

The proposed method can eliminate the dependency
on human input data for information recognition, and the
computer can simulate human behaviors. Provided the
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object or property can be visually perceived by humans
and allow for judgments based on common sense, the
computer can imitate humans to recognize this informa-
tion. Designers could focus less on the accurate input of
information and pay more attention to the design. Follow-
ing the application of the proposed method to the auto-
mated code checking process, the two necessary elements,
i.e., object name and property, could be automatically ex-
tracted to a certain extent, and the error rate of the input
could be reduced. This could be an effective approach for
improving compliance code checking. The authors expect
that an automated code checking system should be more
operable in practice using the proposed method. The stan-
dardized model after the automated code checking will
provide important standard building data and contribute
toward the standardization of the construction industry.

In this study, the authors only derive further judg-
ments using the space-object relationship based on the
Al recognition results for BIM object recognition. In addi-
tion to the space—object relationship, other factors should
also be considered, such as the relationship between ob-
jects as well as the ratio of an object’s internal dimensions
(Krijnen & Tamke, 2015; Koo & Shin, 2017; Sacks et al.,
2017; Koo et al.,, 2019). If these factors are integrated, the
recognition of the system will be more intelligent, which,
in turn, would lead to more accurate results.

Furthermore, for property recognition, the authors
only implemented properties that could be visualized and
often appear in actual scenes. However, there also exist
properties that are not easy to visualize, such as quantita-
tive attributes (window opening angles, etc.). Therefore,
further research is required to establish methods to ex-
press these properties reasonably and recognize them in-
telligently.

Conclusions

In the era of big data and Al, it is crucial to obtain a large
amount of standardized data. In the construction industry,
it is desirable to obtain standard building data through
BIM. Recently, automated code checking technology for
BIM models has attracted significant attention. It is nec-
essary to input all types of information into this system
accurately to ensure the accuracy of the checking re-
sults. However, it is challenging for users to input large
amounts of information accurately. Therefore, automated
code checking is feasible in theory but difficult to apply
in practice.

Therefore, in this study, the authors explored the ap-
plication of AI for extracting two necessary elements (ob-
ject name and property) for automated code compliance
checking. Accordingly, the authors conducted research
focusing on the recognition of 3D BIM object names and
visual properties.

In terms of BIM object recognition, certain scholars
have used existing Al technologies to recognize the names
of 3D BIM objects (such as using the MVCNN method).
The authors mentioned that, as the design is creative,
building elements will inevitably appear in various forms.
Therefore, it is difficult to achieve a prediction rate of
100%. On the basis of the AI prediction results, further
comprehensive judgments should be made in combination
with the inherent knowledge of buildings. The authors
proposed further judging the name of 3D BIM objects by
combining “Al-based object recognition results” and the
“space—object relationship”.

Currently, there is a dearth of research on the semantic
integrity issue for “property”. Therefore, the authors pro-
posed adding visual logos on the BIM object surfaces and
using the AI method to recognize visible properties. These
visual logos should be specified in the modeling guide to
increase the standardization of the BIM model. Moreover,
visual logos can also help designers better understand the
design in the process of BIM-based forward design.

The proposed recognition method for BIM objects and
visible properties is expected to be widely used in BIM-
based building e-submission systems and BIM-based
forward designs. Accordingly, the feasibility of BIM can
be improved significantly. Moreover, the automatically
extracted standard data will also serve as a building data
basis for big data and AI-based analyses of the construc-
tion industry.
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