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Abstract. This study explores the potential of automated fire safety conformity
checks using a BIM tool. The focus is on travel distance regulations, one of the
major concerns in building design. Checking travel distances requires information
about the location of exits. Preferably, the Building Information Model (BIM) of the
building should contain such information, and if not, user input can be requested.
However, a faster, yet still reliable and accurate, methodology is strived for. There-
fore, this study presents an automated solution that uses machine learning to add the
required semantics to the building model. Three algorithms (Bagged KNN, SVM, and
XGBoost) are evaluated at a low Level of Detail (LOD) BIM models. With preci-
sion, recall, and F1 scores ranging from 0.87 to 0.90, the model exhibits reliable per-
formance in the classification of doors. In a validation process with two separate
sample buildings, the models accurately identified all ’Exits’ in the first building with
94 samples, with only 5 to 6 minor misclassifications. In the second building, all
models- with the exception of the SVM - correctly classified every door. Despite their
theoretical promise, oversampling techniques do not enhance the results, indicating
their inherent limitations.
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1. Introduction

Building codes and regulations specify various rules that focus primarily on the
health and safety of occupants [1]. Verifying that a building meets all of these
rules is a tedious, error-prone and time consuming task that requires considerable
human effort [2]. A collaborative research effort between Business and Economic
Research Limited (BERL), the Building Research Association of New Zealand
(BRANZ), and Price Waterhouse Coopers (PWC) found that a 10% improvement
in efficiency within the construction sector could lead to a notable 1% impact on
the overall Gross Domestic Product (GDP) [3]. The results of a survey conducted
in the U.S. show that on a typical project, approximately 200 hours are spent by
architects, engineers, contractors and owners on building code compliance reviews
[4]. Although automation of building code compliance verification long predates
the advent of Building Information Modeling (BIM) technologies [5], the ability
to automate the code compliance check process has become more prominent, with
the opportunities provided by BIM. In an effort to reduce the amount of work
required while maintaining (or even improving) the quality of checks, many
researchers [6-9] have sought to leverage the power of BIM to automate and com-
puterize this process.

BIM models often contain some but not all of the specific data required by
local regulations [10]. Following any potential design alteration, the user must
allocate time during each iteration of the design review process to re-enter missing
data or rectify erroneous data. Most commercially available Automated Code
compliance Checkers (ACCs), such as Solibri Model Checker (SMC) [11] or Smar-
tReview [12], require the user to manually supplement the data needed to check a
specific rule [13, 14]. Automating this process helps to reduce repetitive work and
human error[15]. Semantic Enrichment (SE) is a promising solution for preparing
model data to provide or correct the information required by regulations [16]. SE
is a (semi-)automatic process of adding domain- or application-specific informa-
tion to the building model and has received much attention in the last decade
[17-20]. Simeone et al., [21] enriched the heritage BIM models with non-geometric
data using Semantic Web technologies. FORNAX as an external library platform,
developed and maintained by novaCITYNETS Pte. Ltd. Singapore, contains
building objects enriched with high-level semantics required by code compliance
checkers, but the provided attributes are limited [14]. In [22], Chateauvieux et al.
used domain-specific rule sets to add semantics needed for the noise and vibration
analysis of timber models, such as the type of element in the junction. Recent
research, [23], with an extensive study on the number of scientific papers on
semantic enrichment of BIM models in the AEC industry, shows that the number
of researches is still not very high and that the topic still lacks a “formal defini-
tion of the process”, “possible applications”, “contributions” and “computational
approaches”. This study aims to address these gaps by proposing a simplified
computational approach using basic machine learning techniques. A potential
application of the enriched model is demonstrated in automatic evacuation route
rule checks.
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While information is at the heart of BIM, many data remain implicit within the
models. Many studies have focused on Rule Inferencing (RI) for semantic enrich-
ment of BIM models (e.g., [17, 18, 24], and [25]). However, especially with the
recent innovative and complex building designs, not everything can be translated
into explicit rules. With the capability to handle uncertainties and exceptions [26],
Artificial Intelligence (AI) and Machine Learning (ML) techniques seem to be
well-positioned to uncover the hidden insights within BIM models. Even though
Al and ML are expanding across many sectors, their adoption in the construction
industry has been slow [27]. However, recent successful studies underscore a
promising research trajectory, particularly in the semantic enrichment of BIM
models.

In their research, Jin et al. [28] introduced an unsupervised learning method to
analyze IFC-based BIM data, focusing on the relationships between building
spaces. By extracting BIM data properties and using an adapted affinity propaga-
tion algorithm, their approach effectively identified standard space functions using
a dataset of a 20-story building with 595 spaces. Calzado et al. [29] delved into
the automatic labeling of rooms in housing units based on geometry using ML
algorithms, a traditionally manual task in BIM. Based on two Autodesk Revit
models, each with more than 200 units, they used three methods: decision trees,
logistic regression, and neural networks. To perform a sensitivity study, they
extracted data both directly and via the Revit application programming interface
(API). With this enriched dataset, both logistic regression and neural networks
achieved an accuracy of 80%-90%. Koo et.al. [30] used 3D geometric deep neural
networks, specifically MVCNN24 and PointNet25, to classify Building Informa-
tion Modeling (BIM) elements, with a focus on door and wall subtypes. Using a
7:3 training-to-testing data ratio, MVCNN outperformed with accuracies of 92%
for doors and 95% for walls, whereas PointNet faced challenges due to resolution
issues from selective point cloud use. Additionally, when classifying road infras-
tructure BIM elements, MVCNN again proved superior with a 98% accuracy
compared to PointNet’s 83%. Using a Graph Convolutional Network (GCN),
Collins et al.[31] achieved up to 85% accuracy when categorizing BIM objects
from a dataset of 22 IFC files,containing a variety of structural elements, equip-
ment, and interior furnishings. Kim et al. [32] employ a multi-view method, inte-
grated into an Autodesk Revit plugin, to train a Convolutional Neural Network
(CNN) on 2D images of objects from 32 angles, encompassing 820 objects across
ten classes. They explore a two-step classification, initially sorting objects into
broader categories before sub-classifying certain groups. In a very recent study,
Lou et al. [33] addressed the interoperability challenges within Building Informa-
tion Modeling (BIM) by proposing a two-branch geometric-relational deep learn-
ing framework. This approach integrated both geometric and relational data,
enhancing BIM object classification capabilities. Such a method not only aug-
mented the semantic richness of BIM objects but also promised to mitigate the
long-standing challenge of manual model checks, thereby elevating the practical
utility of enriched BIM models.

The implementation of ML approaches for semantic enrichment of BIM models
offers the advantage of a low level of detail (LOD) required for automated design
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checks. This is attributed to the capability of ML to infer and extract relevant
data from the existing model, alleviating the need for extensive effort spent on
model development. Given that early stages of design phases often operate with a
relatively low LOD in models, a method capable of efficiently identifying essential
architectural features presents significant value. This underpins the rationale of the
present study, which seeks to assess the viability of an approach geared towards
automatic annotation of elements within high-rise building models.

Most of the aforementioned studies use complex deep learning models that
learn mainly from the shape of BIM objects, some of which entail extensive pre-
processing and considerable computational overhead, making them unsuitable for
many real-world applications [34]. In contrast, we use ML techniques, such as
KNN and XGBoost, which are significantly faster and more efficient. By prioritiz-
ing low-level geometric attributes and deliberately excluding shape features, our
methodology remains resilient even when the geometric representation in BIM
may be imprecise or incomplete with low LOD.

The core this study is part of a larger effort that focuses on the automation of
rules related to evacuation routes. Compliance to these rules play an important
role in getting building permit and ensuring occupant safety. A crucial piece of
information for this automation was the identification of exits on each floor,
which was missing. Therefore, this study investigated the automatic addition of
this information to the BIM model. To achieve this the current study presents a
novel workflow that integrates simple geometrical features to train a machine
learning model to do this. While the individual components of our approach are
not new, their innovative combination within this workflow represents a signifi-
cant advancement. This methodology not only demonstrates high performance
and computational efficiency but also facilitates the enrichment of BIM models
with low LOD. To realize the primary goal of current paper-a proof of concept
for employing ML techniques in the automated annotation of BIM models with
low LOD, several objectives are addressed. First of all, a comparative analysis of
different ML techniques is undertaken to automatically annotate ‘Exits’ on BIM
models of buildings. ‘Exits’ refer to the doors that allow leaving the floor towards
emergency staircases. Given an imbalanced dataset, different oversampling tech-
niques are tested and evaluated. The importance of proper implementation when
combining cross validation with oversampling is subsequently underscored.
Finally, the outcomes of the automated approach are subsequently bench-marked
against manual human-based annotations.

The remainder of the paper is structured as follows. Section 2 first gives an
overview of the general methodology used to develop the automated code compli-
ance checker. Then an overview of the dataset and its preparation is given. Later,
the selected ML models and their hyperparameters are described in detail, and
finally the oversampling techniques we used are explained. Subsequently, Section 3
delves into a detailed discussion of the obtained results. Following that, Section 4
extends the discussion by exploring considerations beyond our methodology
implementation, shedding light on unaddressed aspects that could impact the
results. Finally, Section 5 presents the conclusions.
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2. Methodology

This research is part of a study focused on leveraging Eastman’s four-step process
[2] to automate rules related to the evacuation route in Belgium’s national fire
safety codes. The focus of the current work is on the ‘normalization’ or ‘Prepara-
tion of the Building Model Data’ stage, the second step from the Eastman’s pro-
posed process, Fig. 3, however, it is also important to briefly explain the other
steps as they have a significant impact on what needs to be enriched. Therefore, a
brief overview of the main tasks of each step is given first in Section 2.1. As build-
ing construction is a step-by-step process, more information is added to the model
as the project progresses. Typically, designers and engineers model the building
collaboratively, using different software to produce models with multiple aspects
or disciplines. These models are then merged into a coordination model, often
using a Common Data Environment (CDE). before and during this process, it is
crucial to set exchange requirements and to specify the information needed to be
included and exchanged according to the ISO 19650 standard. However, it is often
the case that there are no exchange requirements or other agreements made,
which means that the required information is not modeled and therefore not
available. As fire safety engineers are not normally involved in the BIM process,
this becomes even more problematic for the information they require. For this
reason, current BIM models usually lack the necessary data (spatial, topological,
geometric, graphical, and nongraphical) for evacuation route rules to check com-
pliance with building regulations. Although user input could be queried to add the
data, this study aims to propose an automated technique to enrich models with
this information, more specifically the ‘Exits’.

Fig. 1 illustrates the general proposed process of model preparation for rule
execution. As shown in the figure, module 1 accesses the object-oriented BIM
model (which is the architectural model here) to extract information and identify
structures and relationships between building objects based on regulation con-
cepts, such as exits or boundaries of a fire compartment, and retrieves the proper-
ties, such as geometry data or fire rating, to prepare a dataset for rule execution.
If the required data are not found in the model, the data can be provided by engi-
neers or prompting a query for user input. Although these remain the preferred
approaches, alternatives such as deriving data from available data, as formalized
by [2], or automated SE techniques (module 2) can be used to add them to the
model. As asking for user input means extra cost and effort, the current study
chooses the second option (module 2), in this case, ML techniques, to find the
missing information in an automated manner. After preparing the data set for the
execution of the rules, the Transformer module (module 3) is responsible for
developing the enriched BIM model by reconnecting to the BIM model and add-
ing new classification attributes to the original BIM model.

The Autodesk Revit tool was chosen for this study because it is one of the most
widely used tools among designers and architects. The information associated with
each building element is retrieved via the Revit API. This is done in module 1 (see
Fig.1). Using the capabilities of the Revit API, a plug-in is developed in the C#
language in the .Net Framework (version 4.7.2). C# is an object-oriented pro-
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Figure 1. General overview of the data enrichment process.

gramming language created by Microsoft that operates on the .Net Framework.
The .Net Framework is a comprehensive development platform for building and
executing applications on Windows. Being a strong typed language, C# is a logi-
cal choice for developers, particularly when creating plugins for Revit.

For the rules in Table 1, the apartments and exits need to be defined. While exit
information is usually missing, apartment units can be identified using the ‘Area’
drop-down menu (Area Plan) on the ‘Architecture’ tab, ‘Room & Area’. Fig. 2
shows some examples of emergency staircases and exits in a floor plan of existing
high-rise buildings in Belgium. The pattern in most high-rise buildings is quite
similar (exits are the two doors (depicted with dotted purple lines in Fig. 2) con-
necting an air-lock space to the stairwell), so machines could be trained to pro-
duce human-like recognition and responses.

A supervised ML approach is employed, necessitating the use of training and
validation samples. Five distinct features are defined for each door within the
dataset. These features include the width of the door, the Euclidean distance to
the adjacent door, the Euclidean distance to the nearest staircase, the travel dis-
tance to the adjacent door, and the travel distance to the nearest staircase. The
training and validating data is extracted from [35], which includes data from five
high-rise buildings containing total of 2521 doors. The following section provides
an overview of the dataset preparation process and details the selection, configura-
tion, and evaluation of the chosen machine learning models. Given the selection
of Revit as the BIM tool utilized in this study, the following section provides a
comprehensive explanation of the data preparation using the Revit API. However,
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Table 1

Selected Belgian Fire Safety Code Clauses for Evacuation Route

Analysis

Clause exact text

Simplified text

Annex 4/ 4.4.4.1: No point of a
compartment shall be at a dis-
tance greater than: For rooms
or groups of rooms used at
night time:

_ 30 m from access to the near-
est stairs or exit.

_ 60 m from access to the second
staircase or the second exit.

No point of the fire compart-
ment in a residential building
shall be further than:

_ 30 m between the furthest
point of the furthest apartment
to the nearest staircase or the
nearest exit.

_ 60 m between the furthest
point of the furthest apartment
to the second staircase or the
second exit.

Element Parameter
- Area -Door - Level -
(exit or None) -  Geometrical
Stair - Wall - data
Room

COULOIR

Figure 2.
Belgium.

Examples of exits and stairs in high-rise building plans in
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the features described in Section 2.2 can be extracted from any other object-ori-
ented BIM tool capable of providing geometric information or IFC files.

2.1. Eastman Four Step Process

The main components of the rule checking process were introduced by Eastman
[2] in four general phases, shown in Fig. 3. It begins by focusing on the content of
the building code and how to convert this into formats that are understandable
for the computer, i.c., ‘Translation of the Rules to a Machine-Readable Lan-
guage’. The next step is to investigate whether the model can provide the required
information, and if not, what techniques need to be implemented to add data to
or retrieve data from the building model data, i.e., ‘Preparation of the Building
Model Data’. The third step is rule execution, where the rules are applied using
the prepared building model data, i.e., ‘Execution of Rules’. The last phase is
reporting the outcome of the design check, i.e. ‘Reporting of the Checking
Results’.

Step 1: Translation of the Rules into a Machine-Readable Language The Belgian
Fire Safety Code for high rise buildings has been thoroughly analyzed in terms of
evacuation route requirements and the relevant codifiable clauses investigated in
this study and are parameterized to identify the important elements from the BIM
model and the required corresponding properties. Building code parametrization,
also known as code-BIM matching [36], is a challenging task with existing semi-
automatic approaches [37] being difficult to generalize and not scalable. Previous
attempts using ML algorithms achieved about 76% accuracy , [36], but failed to
extract the necessary element properties. To achieve near-perfect matching, man-
ual parameterization is utilized in the current study.

Table 1 summarizes the selected rules for automation in this study. The table re-
flects the numbering and wording of the regulations, with a simplified text specifi-
cally tailored for residential buildings, together with the corresponding required
building elements and properties obtained by manual parameterization.

Solihin and Eastman [38] addressed the complexities inherent in rules by classi-
fying rules into four main categories based on the complexity of the data process-
ing required to evaluate them. (1) Rules that require a single or small number of
explicit data (which involves direct comparisons or validations checking explicit
attributes or entity references within the BIM dataset), (2) Rules that require sim-
ple derived attribute values, (which involves some basic processing to derive new
values from exiting data), (3) Rules that require extended data structure (which
refer to rules that require complex geometric or spatial analysis, requiring the con-
struction of additional relationships or networks to accurately evaluate compli-
ance.) and (4) Rules that require a ‘proof of solution’ (which are the most
complex category, require a performance-based analysis, often involving simula-
tions or advanced calculations to demonstrate that the design meets the specified
criteria.) According to this classification, the rules coded in the current study, see
Table 1, can be categorised into class 2. The required data are not explicit in the
BIM models but can be derived through additional coding; i.e., identifying the
compartment’s furthest points and calculating travel distances towards the ‘Exits’.
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Steps to develop an automated code

compliance checker (Eastman, 2009)

Preparation of the Building Model Data

£

Translation of the Rules to a Machine-Readable Language

108

Execution of the Rules

108

Reporting of the checking results

Figure 3. Eastman’s four steps for developing an automated code
compliance checker [2].

Given the geometric layout of most buildings, it is logical to consider corner
points as the possible candidates for furthest points within a compartment, as cor-
ners are the points where walls intersect, creating the geometry boundaries. Calcu-
lating the travel distances from these points to the exits, though complex, is
feasible using tools available within the BIM software, such as Revit. Addition-
ally, it is necessary to identify which doors function as ‘Exits’. Although accessing
this information might seem straightforward through user input, this study, aim-
ing to automate as much as possible and reduce user work, proposes a novel solu-
tion to automatically add this data to the BIM model.

Step 2: Preparation of the Building Model Data

In this step, which forms the core of the present work, the building model is
prepared for the execution of the rules. Regardless of the classification of the rule
- whether it belongs to Class 1, Class 2, Class 3 or Class 4- all necessary informa-
tion must be available and accessible during the execution of the rule check in
order to ensure an accurate evaluation. While corner points and travel distances,
including their lengths, can be derived from the BIM model dataset through cod-
ing, automating the extraction of ‘Exits’ information solely through coding, with-
out the need for user input, remains particularly challenging, if not impossible.
This study proposes to use a machine learning application to enrich the BIM
model with this missing data.

Step 3: Execution of Rules

The third step in the development of ACCs is the implementation of rules. The
rules are converted into If-then-Else logic and coded using the C# programming
language. The pseudo-code for the rules in Table 1 are shown in Sec-
tion Appendix A. To find the non-complaint parts of the building, a C# code was
developed to use data from Revit model to first find all possible corners of apart-



Fire Technology 2024

ments in the model, and then check travel distances from all of these points
towards exits to find the ones exceeding the requirements.

Step 4: Rule Reporting

This part is not a focus point in our research and article. In our case, we use a
simple highlighting mechanism that shows in the model which elements are non-
compliant. Reporting is also implemented in the form of an exported CSV file.

2.2. Preparation of Dataset for ML

Due to the absence of pre-existing datasets meeting the criteria required for the
research objectives outlined, a dataset as introduced in [35], was used which com-
prises 2521 door samples collected from five high-rise residential building models.
To safeguard against potential data leakage during model evaluation, a delin-
eation was established: three of these buildings-comprising 27, 11, and 11 floors-
were designated exclusively for training. Notably, while high-rise designs typically
involve repetitive floor layouts, meticulous alterations were integrated into these
configurations. Modifications included the strategic repositioning of doors, stairs,
certain walls, etc.,, which maintained the architectural integrity of the original
designs, but also ensured a dataset devoid of redundancy. For the purpose of
model validation, a separate subset of 134 samples was aggregated from two indi-
vidual floors across the remaining two buildings.

In high-rise buildings, exits are often situated near each other and close to the
emergency staircase. In addition, these exit doors tend to be wider, not always,
than other doors. Based on these observations, an initiative was undertaken to
define new features from the least data available in BIM models (i.e., gecometrical
data from doors and stairs) for the development of a robust dataset for machine
learning. These features are: ‘Euclidean distance to the nearest door’ (Feature 1),
‘Euclidean distance to the nearest staircase’ (Feature 2), ‘travel distance to the
nearest door’ (Feature 3), ‘travel distance to the nearest staircase’ (Feature 4), and
the door’s ‘Width’ (Feature 5). The following describes how these features are
extracted for each door using the Revit API. Although the details of the extrac-
tion are specific to Revit, it is important to note that the core methodology and
features are not specific to any particular software. Users need to customise the
data extraction process to the entities and data structures relevant to IFC files or
other BIM tools they use.

To find these features, doors and stairs must be found on each floor of the
building using the Revit API. The first step is to filter the levels of the building
and then find the doors and stairs on each level. The building levels are first
found by filtering the ViewPlans by FloorPlan view type and then reading the
built-in ‘level’ parameter for each FloorPlan view. Doors and stairs are filtered
based on the associated built-in category and the ElementLevelFilter condition.
For the distance features, it was essential to ascertain the precise locations of both
doors and staircases within the model. It should be noted that when working with
architectural models, where architects apply their own style to the design of the
building model, one of the biggest challenges can be retrieving data from the
Revit model, i.e., it is possible that a door family has been designed so that the
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‘location point’ is in a different place than the door itself. In the case of the door
families in the current study models, the ‘location points’ were located in the mid-
dle of the door. For in-place families that do not have a single insertion point, the
‘Transform’ class was called from the ‘Geometry’ namespace and the ‘Origin’
property of the transform was used as the door point. Stairs are sometimes impor-
ted as a lumped family. As a result, they are not categorized as a staircase object
to filter with the Revit API. Many other modeling practices can lead to poor data,
such as importing geometry as plain geometric ‘generic models’. This is an impor-
tant practical issue that needs to be considered at the source, as any data export
retains poor data modeling quality. In our study, all stairs were imported or cre-
ated in such a way that they could be filtered with the built-in category ‘OST-
Stairs’. To achieve a relative consistency across staircases from different models
with different shapes and orientations, the location of each staircase is pinpointed
at the midpoint between its ‘Bounding Box” minimum and maximum extents.

To calculate the Euclidean distances, direct horizontal distances between ele-
ments were calculated. On the other hand, the travel distances were determined
using the ‘PathOfTravel’ feature of the Revit API. This feature provides the capa-
bility to designate which elements on the Path Of Travel are treated as obstacles.
In this study, aside from doors, all other categories such as furniture, ducts, walls,
and the like were considered. Design considerations often determine how a door’s
width is parameterized in architectural modeling, either as an instance or as a
type. With this in mind, our research explored both configurations. For the
purposes of this research, both parameters were investigated. The instance param-
eter was extracted directly from the door element using ‘BuiltinParameter.
DOOR_WIDTH’, while the type parameter was sourced using BuiltInParameter.
FAMILY _WIDTH_PARAM via the door’s ‘ElementType’.

To build the labeled dataset, a project parameter named “Door Type” which is
a ‘YesNo’ parameter was defined for each door element. The parameter was then
manually set for Exit doors within the Revit model. This information, along with
other features, was extracted using a plug-in developed in the C# language in the .
Net Framework (version 4.7.2).

Given that the number of ‘Exits’ in the building models is limited compared to
other door types, we are presented with an imbalanced dataset.

Before applying the ML algorithm, the training and test samples must be pre-
processed. Feature scaling is an important step in this process. Different features
with different ranges can cause large-scale features to dominate small ones, leading
to results that are biased toward the features with the higher magnitude. When
data are scaled to an approximately equal range, the computational cost is
reduced due to the fast convergence of gradient descent [39, 40]. A preliminary
evaluation showed that standardization scaling, performed on the data of each
building individually, results in better performance compared to normalization
scaling.
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2.3. Choice of ML Techniques

The current study demonstrates to what extent the use of some of the most well-
known and widely used supervised learning models, namely Bagged K-Nearest
Neighbors (KNN), Support Vector Machine (SVM) and eXtreme Gradient Boost-
ing (XGBoost) can automatically locate exits in high-rise building models, by clas-
sifying building doors as exits or non-exits. The KNN technique was chosen for
its simplicity and effectiveness in classification problems. Moreover, it seems to
favor our unbalanced data because it does not remove low-frequency events to
simplify the model [41] and it was improved by the bagging technique. Bagging as
an ensemble learning method is used to improve the stability and accuracy of ML
techniques. It generates many datasets from the original training dataset by boot-
strap sampling [42], where a base learner, i.e. KNN in our study, is developed in
parallel on each of these samples. If the results of the classifier are labels, as in
our case, plurality voting is performed at the end to predict a class. If the trained
models differ, then the variance' of the estimate improves by a factor of the num-
ber of models generated, otherwise it behaves like the base learner. Thus, it has no
negative effect, i.c., it either improves the model or does not differ from using the
base model [43].

SVM was chosen for its flexibility, robustness, strong generalization capabilities,
and ability to consistently yield globally optimal solutions while preventing over-
fitting [44]. Especially considering the non-linear nature of our dataset, SVM is
particularly well suited, as it implicitly maps the input data into a higher-dimen-
sional feature space, offering the potential for enhanced predictive accuracy [45].

In handling our tabular dataset for binary classification, we chose XGBoost.
Known for its adaptability and proven performance, XGBoost leverages the
power of decision trees via gradient boosting [46]. Although neural networks are
typically dominant in processing unstructured data such as text or images, for
structured or tabular data sets-especially on a small to medium scale-algorithms
such as XGBoost stand out as the preferred choice [47].

2.4. Hyper-Parameter Tuning

In ML, the development of a model includes more than just the selection of an
appropriate algorithm. The true potential of an algorithm is unveiled through a
meticulous process known as hyperparameter tuning. Hyperparameters, distinct
from the model parameters learned during training, are predefined settings that
govern the training process itself. They dictate crucial aspects such as the learning
rate, the depth of trees in an ensemble, or the number of hidden layers in a neural
network. Determining the optimal hyperparameters is paramount, as their values
directly influence the model’s performance on unseen data.

Traditional methods of manually selecting hyperparameters often rely on intu-
ition or domain knowledge, but such approaches are time-consuming and may not
guarantee the best performance. Automated techniques, such as grid search and

' The variance is an error from sensitivity to small fluctuations in the training set. High variance may result
from an algorithm modeling the random noise in the training data (overfitting).
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random search, offer systematic ways to explore hyperparameter space. When the
data samples are divided into k folds (groups) of approximately the same size, it is
called k-fold CV. Each fold is treated as a validation dataset and the remaining
data are used as the training dataset. The model is fit to the training dataset each
time and evaluated against the validation samples. The choice of k is important to
ensure that both the training and validation samples are large enough to be statis-
tically representative of the broader dataset. A special version of k-fold is strati-
fied k-fold, where each fold contains the same proportion of each target class as
the main dataset. Therefore, the individual folds are well representative of the
main dataset. In our study, we use 10 folds, because this value has been shown to
give the best results for different techniques [48—50]. Due to the stochastic nature
of the ML technique, the repeated stratified k-fold CV was used. It performs the
CV multiple times (in our case 10 times) over all folds, as shown in Fig. 4, and
reports the average performance over all folds from all runs. The dataset used for
CV must be different from that used for model validation, otherwise there will be
data leakage where the model gets the information it is supposed to predict. This
will lead to overoptimistic, incorrect, and unreliable performance.

In the current study, we trained on three different architectural models using a
dataset of 2383 samples. This dataset included 190 ‘Exit’ doors and the rest were
labeled as ‘Normal Door’, indicating standard doors. For validation, we selected
two additional high-rise buildings and tested the model on one floor of each. The
first building had 94 doors with 4 ‘Exit’. The second building contained 44 doors
with 4 ‘Exit’. As the model trained at this stage learned from a smaller dataset
used in the CV, it must be re-trained with the entire training set before the valida-
tion test. Then the validation set is used as unseen data to check how the model
performs when deployed.

Table 2 presents the range of hyperparameters for the three machine learning
models used, along with the best estimators (optimal hyperparameters) identified
through repeated stratified k-fold CV. The models discussed throughout the rest
of the paper are constructed using these optimal hyperparameters.

2.5. Oversampling Technique

Given that our dataset was imbalanced, a condition that could lead to biased,
poor generalization or incorrect results, wide range of oversampling techniques
were investigated. The “smote-variants® Python library package, developed by
[51], which provides the Python implementations of the 85 improvements made to
SMOTE, is used to examine some of the methods proposed in the literature to
tackle imbalanced and oversampling issues in our dataset. Over 30 different over-
sampling techniques were explored. Many of these techniques, as presented in
Table 3, are modifications of SMOTE [52], which is among the most widely
applied methods to address class imbalance in datasets. However, for clarity and
brevity, only “Supervised SMOTE” is presented, as the results of alternative tech-
niques did not demonstrate significant distinctions or contribute substantially to
the overall findings.



Fire Technology 2024

Test Training LI |
LA

.......... Eﬁ]ﬂﬁlﬂﬂﬁ][ﬁ][ﬁ]ﬂ
(a1

%mﬁ%%%%%%%m
.......... mmmmwmmm ]

Figure 4. Illlustration of repeated(10-times) k-fold cross validation.

4....
v
5
I
—
e

Table 2
Hyperparameter Ranges and Best Parameters

ML Model Hyperparameter Range Best estimator

Bagged KNN #n_neighbors 3 to 19 (step 2) 5
P (1, 2] 1
weight [‘uniform’, ‘distant’] ‘distant’
max_samples [0.5, 1.0] 0.5
max_features [0.5, 1.0] 1.0
n_estimators [50, 100] 50

XGBoost learning_rate [0.01, 0.05, 0.1] 0.1
n_estimators [50, 100, 200] 100
max_depth [3, 4, 5] 5
subsample [0.8, 0.9, 1] 0.9
colsample_bytree [0.8, 0.9, 1] 0.8
gamma [0, 0.1, 0.2] 0
min_child_weight [1, 2, 3] 2

SVM C [0.1, 1, 10] 10
kernel [‘linear’, ‘rbf’, ‘poly’, ‘sigmoid’] ‘rbf”
degree [2, 3, 4] 2
gamma [‘scale’, ‘auto’] ‘scale’

Numerous studies have been conducted employing oversampling techniques
before partitioning data into two separate and mutually exclusive sets dedicated to
training and validation purposes [82-87]. A critical consideration when using over-
sampling techniques is to apply them accurately and exclusively to the training
set, as failure to do so may lead to inflated, biased, and overoptimistic results
[88, 89]. Even though some of the available Python packages, such as Scikit learn,
allow easy implementation of CV, they do not allow implementation of oversam-
pling during CV and only on the training set. Therefore, a custom Python code,
developed by [35], was used to apply oversampling only on the training set in each
round of CV. The importance of the above approach is illustrated by contrasting
it with the prevailing practice of applying oversampling to the entire dataset,which
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Table 3
Applied Oversampling Techniques in this Study

Technique Reference Technique Reference
SMOTE [53] Borderline_ SMOTE2 [54]
ADASYN [55] ProWSyn [56]
BorderLine SMOTEI] [54] RandomOverSampler [57]
NRSBoundary_ SMOTE [58] Safe_Level SMOTE [59]
Polynom_fit SMOTE [60] SMOTE_ENN [61]
OUPS [62] SMOTE_RSB [63]
SPY [64] SMOTE_TomekLinks [65]
SSO [66] SN_SMOTE [67]
SUNDO [68] SMOTE_IPF [69]
Supervised_SMOTE [70] LN_SMOTE [71]
CCR [72] SMOTE_PSOBAT [73]
Cluster_SMOTE [74] SYMPROD [75]
Distance_SMOTE [76] TRIM_SMOTE [77]
Edge_Det_SMOTE [78] VIS_RST [79]
MDO [30] MWMOTE [81]

is often adopted without the necessary depth of knowledge or understanding of
Python library packages.

2.6. Evaluation Metrics

When evaluating ML models, several metrics can be used to assess their perfor-
mance. While accuracy, defined as the ratio of correct predictions to all predic-
tions, is commonly used in balanced datasets, it may not be appropriate for
unbalanced problems like ours, where one class significantly outweighs the other.
In such cases, alternative measures such as the confusion matrix, precision, recall,
F1 score and cross-entropy loss (known as log loss) become more meaningful and
informative for evaluation purposes [90].

To better show the performance of our predictive model and its generalization,
and to prevent overfitting [91], as in the hyperparameter tuning section 2, the
repeated stratified k-fold CV was applied.

3. Resulis

In this section, we thoroughly assess the performance of our methodology. This
encompasses practical applications, the consequences of improper integration of
CV and oversampling, the efficacy of oversampling techniques, and a direct com-
parison between manual and automatic annotation of BIM models.

3.1. Hlustration of Correct and False Identification of Exits

Fig. 5 shows a correctly predicted exit on one of the floors, using the methodol-
ogy proposed in Section 2 with the Bagged KNN model applied, and illustrates
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Figure 5. Representation of the travel distances between apartment
corners and exits.
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Figure 6. Illlustration of highlighted, non-complaint distances on
plans; example of a misidentified exit.

how the distances from the corner points of the apartments to the exits are mea-
sured to check the rules. Green lines indicate that the distances are within allow-
able limits, while red lines, as in Fig. 6, mark distances that exceed the limits.
Fig. 6 also shows an incorrectly predicted exit (EX2). This could be avoided to
some extent by adding additional constrains such as the presence of two exits per
floor. However, this is not sufficient and user intervention is still required. The
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final user check remains necessary to ensure accurate labeling of exits. This pro-
cess is expedited, as the tool conveniently highlights identified exits in green,
allowing users to quickly identify them when reviewing building plans. In the
event that doors are mislabeled, users can adjust the ‘Door Type’ parameter
parameter to rectify the labeling.

The following sections explain how the ML can be effectively applied in our
case to automatically identify the exits on building models.

3.2. Emphasizing the Proper Fusion of Cross Validation and Oversampling

When using CV, it is important to correctly apply oversampling to the dataset. As
described in [89], some researchers have incorrectly implemented the joint use of
CV and oversampling: by applying oversampling to the entire dataset and then
performing CV. This flawed approach introduces the risk that the model learns
patterns from the test set due to the presence of oversampled data distributed
across both training and test sets. Consequently, the models exhibit an exagger-
ated level of optimism. In contrast, the recommended approach involves oversam-
pling within each CV iteration.

In our investigation, we conducted two tests to assess the impact: in the first
test (Method 1), we oversampled the entire dataset using the SMOTE algorithm
and performed CV, while in the second test (Method 2), we oversampled only the
training dataset within each CV round and evaluated the model on unseen data.
As pointed out by [89], our findings support the presence of overoptimism in
Method 1. This observation is substantiated by Table 4, which demonstrates a sig-
nificantly higher model performance for Method 1 compared to the validation
results. Although Method 1 achieved a perfect prediction of exits, its validation
performance was comparable to the lower-performing Method 2. This discrepancy
can be attributed to the fact that Method 1 was exposed to portions of the data
on which it was subsequently tested, resulting in inflated performance metrics. The
purpose of this particular section is not to show the improvement in classification
performance, but to shed light on a common pitfall in implementing the joint use
of CV and oversampling; accordingly, we’ve chosen to use only the basic SMOTE
algorithm in conjunction with the Bagged KNN model.

It is crucial to clarify the concept of overoptimism in our study, as it differs
from the definition presented in [89]. The aforementioned study characterizes
overoptimism when the classification performance of the training and validation
sets show similarity. This suggests that oversampling is applied to the entire data-
set before it is divided into training and validation sets. However, in our study,
overoptimism is defined as a scenario where the trained model demonstrates high
performance while the validation test yields poor results. This occurs when the
validation set is correctly separated but the oversampling is applied before CV on
the whole training set. We argue that the most appropriate implementation of
oversampling is not just before the separation of the training and validation sets,
but also during each iteration of the k-fold CV. Therefore, a portion of the data
should first be set aside for validation. Subsequently, within each iteration of k-
fold CV, oversampling should be exclusively applied to the training set. This
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Table 4

Comparative Analysis of Trained Model Performance for Method 1
(Oversampling Before Applying CV), and Method 2 (Oversampling
During CV) and Validation Results in Confusion Matrix for Both
Methods

Method 1
Precision Recall F1 score Log loss

Model Perfor- 0.97 1 0.98 0.15
mance

Validation Per- 0.72 1 0.84 0.27
formance

Method 2 Precision Recall F1 score Log Loss

Model Perfor- 0.75 0.98 0.85 0.25
mance

Validation Per- 0.71 1 0.83 0.41
formance

methodology ensures the prevention of data leakage and mitigates the potential
for overoptimistic results. An online repository provides access to a Python-based
code designed to apply oversampling exclusively to training datasets within cross-
validation processes [35].

3.3. Application of ML Techniques to Annotate ‘Exits’

Three distinct ML models were constructed for this study: Bagged KNN, SVM,
and XGBoost. The hyperparameters previously described were employed to
ensure optimal configuration of the models. The training data comprised observa-
tions from three separate high-rise buildings, providing a diverse and robust data-
set for the learning process. Post-construction, the models were subsequently
validated for their performance capabilities on two independent floors taken from
two distinct buildings. This validation step allowed an assessment of the models’
generalization capabilities and efficacy in predicting real-world scenarios. The
ensuing results offer a comprehensive view of each model’s performance metrics
and their applicability in building annotations.

Table 5 shows that the precision, recall, and F1 scores of the Bagged KNN,
SVM, and XGBoost models are notably high, predominantly ranging between
0.87-0.89, 0.88-0.90, and 0.88-0.89, respectively. The relatively high and consistent
performance of the Bagged KNN, SVM, and XGBoost models can be attributed
to several factors. First, the systematic hyperparameter optimization performed
for each model, ensured that they operated under optimal configurations tailored
to the dataset. Second, the selected feature set appears to effectively capture the
subtleties of the classification task, allowing different models to discern similar
performance.

The confusion matrices in Table 5 further emphasize this proficiency. Of the
477 doors in the test case, only 9 were misclassified by all models. In the first vali-
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Table 5
Evaluation of ML Models: Bagged KNN, SVM, and XGBoost for ‘Exits’
Annotation

Metrics Confusion matrix
Precision Recall F1 Log loss ND EX

Bagged KNN Model 0.87 0.9 0.89 0.058 ND 432 6
+0.02 +0.03 +0.02 +0.002 EX 3 36

Validation 1 0.44 1 0.61 0.149 ND 85 5

- - - - EX 0 4

Validation 2 1 1 1 0.029 ND 40 0

- - - - EX 0 4

SVM Model 0.87 0.89 0.88 0.056 ND 432 5
+0.03 +0.03 +0.02 +0.005 EX 4 35

Validation 1 0.44 1 0.61 0.080 ND 85 5

- - - _ EX 0 4

Validation 2 1 0.75 0.86 0.165 ND 40 0

- - - - EX 1 3

XGBoost Model 0.89 0.88 0.89 0.046 ND 433 4
+0.01 +0.03 +0.02 +0.002 EX 4 35

Validation 1 0.40 1 0.57 0.203 ND 84 6

- - - _ EX 0 4

Validation 2 1 1 1 0.021 ND 40 0

— — - — EX 0 4

dation set, consisting of 94 samples, every ‘Exit’ was accurately identified, but 5 or
6 other samples were misclassified as ‘Exits’. For the second validation set, all
models except for the SVM, correctly identified all doors. The SVM model made
one misclassification. Most of the log loss values are below 0.1, indicating the con-
fidence of the models in their predictions, with occasional values slightly exceeding
this threshold.

3.4. Exploring Oversampling Techniques for Data Imbalance

The problem of imbalanced data that exists in many real-world ML problems [92]
has attracted great research interest and led to remarkable advances in the field
[51]. In our study, we focused on data-level techniques and specifically used over-
sampling. We found that undersampling led to worse results, possibly due to the
loss of important data instances. Therefore, we opted for oversampling to aug-
ment the minority class and achieve a more balanced representation.

Upon examining the results of the ML models with and without oversampling,
as presented in Table 6, a few key differences emerge. For the Bagged KNN, the
application of oversampling reflects a marginally diminished precision, recall, and
F1 scores for the model, with a slight increase in Log Loss. The SVM model
shows comparable performance between the two conditions, although the over-
sampled data shows slightly lower values in precision and F1 score, and a slightly
higher Log Loss. For the XGBoost model, the oversampled data display a minute
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Table 6
Evaluation of ML Models with Oversampled Data: Bagged KNN, SVM,
and XGBoost for ‘Exits’ Annotation

Confusion
Metrics matrix
Precision Recall Fl1 Log Loss ND EX
Bagged KNN Model 0.78 0.98 0.86 0.19 427 11
+0.06 +0.02 +0.03 +0.11 1 38
Validation 1 0.44 1 0.62 0.86 85 5
- - - - 0 4
Validation 2 0.62 1 0.8 0.073 38 2
- - - - 0 4
SVM Model 0.76 0.97 0.84 0.071 426 12
+0.06 +0.03 +0.04 +0.022 1 38
Validation 1 0.44 1 0.61 0.18 85 5
- - - - 0 4
Validation 2 0.75 0.75 0.75 0.409 39 1
- - - - 1 3
XGBoost Model 0.87 0.92 0.89 0.056 432 6
+0.04 +0.03 +0.05 +0.07 3 36
Validation 1 0.44 1 0.62 0.27 85 5
- - - - 0 4
Validation 2 1 1 1 0.0006 40 0
- - - - 0 4

decrease in recall, but other metrics remain largely consistent. It is imperative to
note that these results are among the most promising outcomes across the diverse
range of oversampling techniques that we employed in our study. In fact, most of
the oversampling methods we experimented with did not provide significant
improvement. Assessing the complexity measures in these models is instrumental,
as it provides a nuanced understanding of the underlying changes introduced by
the oversampling technique, thus offering a more comprehensive and in-depth
view of the effects of data manipulation.

3.5. Automated vs. Manual Annotations: Comparison

To evaluate the practicality and efficiency of the proposed method, a comparative
analysis was performed between the manual inspection of evacuation routes and
the automated method introduced in this study. Manual evaluation involved two
primary tasks: annotating the BIM model and verifying the compliance of the
building with the evacuation route requirements specified in Table 1. The test was
carried out on two floors of a simple high-rise building design, featuring eight exit
doors, 132 normal doors, and 19 apartment units. A professional with Revit expe-
rience, familiar with all necessary steps, performed the task to ensure that no time
was wasted learning or troubleshooting the process.
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As a necessary initial step for the manual check and because neither the current
nor previous versions of Revit provide a parameter to label doors as ‘Exit’ or
‘Normal Door’, a new project parameter called ‘Door Type’ has to be added to
the BIM model. The annotation process involved sequentially opening each floor
plan view, selecting only the doors identified as exits, and filling the checkbox next
to the Door Type parameter. Once all exit doors were annotated, this phase was
complete.

To ensure compliance with evacuation route regulations, the Path of Travel tool
in Revit was employed. Available since Revit 2020, in the ‘Analysis’ tab under the
‘Route Analysis’ section, it enables users to measure travel distances between
points while avoiding specified obstacles. To check the rules listed in Table 1, the
travel distances from the apartment corners to the exits were assessed. The person
minimized the number of corners by visually identifying those that appeared to be
the most distant and likely to exceed the requirements. Each identified corner was
then used as a starting point, and a Path of Travel line was drawn towards the
exits. The default visual graphics in Revit were overridden by applying a filter rule
for the length of the travel lines, facilitating the visual identification of corners
that exceeded the requirements. For the selected building, this manual process
took approximately 31 minutes to complete for two floors. In more complex
building designs or with less experienced designers, additional corners would need
to be selected and more path-of-travel lines would need to be drawn, increasing
the time required for each step.

The same person then performed the automated design check using the tool
developed in this study. This process also consisted of two steps: automatic label-
ing of exits and automatic rule checking. The developed plugin adds a new rib-
bon, named ‘EvacRouteChecker’, as shown in Fig. 7, which contains two buttons.
The ‘Annotate Doors’ button automatically extracts data for the machine learning
model, applies the model to classify doors as either ‘Exit’ or ‘Normal Door’ and
highlights identified exits in green. User can immediately see if any doors were
labeled incorrectly and manually correct them if necessary. In this test case, the
predictions were correct, which did not require user intervention, resulting in a
labeling process that was 90% faster.

Given the high accuracy of the machine learning model, the probability of
needing manual intervention is minimal. In the event that manual correction is
necessary, it would be limited in scope and would not be applicable to every door.
Following the annotation of the doors, the ‘Check Evac Rules’ button was uti-
lized to verify compliance with the evacuation rules. The entire process, which
included both annotation and verification, was completed in 10 minutes with min-
imal user intervention, required only post-annotation. This stands in stark con-
trast to the manual process, which required constant user participation, thereby
underscoring the significant value of the tool, particularly for iterative design pro-
cesses and for large and complex buildings.

Based on this test case, the tool facilitated the evacuation route rule-check pro-
cess, making it more than three times faster. Manual control was required for less
than one minute, as accurate exit predictions required only visual inspection. Con-
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Figure 7. Screenshot of the ‘EvacRouteChecker’ plugin interface in
Revit. (Note: The ‘EvacRouteChecker’ ribbon in Revit appears after
the last default Revit ribbon. However, due to space limitations, the
figure has been manvually cropped. The dots indicate the existence of
additional ribbons between the ‘Analyse’ and ‘EvacRouteChecker’
ribbons in Revit).

sequently, the tool reduced manual work from 31 minutes to approximately one
to two minutes.

4. Discussion

This section explores aspects that were not directly addressed in our study in
order to provide additional insights into the implications of our findings. In addi-
tion, the complexity measures associated with oversampling techniques are
explored in depth and discussed to identify the reasons for the unexpected ineffi-
ciency of oversampling in our study.

4.1. Analyzing Dataset Complexity

In oversampling assessment, data complexity measures are used to evaluate the
difficulty of a classification task based on the characteristics of the dataset.
Table 7 presents a comparison of complexity measures computed for the original
dataset and the oversampled dataset generated through the application of Super-
vised-SMOTE, as implemented in the problexity Python library [93]. Interestingly,
the provided table clarifies the absence of overlap, as indicated by a volume of
overlapping region (F2) [94] equal to zero in both the original and oversampled
datasets. Although initially suggested successful class imbalance mitigation
through oversampling, evident in the entropy of class proportions (C1) [94] and
imbalance ratio (C2) [94] reducing to zero, a closer examination unveils nuanced
intricacies. The lower Maximum Fisher’s discriminant ratio (F1), [94], for the
oversampled dataset suggests a reduced capability for separating class features.
Furthermore, inefficiency in individual feature separation (F3) [94] is more pro-
nounced in the data set oversampled. Regarding neighborhood characteristics, the
oversampled dataset demonstrates higher values in measures such as the fraction
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Table 7
Comparison of Complexity Measures Between the Oversampled
Dataset (using Supervised-SMOTE) and the Original Dataset

Complexity Measure cl c2 f1 2 3 nl n2
Oversampled Dataset 0 0 0.251 0 0.594 0.008 0.355
Original Dataset 0.566 0.806 0.650 0 0.265 0.013 0.819

of borderline points (N1) [94] and the ratio of intra-class to extra-class nearest
neighbor distance (N2) [94], indicative of a more intricate neighborhood structure.

In summary, the results suggest that the oversampled dataset using Supervised
SMOTE has certain characteristics that make it more complex in terms of class
separation, neighborhood structure compared to the original dataset. The original
dataset seems to have a simpler structure in terms of linearity, neighborhood, and
class distribution.

4.2. Considerations Beyond Methodology Implementation

Revit was chosen primarily due to its widespread popularity and adoption in the
AEC industries. This ensures that the end tool is immediately useful and accessi-
ble to a large group who are already familiar with Revit’s environment. It is
essential to understand while the general methodology of the project, including the
machine learning model, its hyperparameters, and the proposed features, remain
unchanged, to apply the methodology using IFC files or other BIM tools cus-
tomization is required to the data extraction codes to align with the data structure
and formats of the chosen BIM tool.

With our limited features and data set, the result is very promising. We believe
that our methodology could be employed for fast annotation and would be well
suited for use in automated code compliance checks by retrieving data from BIM
models without requiring additional user input. Despite achieving success with five
key features, the study recognizes the need for additional discriminative features.
Future research will focus on advanced feature engineering to improve model per-
formance and address the complexity of real-world buildings more comprehen-
sively. The dataset, derived from five high-rise residential buildings, raises
questions about the generalization of the methodology. While the study acknowl-
edges potential limitations, future research endeavors to diversify datasets, encom-
passing more building types and construction standards to enhance generalization.
Acknowledging the efficacy of simpler models (Bagged KNN, SVM, XGBoost),
our exploration may extend to more complex models, such as deep learning archi-
tectures. This consideration aims to strike a balance between capturing nuanced
patterns and managing computational efficiency, offering potential avenues for
improved model performance.

While the comparison between automated and manual annotations was based
on time efficiency, future evaluations will incorporate a qualitative analysis. This
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involves engaging real users in the daily application of the tool, allowing for a
hands-on examination of its performance. In addition, surveys will be conducted
meticulously to collect insights into user experiences, ensuring a comprehensive
understanding of how well automated annotations align with industry standards.

All issues relating to non-compliance with fire safety regulations should ideally
be resolved before the construction phase begins. Otherwise, any major change to
the design model would lead to changes to other models or calculations, resulting
in a significant loss of time and increased costs. This means that architects are
important users at an early stage of the process. As a plugin for Revit, the tool
enables iterative design review for architects at earlier stages, where resolving con-
flicts and non-conformities is less costly and easier. Others can also benefit; for
example, authorities can speed up the conformity assessment of buildings. The
current study is a proof-of-concept that lacks detailed practical implementation
and integration. Future work will explore strategies to seamlessly integrate the
proposed solution into existing industry workflows and software systems, span-
ning the entire process from design to building approval, ensuring its practical
applicability.

It should be noted that there may be slightly different results when the algo-
rithm is used by other users. There are several reasons for possible minor discrep-
ancies, namely the use of different training datasets, the stochastic nature of the
applied ML technique (Bagged KNN and XGBoost), different platforms or devel-
opment environments used to run the tool [95].

The task of automatically checking evacuation routes in BIM models was cho-
sen because of its critical importance in ensuring safety and compliance with regu-
lations that are fundamental to building safety. While it could be argued that the
manual annotation of exit doors as part of this automation is not an overwhelm-
ingly complex task, its significance is particularly evident in the iterative design
process. Additionally, having this tool enables fire safety engineers, who are often
not familiar with BIM and its tools, to directly engage with original BIM models.
Typically, these engineers receive 2D plans which may not include the latest
updates or crucial design details. Using BIM tools, fire safety engineers gain
access to real-time project information, enabling seamless collaboration with
stakeholders and ensuring accurate understanding of the design details crucial for
safety compliance.

Moreover, it is important to recognize that this research serves as a proof of
concept and that the methodology is general and adaptable. The developed tech-
nique has significant potential for application to other complex BIM annotation
tasks, such as identifying compartment walls, mapping evacuation routes, or
detecting building exteriors. These applications are just a few examples of the
broad applicability and need for semantic enrichment to automate and streamline
compliance checks, reducing manual effort for designers, and ensuring the accu-
racy in complex structures such as high-rise buildings.

Although this study focuses on the Belgian case, the general ideas of using
machine learning and extracting data and features from the BIM model are flexi-
ble and adaptable. The machine learning models can be retrained with localized
data to ensure compliance with specific national or regional regulations, accom-
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modate different design standards and ensure broader applicability of the method-
ology.

The current study focused on automating the design check against the rules for
evacuation routes. In order to apply the rules, the exits must be known. However,
this information, which should be included in the building model, is usually miss-
ing in BIM models. This can be added to the model ecither by engineers or by
prompting the user for input. However, in this paper we presented a new
approach to automatically obtain this information automatically from other avail-
able data by using ML techniques, using Bagged KNN, SVM and XGBoost clas-
sifiers. The proof-of-concept was demonstrated by consistently obtaining
precision, recall, and F1 scores ranging from 0.87 to 0.90 for all models.

By adding extra semantics to the doors, whether a door is an exit or not, and
using the Path of Travel tool in Revit, verification of the given constraints on the
paths was achieved. Future work will involve feature selection as an important
component in building predictive models, and it is expected that better results will
be obtained if more features are added. Future endeavors will also explore the
extension of the application to annotate other elements within BIM models.

Additionally, the study emphasized the correct implementation of oversampling
techniques when applying CV to measure the performance of the model. Inade-
quate implementation will result in data leakage and overly optimistic results.

Our study draws attention to the limitations of commonly employed oversam-
pling techniques to address imbalanced classification problems. Our extensive eval-
uation of numerous oversampling techniques suggests that despite their
widespread use and past success, these techniques may not always deliver the
desired improvements in classifier performance. It is highlighted that class imbal-
ance alone does not solely dictate classification performance. The inner structural
intricacies of the dataset, including the presence of noisy or rare samples, border-
line points, neighbourhood of instances, overlap of feature values, etc., can signifi-
cantly influence the efficacy of oversampling techniques. These complexities
emphasize the need for exploring alternative methods to address the challenges
posed by intricate dataset characteristics in imbalanced scenarios.

This work was supported by the Flanders innovation & entreprencurship
(VLAIO) [grant number HBC.2019.2623]; and Jensen Hughes Company.
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Appendix
Pseudo Codes for Evacuation Route Rules

Pseudo code for rules in Table 1: “No point of a compartment shall be at a dis-
tance greater than 30 m from access to the nearest stairs or exit and 60 m from
access to the second staircase or the second exit.”

# Run Machine Learning code to find Emergency Ezits
KNNalgorithm.py

# Run Transformer code to label Ezxzit doors in BIM model
Transformer.sln

# Filter Apartments in Rewit tool
apartments = FilteredElementCollector (RevitDocument).Category(BuiltInCategory.
0ST_Areas)

# Filter All Doors in Revit tool
all_doors = FilteredElementCollector (RevitDocument).Category(BuiltInCategory.

0ST_Doors)
levels = apartments.Level;
exits = [];

# For each level in the building
for level in levels:
# Filter Ezits 4n Rewvwit tool
for door in all_doors:
if door.LookupParameter (‘ ‘Exit"):
exits.add(door);

# Create new view plan with floor plan type in Revit tool
new_view_plan = ViewPlan.Create(RevitDocument, ViewFamilyType(Floor Plan).Id,
level.Id)
for apartment in apartments:
# Find apartment corner points
start_points = AppendApartmentNearCornerPoints (apartment);
# Generate PathOfTravel between all Emergency Exits and all apartment
corner points
path_of_travels =
CreatePaths0OfTravelInAllRoomsAllDoorsMultiplePointsManyToMany (
UIDocument , NewViewPlan, exits, start_points)
path_length = path_of_travels.get_Parameter (BuiltInParameter.
CURVE_ELEM_LENGTH)
# Check the legislation requirement
if path_length.Min() > 30 or path_length.Max() > 60:
path_id = path_length.Id
Highlight -NonCompliances.OverrideElements (RevitDocument , path_id)
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Pseudo Code for Transformer Module

# Create and open definition file
CreateExternalSharedParamFile(‘file address’)
SetAndOpenExternalSharedParamFile (Revit Application, ‘file address’)

# Create an instance definition in definition group
My-DefinitionGroup = myDefinitionfile.Groups;

# Create an instance definition in new created definition group
myOption = ExternalDefinitionOptions(‘‘Exit", ParameterType.YesNo);

# Create a category set and insert category of door to it
myinstCategory = Category.GetCategory(Revit Document, BuiltInCategory.O0ST_Doors)

# Create an instance of Instance Binding
instanceBinding = UserInterfaceApplication.create.NewInstanceBinding(myinstCategory

)

# Get the Binding Map of current open Revit Document
bindingMap = RevitDocument.ParameterBindings;

# Bind Definition to the document
bindingMap.Insert (instanceBinding, BuiltInParameterGroup.PG-Text)
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