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ABSTRACT

BIM is an acronym for Building Information Model or Building Information Modeling

or Building Information Management. In the last 2 decades, the term Building Informa-

tion Modeling has become ubiquitous in the design and construction fields. Semantic

enrichment of Building Information Modeling (BIM) models adds implicit meaning

to models, allowing for more applications. The room classification challenge is used

in this study to build, test, and illustrate a unique technique to semantic enrichment

of BIM models—representing models as graphs and applying graph neural networks

(GNNs). In this study, an attempt was made to understand, explore and enrich the data

in the BIM model using the following objectives - i) Clash Detection in 3D BIM model

ii) Room Classification in 2D BIM model using Graph Neural Networks, (floor plan

image) where a room is converted to graph with its rooms as nodes and doors as edges

and each room is classified iii) Conversion of 2D BIM Model into a graph structure.

KEYWORDS: BIM; Clash Detection; Floor Plan; GNN.
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CHAPTER 1

INTRODUCTION

BIM stands for Building Information Model/Modeling/Management, where BIM is a

model, i.e. the container of data and information, which must be read, enriched and

modified throughout the life cycle of the work; BIM is a process, i.e. a succession of

activities to manage data and information contained within information models; BIM

is collaboration, i.e. to ensure that information models are always up-to-date and us-

able, all operators must collaborate at appropriate times in the process and according to

certain rules.

1.1 Introduction to BIM

For many years, builders have used 2D blueprints to create structures of the build-

ings. However, this becomes problematic when the scale of the buildings grows more

prominent, making upkeep a challenging task. BIM is like a digital prototype of a

building built by Mechanical, Electrical, Plumbing (MEP) engineers or Architectural,

Engineering and Constructional (AEC) professionals, helping coordinate, plan, design

and construct the building smoothly and efficiently.

BIM is a 3D model of the building structure that includes all of the components such

as pipes, walls, doors, ceilings, stairs, et cetera, as well as a lot of other information that

makes it challenging to comprehend. One needs some technical expertise and software

knowledge to understand and explore its data. In some cases, even this large amount of

data is not enough to obtain some information like ‘when is a particular wall going to be

built’. So, the initial goal of this project was to transform the BIM data into something

less complex with all information in it and semantically enrich it.

1.2 Types of BIM Files

BIM files are of various types based on dimension, file format etc.



Figure 1.1: BIM files based on dimension

Based on dimensions, BIM files can be 2D, 3D, 4D, 5D, 6D, et cetera. Construction

models were initially designed with 2D BIM with X and Y axes. These models are often

created by hand or using CAD designs. Nowadays, all construction firms are familiar

with 3D BIM, which is likely the most common BIM dimension. A coordinated model

is another term for this. The scheduling data or time element in a 4D BIM model is the

additional dimensional information apart from the 3D model. 3D BIM + schedule is 4D

BIM. 4D BIM + Estimate or Cost is the 5D BIM model. It combines cost, scheduling,

and design into a 3D result. Integrated BIM (iBIM) is another name for a 6D BIM

model. It entails incorporating other essential data to help the facility’s administration

and operation in the hopes of achieving a better commercial outcome.

Based on file formats, the top 5 highly used BIM file formats are DWG, DXF, IFC,

RVT, and NWD. In this study, we use the NWD file format, which is Autodesk’s pro-

prietary format for Navisworks files that can be opened by using Navisworks software.
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1.3 BIM File Examples

Figure 1.2: 2D BIM file

Figure 1.3: Front view of a Wellness Center building
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Figure 1.4: Back view of a Wellness Center building

Figure 1.5: Side view of a Wellness Center building

4



Figure 1.6: Side view of a Wellness Center building

1.4 Organization of thesis

The outline of the thesis is as follows. In the following three chapters, different prob-

lem statements are explained and how they have been approached. Chapter 2 intro-

duces Clash Detection, followed by its background review, experiments and conclusion.

Chapter 3 discusses the Room Classification problem and how it has been approached.

In Chapter 4, we introduce a new problem Layout to Graph and explain how it is done.

Chapter 5 discusses the applications of this study, and Chapter 6 is about the Future

Scope of this research. The thesis is concluded by the references used for this study.
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CHAPTER 2

CLASH DETECTION

2.1 Introduction

From 1 billion in 1800 to 7.9 billion in 2020, the world’s population has increased dra-

matically. According to the United Nations, the world’s population will reach 8.6 bil-

lion by mid-2030, 9.8 billion by mid-2050, and 11.2 billion by 2100. With the world’s

population growing, the global AEC industry must seek more ingenious and more effi-

cient ways to design and build not only to meet global demand but also to help develop

smarter, more resilient environments. BIM has grown from a building concept to an

industry-defining method and technology in the last two decades. BIM definitely has

become the industry standard and is making the AEC business more data-driven.

Figure 2.1: BIM adoption over the past few years in the construction field

BIM helps to detect where the clashes are, correct them and also make sure there is

a reduction of mistakes on site, et cetera.



2.1.1 Motivation

BIM is a complex field that requires successful collaboration from a variety of stake-

holders, i.e., AEC experts, to obtain the desired results. The presence of multiple stake-

holders raises the complexity level significantly, but there is also the fact that the project

has a deadline. This means that all stakeholders must work together to ensure that the

entire construction project is completed accurately and on schedule.

AEC professionals, MEP engineers, HVAC (Heating, Ventilating and Air Condi-

tioning) technicians, Environmental engineers, and other professionals create design

models independent of each other for the construction of a building. Once all the mod-

els are integrated into the BIM modeling process, clash detection comes into the pic-

ture. It is a crucial part of the BIM modeling process because there is not just one model

in BIM modeling, but multiple that are eventually combined into a composite master

model.

2.1.2 Types of Clash Detection

A ‘clash’ is the result of two elements in the design taking up the same space. In BIM,

clash detection is the technique of identifying if, where, or how two parts of the building

(e.g., plumbing, walls, et cetera) interfere with one another as early as the design space.

There are 3 types of clashes:

a) Hard clash occurs when two or more components are occupying the same space

or are interfering with each other. For instance, plumbing is routed through a wall or

ductwork cutting across a steel beam. An example for the same is shown in Fig 2.2.

b) Soft clash indicates that an object has not been given sufficient geometric toler-

ances in the design phase or if its buffer zone has been violated. These can cause safety

and maintenance issues, like when a plumbing line is close to a live wire which can

easily cause a short-circuit.

c) Workflow clash results from inconsistent or conflicting building information. It

involves clashes related to contractor scheduling, equipment and material delivery and

general workflow timeline conflicts. It is not an object clash. For example, an HVAC

maintenance schedule does not align with the scheduled delivery of spare parts.

7



Figure 2.2: Hard Clash Example

2.2 Problem Statement

With the recent advancements in technology, one can find many software tools to iden-

tify the clashes in a BIM file at an early stage. However, in a single BIM model, one

can have more than a thousand clashes.

When a clash is detected, there must be some changes done to the BIM file to obtain

a safe and righteous BIM file which can be constructed later. Of the detected clashes,

a few may require changing the entire design of the model to obtain a functioning BIM

file; a few may need some small changes to the design, and few can be ignored as

the construction engineer can solve these clashes on-site without any change in design.

So, one has to identify the clashes to resolve them before constructing the building in

real-time.

Based on this, all clashes are divided into two categories - Relevant Clashes: where

the clash has to be resolved immediately and Irrelevant Clashes: which do not harm

the building and the construction design process. When clash detection is conducted on

a BIM model, the number of clashes detected is enormous. As many studies discov-

ered, 50% or more of the clashes detected from BIM software are found to be irrelevant

clashes. Researchers are trying to filter out these irrelevant clashes from the clash de-

tection so that one need not go through all the identified clashes and resolve them as it

is a time-consuming job.

This study made an attempt to solve the problem by filtering out the irrelevant

8



clashes using Machine Learning.

2.3 Background

Reducing the number of clashes can be done in 3 ways - Clash Avoidance, Clash De-

tection Improvement and Clash Filtering.

Clash avoidance creates a collaborative environment for design teams to operate in,

but it inevitably adds to their workload. Clash detection improvement aims to improve

the BIM software’s clash detection algorithms to improve the detection accuracy and

there by reducing the number of irrelevant clashes. However, despite the researches

and ongoing improvements, they cannot successfully decrease the number of irrelevant

clashes, which are mainly induced by human error.

Clash filtering is popularly done using rule-based knowledge systems. The main

idea behind it is to label the clashes, so one can only look into the critical/relevant

clashes that need an expert’s knowledge to resolve them.

Rule acquisition needs domain knowledge. However, acquiring domain knowledge,

which is dispersed and fragmented, necessitates the participation of numerous special-

ists from other domains. Even with the expertise of specialists, extracting all the rules

from data takes time. Also, as this would be done by the involvement of many humans,

there might be some conflicts in the rules and all the rules required may not be included.

2.4 Experiment

The Autodesk Navisworks clash detection tool is a construction project evaluation and

simulation software that provides a solution by precisely detecting model incompati-

bilities during the project design stage. Scanning the geometry and time data of the

models given by different stakeholders provides clash detection reports for contractors

and architects.

9



2.4.1 Dataset

A BIM source found online was used as the dataset. It contains one floor and a base-

ment. A glimpse of the model is shown below:

Figure 2.3: Building exterior

(a) Stairs (b) Room

Figure 2.4: Building interiors

The software, Autodesk Navisworks Manage 2017 is used to generate a clash report

for this BIM model as shown below:

10



Figure 2.5: Part of the clash detection report

This report should be converted to a trainable format to be able to train models on it.

To do that feature processing is done. The numerical features like ‘distance’, ‘floor-1’

etc are not changed but the textual feature like ‘clash point’ which is a coordinate, is

classified into 3 independent numerical features - ‘Clash Point-x’, ‘Clash Point-y’and

‘Clash Point-z’. Other features whose data types are nominal/text, such as ‘ItemType-

1’and ‘ItemType-2’are transformed to numerical features using one-hot encoding. Now,

the original 6 featured report is transformed into a 12 featured dataset and is called as

training dataset 1.

Then, 2 experts are given this data to label the clashes as - Errors, Deliberate

Clashes, Pseudo Clashes or Unknown Clashes. Five basic thumb rules are formulated

by experts using only the theory with which the clashes in the report are classified. Us-

ing these rules, clashes are labelled to introduce a new feature called ‘Rule-Tag’. These

labels are one-hot encoded adding four more features. This dataset is called training

dataset 2.

2.4.2 Training and Results

A hybrid method is studied which uses both rule-based system and machine learning to

filter out the irrelevant clashes from the clash report. The model architecture is shown

below:

11



Figure 2.6: Methodology

Training dataset 1 and 2 are given to a support vector machine with ‘linear’ kernel

to get "pure-rule based results" and "hybrid based results". To avoid bias, training and

testing processes are repeated 30 times, where different training and testing cases were

randomly selected for each test. An average F1-score of 0.785 and 0.905 was obtained

for training dataset 1 and 2 respectively.

2.5 Conclusion and Future Work

Even though this study gives better results, opting for crowdsourcing to get the clash

labels is not a reliable option. As the BIM file containing clashes cannot be used for

further research, this study is paused for now and the focus is shifted to 2D BIM file,

i.e., the floor plan images.
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CHAPTER 3

ROOM CLASSIFICATION USING GNN

This chapter discusses Graph Neural Networks’ importance and uses them to classify

each room in floor plan/layout images.

3.1 Introduction

Graphs can be found everywhere. It is a simple data structure with only two com-

ponents: nodes and edges, but it can hold and process any vast amount of data. Re-

searchers have been working on GNNs, which are neural networks that act on graph

data, for more than a decade. GNNs can do what CNNs failed to do as they are funda-

mentally rotation and translation invariant.

3.2 GraphSAGE

The GNN network we use for this study is GraphSAGE. It is a stochastic generalisation

of graph convolutions. It is an iterative approach for learning graph embeddings for

each node in a graph. In layman’s terms, the main idea of GraphSAGE is that ‘you are

known by the company you keep’, i.e., it learns a representation for every node based

on some combination of its neighbouring nodes. Unlike the graph based models prior

to this, which are transductive, GraphSAGE is inductive.

Figure 3.1: Overview of GraphSAGE Algorithm



3.2.1 Notation

All GNNs follow a specific parameter representation as mentioned below:

A graph is defined as G = (V, E), where V is a set of nodes and E is the edges between

them. G is represented using an Adjacency matrix, A of dimension N*N, where N is

the number of nodes. Feature matrix, X is of dimensions N*F, where F is the number

of features of each node. For every node v:

Xv - node feature vector of v

h0
v - initial node embedding representation of v

hk
v - node embedding representation of v at k-th iteration

zv - final node embedding representation of v after a round of GraphSAGE

3.2.2 Algorithm

Embedding for a node is represented by some combination of its neighbouring nodes.

For one round of GraphSAGE, a new representation is obtained for all the nodes in

a graph. GraphSAGE algorithm has two steps performed iteratively - Aggregate and

Update. During initialisation, the embedding vectors for the nodes are their feature

vectors, i.e., hk
v − 1 = h0

v = = Xv.

i) Aggregate: For a node v, all the embeddings of the nodes u in its neighbourhood

are aggregated using some function, represented as faggregate.

av = faggregate({hu|u ∈ N(v)}) (3.1)

where for av is the aggregated node representation for node v.

ii) Update; For a node v, its embedding is updated by some combination of the

aggregated node representation and its previous representation on some function fupdate.

hk
v = factivation(W

k ∗ fupdate(av, hk
v − 1)) (3.2)

where for W k is the weight matrix, factivation is the activation function.

14



Figure 3.2: Representation of Aggregator and Update functions for the node A

Training: Graph based loss function:

JG(zu) = −log(factivation(z
T
u zv))−Q ∗ EvñPn(v)log(factivation(−zTu zvn)) (3.3)

where, v is a node that co-occurs near node u on a fixed-length random walk, σ is the

sigmoid function, Pn is a negative sampling distribution, and Q defines the number of

negative samples. This loss function is minimised using Stochastic Gradient Descent.

3.3 Motivation and Problem Statement

Home remodelling firms typically create 3D models from 2D floor plans, and then the

computer simulates the decorating of various rooms automatically; thus, determining

the precise type of room becomes a vital task for automatic decoration. Although the

text in floor plans can be recognised and text recognition technology is well established,

the problem is determining the kind of space when the floor plan lacks a textual descrip-

tion of the room.

This study made an attempt to classify the rooms in a floor plan using GNNs.

15



3.4 Experiments

3.4.1 Dataset

224 different apartment layouts of 3 different countries - US, UK, and China, are taken

and are manually converted into a graph with nodes as rooms and edges as the connec-

tions - door, wall and virtual wall, where a virtual wall is when there is no actual wall

separating two different room spaces. A sample dataset is shown below:

Figure 3.3: Apartment layout image and its graph representation

Figure 3.4: Nodes and edges of the graph of the above layout

These graphs are stored in a NumPy array using the Deep Graph Library (DGL),

a python package built for easy implementation of GNNs. All the rooms are classi-

fied into nine categories, namely - 0:Kitchen, 1:Dining, 2:Living, 3:Bedroom, 4:Master

Bedroom, 5:Toilet, 6:Closet, 7:Balcony, and 8:Laundry.

The node features for each node of the graph are - has a door connection or not, has

a wall connection or not, has a virtual wall connection or not, #door connections, #wall

connections, is an open space or not, #simple paths for wall connections*0.01, #simple

paths for access connections*0.01. The edge features are - is a door connection, is a

16



wall connection, is a virtual wall connection, has a metal/glass door, has a wooden door.

3.4.2 Model

GraphSAGE model is built only for graphs with node features, but our dataset has

both node and edge features. So, the GraphSAGE algorithm is slightly modified to

incorporate edge features along with node features. This is called as SAGE-E algorithm.

Only the aggregator needs to be modified to use the edge features in the model.

Aggregator function (eqn 3.1) is now:

av = faggregate({concat(hu, euv)|u ∈ N(v)}) (3.4)

where, euv is the edge feature for the nodes between u and v.

Figure 3.5: Schematic diagram of the SAGE-E algorithm

3.4.3 Training

Data is split in the ratio of 80:20. Four SAGE-E layers are used in the model. Adam

optimizer and cross-entropy were adopted for training. Hyperparameters - batch size is

1, the learning rate is set to 0.005, and the training epochs to 200.

For a full comparison, GraphSAGE with four layers is also trained.

17



3.4.4 Results

To test the SAGE-E performance, it is trained with 3, 4 and 5 layers of SAGE-E. Table

below shows the accuracy and F1-score obtained for the same:

Model Accuracy F1-score

GraphSAGE with 4 layers 70.84% 0.71

SAGE-E with 5 layers 78.55% 0.77

SAGE-E with 4 layers 79.24% 0.79

SAGE-E with 3 layers 74.22% 0.67

Table 3.1: Accuracy and F1-score for different models

SAGE-E with 4 layers achieved the highest accuracy of 79% and a more balanced

prediction with an F1-score of 0.79.

3.4.5 Testing

The trained model is tested on unseen data. It is converted to graph and is given as an

input to the model. Results obtained are shown below:

Floor plan:

(a) input floor plan (b) output; acc-accuracy;

one_pre-label predictions;

one_gt-label ground truth

Figure 3.6: Floor plan and Output room label predictions and ground truth
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3.5 Conclusion and Future Work

The conversion from layout to graph for the dataset creation was done manually for all

the 224 graphs. To expand the current work, we need to have access to large amount of

data and manually creating such data is impractical. So, creating a graph database from

the layout/floor plans would be an interesting problem.
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CHAPTER 4

FLOOR PLAN TO GRAPH

In this chapter, we study the problem of converting a floor plan image into a graph.

4.1 Problem Statement and Motivation

A floor plan is a visual representation of a building’s interior from above. Walls, win-

dows, doors, and stairs, as well as fixed installations like bathroom fixtures, kitchen

cabinetry and appliances, are often depicted on floor plans. Floor plans are often scaled

drawings that show room kinds, sizes et cetera. To use such a data as an input to GNN,

one has to convert it into a graph data.

This study made an attempt to convert a floor plan image to a graph data structure.

4.2 Dataset

LIFULL HOME’s dataset is used for this study. The National Institute of Informatics

provides it to researchers, which was created by LIFULL Co., Ltd. to promote study in

informatics and related subjects. The data in the dataset comes from LIFULL HOME’S,

a Japanese Real Estate Information Service.

This data is not publicly available but the vectorized versions of the floor plans in

this dataset are available for public use. This data is stored in a form of numpy array. It

contains 143184 floor plans, where each floor plan contains more than one room. The

data is organized in a list format, where each element represents one floor plan.

A sample from the data is shown below:



Figure 4.1: Vectorized floor plan sample data

As shown above, there are many lists in a vectorized floor plan array. For each floor

plan in the dataset we have the following elements (in order):

1) List of room types: mapping between room types and their corresponding class.

ROOM-CLASS = {"living": 1, "kitchen": 2, "bedroom": 3, "bathroom": 4, "missing":

5, "closet": 6, "balcony": 7, "corridor": 8, "dining": 9, "laundry": 10}

2) List of room bounding boxes: each bounding box is represented by [x0, y0, x1,

y1], where (x0, y0) and (x1, y1) are top-left and bottom-right coordinates, respectively.

3) List of floor plan edges: edges in the floor plan are represented by [x0, y0, x1,

y1, *, *], where (x0, y0) and (x1, y1) are the edges endpoints and elements * are not

being used.

4) Edge to room mapping: for each edge, we assign up to 2 rooms sharing that edge.

5) Doors to edges list: an element "i" in this list means that the i-th edge contains a

door.

6) Vector to RGB mapping: this field contains the name of the original RGB image

from the LIFULL HOME dataset.

4.3 Proposed Method

PyTorch-Geometric library is used to build graphs for each floor plan. In each floor

plan, the labels are used to form as nodes for the graph. Bounding box data is used to

obtain the edges for the graph.

For each floor plan, the bounding boxes data from the dataset is used to obtain the

length, breadth and area of the room. It is also used to find out if a room is a parent
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room or a child room. This is for nested rooms, where one room is present in an other

room - closet in a bedroom, dining inside a kitchen etc. For these rooms, If a room’s

crossing with another room covers more than 70% of its surface area, we consider that

room to be a child room and the other room to be a parent room. Number of doors

connecting to a room can be found using the edge to room mapping and the doors to

edges data for each floor plan.

This information is used as features for each node - Area of the room, Length of the

room, Width of the room, Number of doors in the room, Whether a room is a parent

room and Whether a room is a child room.

4.4 Results

After obtaining the nodes and node features for each floor plan in the dataset, the graphs

are visualised using the matplotlib library. Some graphs for floor plans are shown be-

low:

(a) input (b) output

Figure 4.2: Floor plan #1 and its output graphical representation
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(a) input (b) output

Figure 4.3: Floor plan #2 and its output graphical representation

(a) input (b) output

Figure 4.4: Floor plan #3 and its output graphical representation
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(a) input (b) output

Figure 4.5: Floor plan #4 and its output graphical representation

4.5 Extension

This graph dataset is used as an input dataset to perform room classification task. Dif-

ferent models are used to perform the task like - Multi Layer Perceptron (MLP), Graph

Convolution Network (GCN), Graph Attention Network (GAT), GraphSAGE, Topol-

ogy Adaptive Graph Convolutional Network (TAGCN). All these models are present in

the PyTorch and the PyTorch-Geometric libraries.

General Model Architecture:

Figure 4.6: General Model Architecture

For training - 100 epochs, cross-entropy loss function, Adam optimizer, a batch size
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of 128, 0.004 learning rate are used. Test accuracy results are shown in the below table:

Model Train Test

MLP 0.6585 0.6574

GCN 0.5469 0.5485

GAT 0.5269 0.5250

GraphSAGE 0.8068 0.8026

TAGCN 0.8140 0.8107

Table 4.1: Train and test accuracies for different models

We observe that, TAGCN and GraphSAGE gives much better results compared to

MLP and other GNN models.
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CHAPTER 5

APPLICATIONS AND FUTURE WORK

APPLICATIONS

The generated labelled graph can be used as an input to any GNN network. This

labelled graph can also be identified as a semantically enriched BIM model. Semantic

enrichment of BIM is essential to achieve seamless interoperability in BIM models.

FUTURE WORK

We can add more node features to the layout graph like, presence of doors in a room,

what kind of walls are in the room et cetera. Introduce edge features to the layout graph

like, what kind of connection is the edge - door, wall et cetera. Generating a model

which converts the floor plan images to the numpy array data format is interesting. We

can use this semantically enriched BIM model to use for different applications like cost

estimation of a building.
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