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Abstract

Background and Objectives: Recent advances in Artificial Intelligence (Al) and
Building Information Modelling (BIM) have enabled closer integration between
data-driven automation and architectural design processes. Nevertheless,
current Al-based BIM modelling approaches—particularly in the plan recognition
stage—remain heavily reliant on large labelled datasets, making data preparation
time-consuming and labour-intensive. This dependency limits rapid iteration in
early-stage architectural design, where speed and responsiveness are essential.
To address these challenges, this study proposes an integrated automation
framework that leverages hybrid computational methods to accelerate the
translation of sketch-based floor plans into structured BIM models.

Materials and Methods: The proposed workflow comprises three main components.
First, 2D raster floor plans are converted into vector data using a hybrid approach
that combines deep learning-based opening detection (YOLOv11) with rule-
based wall extraction. Second, the framework automatically recommends
initial column layouts optimised according to spatial and functional design
criteria. Third, it programmatically generates Industry Foundation Classes (IFC)-
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Research Questions:

1. How can  hybrid
computational methods
integrate deep learning and
rule-based techniques to
efficiently convert sketch-
based floor plans into
structured BIM models?

2.In what ways can reliance
on large labelled datasets be
minimised during the plan
recognition stage of Al-based
BIM modelling?

3.How  effectively  can
the proposed framework
automatically recommend
and optimise initial structural
column layouts according to
spatial and functional design
criteria?

4.What is the accuracy and
efficiency of the integrated
framework in object
detection, wall recognition,
and IFC-compatible 3D
model generation?

5.How can this integrated
automation framework
reduce manual effort and
accelerate the early-stage
architectural design process
by bridging manual plan
interpretation and  BIM
workflows?
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compliant 3D models. Geometric information extracted from
sketch plans produces an IFC file encompassing walls, floors,
doors, windows, and preliminary structural column layouts,
closely reflecting the original design intent.

Results and Conclusion: Experimental evaluation demonstrates
robust performance across all stages. The object detection
model achieved a mAP50:95 of 81%, with an inference time
of 0.0041 seconds per image. Wall recognition reached 100%
accuracy, while the column layout algorithm attained 95.83%
alignment with executed plans. IFC generation was completed
in under one minute, ensuring efficiency and practicality. These
results underscore the framework’s capacity to substantially
reduce manual effort, minimise reliance on large labelled
datasets, and expedite the transition from conceptual sketches
to BIM. By integrating hybrid computational techniques, the
proposed approach offers a reliable, automated, and scalable
solution for early-stage architectural design, bridging the gap
between manual plan interpretation and BIM workflows,
and providing a foundation for future research in intelligent
architectural modelling.

1. Introduction
In recent decades, the architecture, engineering, and con-
struction (AEC) industry has increasingly adopted digital
technologies for generating three-dimensional (3D) mod-
els, ranging from NURBS-based modelling to computer-
aided design (CAD) systems, and, more recently, Building
Information Modelling (BIM). Among these, object-orient-
ed BIM platforms have become particularly influential, of-
fering the ability to exchange detailed information among
stakeholders, preserve data consistency across the project
lifecycle, and minimise errors caused by rework or interdis-
ciplinary clashes. This shift is reflected in the global market,
where BIM was valued at approximately USD 8.1 billion in
2022 and is projected to reach USD 14.6 billion by 2028,
representing a compound annual growth rate (CAGR) of
11.3%.1

Architectural design is an iterative, multi-phase process
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in which early-stage decisions critically affect
downstream performance, cost, and construc-
tability outcomes?. Inadequate consideration
during these stages often leads to design inef-
ficiencies and increased project costs. BIM
provides an integrated framework to support
informed decision-making by enabling multidis-
ciplinary collaboration and interoperable data
exchange, thus minimising redundant model-
ling efforts. Integrating real-time structural
layout recommendation systems within BIM
environments can further enhance early design
workflows by allowing architects to evaluate
alternative configurations based on structural
performance and constructability criteria, fos-
tering more holistic and data-driven design out-
comes.?

Despite these advantages, BIM adoption in
the early design stages remains limited,primarily
due to the high costs and time required to cre-
ate detailed models, the need for specialised
expertise, and the adjustments required in
conventional workflows. Recent research has
attempted to address these barriers through
automation, particularly by leveraging artifi-
cial intelligence (Al) and intelligent application
programming interfaces (APls) to generate ini-
tial building components with minimal manual
intervention. A central focus of these efforts is
the automated creation of Industry Foundation
Classes (IFC) models — anopen, platform-inde-
pendent standard that ensures bothgeometric
and semantic data exchange across BIM plat-
forms. Automation not only reduces human
error and accelerates updates but also ensures
that models remain consistent and synchro-
nised across stakeholders. Prior studieshighlight
that IFC automation improves data-to-model
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conversion, increasesproductivity, and en-
hances model quality. In theearly design stages,
timely 3D models enable spatial analysis, clash
detection, and performance simulations. How-
ever, manual conversion from two-dimensional
(2D) drawings toBIM remains aslow and error-
prone process, underscoring the need for auto-
mation to support rapid iterations, greater ac-
curacy, and efficiency in both new construction
and renovation projects.Previous studies have
explored this challenge from multiple perspec-
tives. Some have focused on automating the
transformation of CAD files into 3D BIM mod-
els*, using rule-based geometric algorithms
that apply predefined geometric rules. Others
have concentrated on raster- to- BIM pipeline,
which combine deep learning, rule-based, or
hybrid methods.> Liang et al.presented a fully
automated BIM dataset generation framework
that integrates a modified ResNet-34 and U-
Net to produce paired synthetic 2D floor plans
and 3D BIMs, introducing the novel ResBIM da-
taset for standardised 2D-to-BIM evaluation.®
Additionally,some recent advances increasingly
leverage deep learning to enhance point cloud
segmentation and automate BIM creation.
For example, Wang et al.” utilised a hybrid ap-
proach that combines RANSAC-based multi-
plane segmentation with a lightweight convolu-
tional encoder—decoder network to automate
BIM reconstruction from drone-acquired point
clouds. In parallel, Erisen et al.® introduced a Vi-
sion Transformer—based multi-task deep learn-
ing pipeline that jointly performs single-image
depth estimation and semantic segmentation
to reconstruct BIM-compatible, semantically
enriched 3D indoor models directly from RGB
imagery, while also enabling domain adapta-
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Figure 1. Overall workflow of
the proposed framework for
converting a raster floor plan
into a 3D IFC model with a
recommended column layout.

Raster Floor Plan
(wall, door, window)

tion to recognise previously unrepresented ob-
ject classes in 3D point-cloud space.

Another key challenge during early-stages
design is thegeneration of structural layout,
particularly when architectural forms are still
evolving, and complete structural information
is not yet available. Early decisions regarding
column placement and structural grid configu-
ration significantly influence constructability,
spatial performance, and structural integrity.
Traditionally, these decisions rely heavily on
engineers’ expertise and iterative adjustments,
which can be time-consuming and inconsistent.
Automated structural layout generation has
the potential to accelerate decision-making, re-
ducehuman error, and enable rapid exploration
of alternatives.

Prior research on structural layout automa-
tion has applied optimisation algorithms® and
generative deep learning models,*® to recom-
mend structural layouts, focusing primarily on
parameters such as cost, structural member
sizing,!* code compliance,*? environmental con-
straints®® and column coordinates.* However,
in the early design stages, functional alignment
between the column grid and the architectural
layout is critical for ensuring usable and effi-

3D IFC model

v

Wall detection with
the rule-based
model

Opening detection
with YOLOv11

Y 1

Column layout IFC generator
recommendation T

v

Vector data

JSON structured
data

]
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cient spaces. Accordingly, this study prioritises
functional criteria in generating initial column
layouts,thereby providing a design solution that
supports both architectural intent and down-
stream structural analysis.

By integrating architectural modelling auto-
mation with structural layout generation,this
research establishes a unified and intelligent
workflow for conceptual building design. The
resulting IFC models are compatible with widely
used platforms, including Autodesk Revit, Gra-
phisoft ArchiCAD, Navisworks, and BlenderBIM
for modelling and coordination; Autodesk Ro-
bot Structural Analysis, Tekla Structures, and
ETABS for structural analysis; and Simergy, IES-
VE, and RIUSKA for energy simulations.'® Auto-
mating IFC model creation at the early design
stages not only accelerates multidisciplinary
evaluations but also strengthens the founda-
tion for subsequent architectural, structural,
and performance-based analyses.

In response to these challenges and opportu-
nities, this studyproposes an integrated frame-
work, as illustrated in Figure 1,which:

- Combines a hybrid deep learning, YOLO (You
Only Look Once), and rule-based approach to
interpret raster floor plan images and convert
them into vectorised data.

- Employs a brute-force search algorithm to rec-
ommend an optimised initial column arrange-
ment according to predefined performance cri-
teria, derived from the vectorised plan.

- Automatically generates a 3D IFC model from
structured JSON data generated in previous
stages, ensuring compatibility with BIM plat-
forms and analysis tools.

The deep learning and IFC automation mod-
ules were implemented in Google Colab, while
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the column layout algorithm was developed in
Grasshopper for Rhinoceros. Evaluations con-
firmedboth accuracy and practicality:the ob-
ject detection module achieved an mAP50 of
81.85% at a 0.0041 second per image (SPI) in-
ference time, the structural layout recommen-
dation reached 95.83% alignment with execut-
ed projects, and the IFC generator produced
complete models significantly faster than ex-
pert manual modelling. The resulting IFC mod-
elsincluded both geometric and semantic data
for walls, doors, windows, columns, and slabs,
ensuring usability for further development in
BIM platforms such as Autodesk Revit.

2, Literature Review

This section reviews prior research relevant to
automated BIM workflows, focusing on three
core components of the present study: (1) au-
tomated extraction of architectural elements
from 2D raster floor plans, (2) structural layout
recommendation in the early design stages,
and (3) automated generation of IFC-compliant
models. The review synthesises journal articles,
conference proceedings, and review studies,
selected through targeted search strategies
designed to match the capabilities of different
academic databases.

2. 1. Automated Data Extraction from 2D
Raster Floor Plans

As illustrated in Figure 2, raster images of 2D
floor plans are the most frequently used input
for automated 3D model reconstruction, repre-
senting 49% of studies by 2024 due to their wide
availability, ease of access, and strong compat-
ibility with computer vision techniques®®. In
line with this trend, the present research also

SOFFEH

adopts raster floor plans as its primary input for
automated BIM conversion.

Two principal approaches dominate the ex-
traction of architectural information from raster
images: rule-based methods and data-driven
approaches. Rule-based strategies rely on pre-
defined heuristics, geometric recognition, and
vectorisation techniques to identify and clas-
sify architectural elements (e.g., walls, doors,
and windows). Data-driven approaches, by
contrast, employ deep learning models trained
on labelled datasets to detect and classify ob-
jects. Hybrid pipelines often combine these
approaches, using rule-based post-processing
to refine the outputs of object detection net-
works.

Early developments in this field were
dominated by rule-based techniques. For
example,Gimenez et al.' identified walls as
pairs of parallel lines, assigned openings as
voids within those walls, and defined spaces as
closed loops. Similarly,Q. Lu et al.'® extracted
structural information from CAD drawings by
detecting columns via the Circle Hough Trans-
form and using Optical Character Recognition
(OCR) to classify textual annotations.

Recent advances, however, are increasingly
data-driven. Faster R-CNN has been widely
adopted, as demonstrated by Zhao et al.*® for
beam and column detection, and by Barreiro et
al.?® for door and window detection combined
with semantic wall segmentation via Feature
Pyramid Networks (FPN) with ResNet.Urbieta
et al.?! applied Mask R-CNN with OCR to detect
and extract semantic attributes from both ar-
chitectural and structural plans.

Some studies integrate multiple deep learn-
ing architectures within a single pipeline to le-
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verage the strengths of different models. For
instance,Kippers et al.?? combines U-Net and
Fast-SCNN for wall segmentation with Faster R-
CNN, CentreNet, SSD MobileNet, and RetinaNet
for door and window detection, and incorpo-
rates LSTM-based OCR for reading space la-
bels. Likewise,Jang et al.”® employs CNN models
such as DarkNet53, Deeplabv3, and PSPNet for
wall and door segmentation, applies ensemble
modelling to improve Intersection over Union
(loU) scores, and uses centreline and corner
detection to generate topological represen-
tations. Inthe study by Liu et al.,?* raster floor
plans were converted into CAD-compatible vec-
tor models by combining a ResNet-152 convo-
lutional network with integer programming to
enforce geometric and semantic constraints. In
Z. Lu et al.,? a shared neural network detected
both graphical elements and textual labels in
rural residential floor plans, followed by Mixed-
Integer Quadratic Programming (MIQP)-based

doi.org/10.1016/j.
autcon.2022.104661;

Chong Zhang et al.,'End-
to-End Generation of
Structural Topology for
Complex Architectural
Layouts with Graph Neural
Networks, Computer-Aided Civil
and Infrastructure Engineering
39 (2022): 756-75, https://doi.
org/10.1111/mice.13098%3
Furlappend=%3Futm_
source=researchgate.

n=21; 44%
n=27; 56%

Figure 2. Proportion of different CAD drawings Raster Images
input data sources employed in
previous studies on automated

3D model generation (Feist et

al,, 2024).
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segmentation of rooms and extraction of topo-
logical connectivity graphs.Finally, Zhao et al.?®
uses a YOLO-based framework to detect struc-
tural components from 2D plans using a model
pre-trained on ImageNet and fine-tuned with
360 annotated images, demonstrating robust
detection of structural components with post-
processing via Non-Maximum Suppression for
refinement.

Hybrid approaches have also been proposed
to combine the interpretability of rule-based
logic with the adaptability of data-driven de-
tection. For instance,Leon-Garza et al.?” applied
fuzzy logic to classify pixels as wall or back-
ground using contextual information, refined by
experts refining the rules.Doukari and Green-
wood? employed a knowledge-base-driven ap-
proach, applying image processing techniques
to aerial building imagery to infer semantic at-
tributes such as building type and material
usage. The 3DPlanNetEnsemble framework by

n=1; 2% n=1; 2%
n=1; 2% n=1, 2%
n=1; 2%
n=3; 7%
n=16; 34%
n=23; 49%
CAD Raster Images
Raster + Photos CAD + Scans
CAD + Photos m CAD + Architectural Tables
CAD + Member Lists u CAD + Raster
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Park and Kim?* merged logistic regression for
wall detection and TensorFlow-based object de-
tection for openings and spaces with geometric
rules, including alignment checks, duplicate line
removal, and merging of disconnected areas.

2. 2, Structural Layout Recommendation
In early design, structural layout generation is
increasingly addressed through computational
strategies that balance constructability, cost,
and performance. Recent studies addressing
structural layout recommendation in the early
design stages adopt a spectrum of computa-
tional strategies, each leveraging distinct in-
put types and optimisation objectives. These
methods can be categorised as evolutionary
algorithms, generative deep learning modules,
hybrid combinations of machine learning and
optimisation, and deterministic methods, with
some frameworks bridging more than one cat-
egory.

Evolutionary algorithms remain a well-estab-
lished choice for multi-objective structural opti-
misation, particularly when balancing economic
and performance considerations.Sherif et al.?°
integrate Revit, Dynamo, and Python with a ge-
netic algorithm to minimise combined concrete
and steel costs in reinforced concrete buildings,
using architectural plans, spatial constraints,
material properties, loading conditions, and di-
mensional limits as inputs. Similarly, Kanyilmaz
et al.3' employ the Non-dominated Sorting
Genetic Algorithm(NSGA-Il) to simultaneously
optimise construction cost, embodied carbon,
and usable free space, driven by basic project
parameters such as site dimensions, number of
floors, soil conditions, material characteristics,
and gravity loads.

SOFFEH

Generative deep learning methods extend
the capability of structural design automation
by learning spatial and topological patterns di-
rectly from data.The ApproxiFramer model by
Ampanavos et al.3¥s ApproxiFramer applies a
CNN—ResNet—LSTM architecture to iteratively
generate column positions from low-resolution,
sketch-like plans, trained on an augmented
synthetic dataset and optimised for both posi-
tional and categorical accuracy. InZhang et al.,*
StrucTopo-GAN combines a pix2pixHD Genera-
tive Adversarial Network(GAN) for node detec-
tion with a Graph Neural Network (GNN)-based
generator—discriminator pair to predict beam
connectivity, reconstructing realistic topology
graphs from paired architectural and structural
plan datasets. Building on the same generative
paradigm, FrameGAN by Fu et al.,** uses a two-
stage pix2pixHD GAN workflow to sequentially
produce column layouts and bracing configura-
tions for steel frame—braced structures, validat-
ing results through expert evaluation, material
cost comparison, and structural performance
analysis.

Hybrid strategies bridge the adaptability of
machine learning with the efficiency of optimi-
sation.Shan et al.*® demonstrate this integra-
tion by combining metaheuristic searches with
LightGBM surrogate models trained on finite
element analysis results. This reduces compu-
tational cost while guiding the search toward
minimum-weight steel frame designs under
constraints on drift, stress, stability, and geom-
etry.

Deterministic optimisation approaches, while
less data-driven, offer mathematically rigorous
control over layout refinement.Meng et al.®
adopt an Optimality-Criterion-based method
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for column placement in slab—column systems,
starting from a candidate grid and iteratively
removing inefficient supports using finite ele-
ment—derived stress data, while maintaining
stiffness balance and ensuring smooth stress
distribution.

Taken together, these strategies illustrate a
progression from conventional optimisation
toward increasingly data-driven and hybridised
methods, reflecting a broader shift in structural
design automation toward approaches that in-
tegrate domain-specific engineering knowledge
with the adaptive learning capabilities of mod-
ern Al. However, a notable limitation across
existing studies is the lack of consideration for
functional criteria—such as spatial usability,
circulation efficiency, or architectural intent—
when optimising structural layouts in the early
design stages. In practice, the early phases of
building design demand a harmonious balance
between architectural and structural systems,
ensuring that structural efficiency is achieved
without compromising the functional and aes-
thetic qualities of the space.

2. 3. Automated Generation of IFC
Models

In the reviewed literature, automated IFC
model generation has been implemented us-
ing a variety of toolkits and platforms.Doukari
and Greenwood* employed the XBIM toolkit
to programmatically construct IFC entities from
enriched semantic data. The approaches by Ur-
bieta et al.*® andLeon-Garza et al.** utilised the
open-source IfcOpenShell library to translate
extracted geometric and semantic information
into IFC-compliant models. Furthermore, Zhao
et al.,*° a custom IFC creation platform devel-
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oped in CH# was used to generate BIM objects
from detected structural components and as-
sociated attributes. These tools collectively il-
lustrate the range of available solutions, from
specialised open-source libraries to bespoke
software environments, for converting pro-
cessed building data into standardised IFC mod-
els.

2. 4. Summary of Gaps and Research
Direction

The literature highlights promising advances
in raster-to-BIM automation, structural layout
generation, and IFC model creation, as sum-
marised in,yet, several gaps remain:

- Purely data-driven approaches often rely on
extensive, manually labelled datasets that are
costly and time-consuming to produce. The
proposed hybrid method aims to achieve com-
parable performance using a more compact
dataset, thereby alleviating the burden of large-
scale data preparation.

- Few structural layout algorithms explicitly in-
tegrate functional and spatial criteria, which
are essential in early-stages design.

- Existing IFC workflows vary in interoperability
and robustness, with limited optimisation for
early-phase architectural data.

To address these gaps, the present research
adopts a hybrid detection pipeline (YOLO + rule-
based refinement) for efficient floor plan inter-
pretation, introduces a functionality-oriented
structural layout algorithm, and employs IfcO-
penShell for streamlined IFC generation. Addi-
tionally, the influence of image resolution on
detection accuracy and computational speed
was examined by repeating the training process
on multiple input sizes.
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3. Methodology

This research develops a hybrid algorithm com-
bining deep learning and rule-based logic to
automatically convert simplified 2D floor plan

Study
1 (zZhaoetal., 2021)

(Barreiro et al.,

2 203

3 (Urbieta et al.,
2023)

4 (Kippers et al.,
2021)

5 (Jangetal., 2020)

(Gimenez et al.,

6 2016)

7 (Leon-Garza et al.,
2022)
(Doukari &

8 Greenwood,
2020)
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imagery

Geometric digital twinning
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data-driven and rule-based
approach

Accurate raster-to-CAD vector
conversion with geometric/
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Faster R-CNN detection and IFC

generation in C#

Faster R-CNN for door/window
detection, FPN for walls

Mask R-CNN
detection, IFC
IfcOpenShell

U-Net, Fast-SCNN, CentreNet,
RetinaNet for component detection

CNNs  (DarkNet53, Deeplabv3,
PSPNet), vector graph extraction,
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for component
creation  via

C++ implementation, wall through
geometric rules

Fuzzy inference system and wall/
background classification

building density analysis, IFC
completion via XBIM API
Column detection with Circle

Hough Transform, morphological
operations

Logistic  regression, TensorFlow
object detection API, geometric
rules

ResNet152, Integer Programming
for constraint enforcement

structural layout recommendation system for
early-stage design. The workflow comprises

Input Data
500 structural 2D
drawings
5,000 labeled floor

plans from CubiCasa5K

50,000 training images
over 2,500 epochs

5,000 CubiCasa floor
plans

319 floor plan images

90 scanned floor plans

Architectural floor

plan images
Aerial  images  of
building sites
Scanned 2D CAD

architectural drawings

30 training and 30
testing plans from a
dataset of 110,000
raster plans

870 manually labeled
architectural plans
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Table 1. Summary of previous studies on IFC model generation from 2D drawings.

Final Results

Precision 94%, recall 91%,
90.41%, weighted mAP 91.28%

mAP

loU 80%

mAP 96.7%

F1-scores: walls 0.90, doors 0.93,
windows 0.85

loU: doors 0.7805, walls 0.688
(ensemble: 0.7283)

Detection accuracy: walls 86%,
openings 62%; Jaccard index: walls
0.76, openings 0.53

Accuracy: fuzzy logic 97.5%, CNN
99.3%; fuzzy logic improved decision
transparency

Extraction of unit types and materials,
insertion into IFC via API

Four output text files for IFC
generation, evaluated by extraction
and matching accuracy

Wall detection accuracy
dimensional accuracy >97%

>95%,

Opening detection accuracy 67%,
recall 91.4%

Interpretahon of . T“Ta' Componeqt detect|0|_'\, room 800 real-world floor Overall accuracy 87-92%, loU 74—
architectural plans using joint segmentation, topological graph lans 3%
neural network and MIQP extraction P °
13 (Zhaoetal., 2020) thl;?g;il from 2D dcrzwaogr;ent YOLO, pre-trained on ImageNet 3f:wings S| Precision >80%, recall >90%
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SOFFEH

Integrated Framework for IFC Model Generation and Structural Layout from Architectural Sketch Plans: Mohammad Tahsildoust




13

92 |SOFFEH

Table 2. Summary of Previous
Studies on Structural Layout
Recommendation.

three main sections:

3.1. Floor Plan Interpretation: detection of
openings (doors and windows) using YOLOv11,
and wall extraction using OpenCV-based geo-
metric rules, combined through a lightweight
Graphical User Interface (GUI) that allows inter-
active sketching and editing.

3.2. Structural Layout Recommendation: gener-
ation of initial column placements in Grasshop-
per, guided by parking requirements, opening
positions, and spatial constraints.

3.3. IFC Model Generation:transformation of
processed vector data into IFC files via IfcOpen-

Shell.
The methodology and its main phases are illus-
trated in Figure 3.

3. 1. Floor Plan Interpretation

The first stage of the proposed framework fo-
cuses on extracting building components from
simplified 2D floor plan raster images through a
dual approach combining deep learning-based
object detection and rule-based geometric
processing, a hybrid strategy that reduces the
need for extensive data labelling while main-
taining accuracy in raster-to-BIM tasks.*! To fa-
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Methodology
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algorithm within the Revit—
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Python scripting

NSGA-II multi-objective
optimisation implemented in
Python
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for stepwise prediction of
columns from plan images

GAN combined with GNN for
generating structural topology
from floor plan images

Two-stage GAN with pix2pixHD
architecture for column and
bracing arrangement

Combination of machine
learning models and classical
optimisation ~ with  finite
element analysis

Optimality-Criterion algorithm

Inputs

Architectural plan,
performancelimits, material
properties, structural loads,
dimensional constraints

Plot dimensions, material
type, loads, number of
floors, soil conditions,
building function

Floor planimage, previously

generated columns, pixel
coordinates
Architectural floor plan

image

Stage 1: architectural plan;
Stage 2: column layout and
paired structural images

Geometric parameters of
I-shaped members, gravity
and seismic loads, code-
based constraints

Slab geometry, material
properties, number of

Outputs Limitations

Optl'mlsed s'tructu_ral layout, Limited to regular

section dimensions for .
rectangular plans;

columns, reinforcement and
concrete quantities, cost
estimation

Column and beam layout,
slab type, material usage,
total cost, embodied carbon

Column coordinates

Column positions and beam
connections

Column and bracing layout

Optimised structural
member design in
terms of lightness, cost-
effectiveness, and code
compliance

Optimal column locations
based on stiffness and

suitable for late design
stages

Limited to rectangular
plans with uniform spans

Predicted columns may
not align with existing
walls

Column placement
deviation from intended
axes

Suitable for late design
stages

Architectural plan and
functional considerations

for column layout optimisation columns, initial candidate preservationofarchitectural not  integrated into
grid form column placement
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cilitate user interaction and enable direct plan
input with precise placement of architectural
elements such as openings, a graphical user
interface (GUI) was developed using Konva.js.
Through this interface, users can draw their de-
sired floor plan, which is then processed within
the proposed framework. The framework auto-
matically detects and classifies building compo-
nents, generates a structurally aligned column
layout based on the recognised geometry, and
ultimately produces a 3D model in IFC format.
The interface layout and its main features are
illustrated in Figure 4.

3. 1. 1. YOLO-Based Object Detection for
Openings

Following best practices in recent floor-plan de-
tection literature, we generated a synthetic da-
taset from RPLAN-inspired layouts and applied
geometric augmentations (mirroring, rotation,

scaling, translation) to improve generalisa-
tion. Synthetic dataset strategies follow recent
large-scale floor-plan pipelines that combine
programmatic layout generation and geometric
augmentation to improve model generalisation.
The synthesised dataset comprises 9,600 anno-
tated images and was partitioned into 70/30
train /test splits for all experiments (see Appen-
dix A for dataset examples). The YOLOv11Lmod-
el, the latest version of YOLO for the detection
task released by Ultralytics, was then trained
on this dataset for 100 epochs with a learning
rate of 0.0001, a batch size of 32, and an image
size of 768 pixels, using the defaultpre-trained
weights on the COCO dataset. The YOLO model
was chosen as it generates a separate label file
for each image, unlike models such as Fast R-
CNN or Mask R-CNN that store all annotations
in a single JSON. This structure simplifies auto-
mated dataset generation in Grasshopper and

A8LAD
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of 3D Building Models

from Scanned 2D Floor
Plans,Automation in
Construction 63 (2016): 48-56,
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autcon.2015.12.008.

Figure 3.

Methodology phases.
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autcon.2020.103183.

19. Zhao et al.,'Reconstructing
BIM from 2D Structural
Drawings for Existing
Buildings!

20. Barreiro et al.,'"Automatic
Reconstruction of Semantic
3D Models from 2D Floor
Plans!

21. Martin Urbieta et al.,
‘Generating BIM Model from
Structural and Architectural
Plans Using Artificial
Intelligence, Journal of Building
Engineering 78, no. 107672
(2023).
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‘Automatic 3d Building
Model Generation Using
Deep Learning Methods
Based on CITYJSON
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(2021): 49-54, https://doi.
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supports efficient large-scale data preparation.
YOLOv11 was selected as it offers the highest
detection accuracy among previous YOLO ver-
sions, according to Ultralytics documentation.

To evaluate the influence of input resolution
on both detection performance and computa-
tional efficiency, the training process was re-
peated at two additional resolutions: 512 and
864 pixels. YOLO-family detectors have been
shown to deliver strong trade-offs between
speed and detection accuracy on architectural
floor plans, particularly when combined with
multiscale training and dataset augmentation
strategies.*?

3. 1. 2. Data Preparation and Labelling
Process

The dataset generation process was fully auto-
mated using a custom algorithm implemented
in Grasshopper,with 200 floor plans from the
RPLAN dataset serving as the primary source
for data generation. For placing doors and win-
dows in the dataset, existing walls in each plan
were first filtered based on length to identify
those long enough to host an opening. Then,
for each plan, a random selection of 1 to 4
walls longer than 3 metres was chosen to host
windows, and 1 to 4 walls longer than 1 me-
ter were selected to host doors. The bounding
rectangles of the openings were automatically
drawn in each plan, allowing the extraction of
coordinate information for the YOLO dataset,
which was saved automatically. Since a dual
approach combining deep learning and rule-
based processing was used for floor plan inter-
pretation, there was no need to label the walls
for segmentation separately. This eliminated
the requirement for a dedicated wall dataset

@
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and significantly reduced the time-consuming
labelling process.

To introduce variability and better represent
realistic architectural scenarios, a different
number of openings was assigned to each floor
plan, ensuring diversity in placement and den-
sity. Furthermore, the generated plans were
scaled at three factors (0.8, 0.9, and 1.0) and
rotated in multiple directions. These variations
enabled the YOLO model to learn to detect ob-
jects across different sizes and orientations,
enhancing its robustness and accuracy in rec-
ognising openings in diverse floor plan layouts.

3.1. 3. Rule-Based Wall Extraction

Following the detection of doors and windows
using the trained YOLO model, the next step in-
volved wall identification through a rule-based
algorithm and vectorisation in Grasshopper.
The detection process relied on distinguishing
white pixels, representing walls, from the black
background. To achieve this, the YOLO output
underwent preprocessing, in which detected
openings were removed and the corresponding
wall segments reconstructed. The image was
then converted into a binary format, ensuring
that walls were represented in white and the
background in black, thereby facilitating accu-
rate image processing.

The binarised image was imported into Grass-
hopper, where a rule-based algorithm, imple-
mented via OpenCV, extracted wall positions by
tracing white pixel boundaries against the black
background. These boundaries were then con-
verted into sets of points and subsequently into
polyline vector paths for further processing.

In parallel, the YOLO predictions for openings
were processed to restore their geometric posi-
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tions within the plan. The model’s output files,
containing object class and normalised bound-
ing box coordinates, were read into Grasshop-
per and converted into numerical lists. By de-
normalising these values relative to the image
dimensions and aligning them with a defined
plan origin, each opening was accurately drawn
as a rectangular representation in its correct
spatial location.

3. 1. 4. Extracting Relevancies

To ensure that each opening is accurately
matched with its corresponding host wall, a
two-step procedure was applied. First, due
to inevitable discrepancies between the pre-
dicted coordinates of openings (obtained from
the deep learning model) and their actual host
walls in the Grasshopper environment, a geo-
metric correction was introduced. Each wall
was enclosed in a rectangular boundary gener-
ated using the Centre Box command, with its
length equal to the wall’s length and a constant

width of 1.5 metres, a limit that was experimen-
tally tuned. Whenever the centroid of an open-
ing fell within this boundary, that wall was des-
ignated as its host. Subsequently, the centroid
of the opening was projected onto the wall’s
centreline to guarantee precise alignment.
This process was performed independently for
doors and windows. Figure 5 shows the overall
process of data extraction from the floor plan
raster image.

In the implementation stage, the name of
the host wall for each opening was extracted by
midpoint matching: the midpoint of every de-
tected opening host wall was compared against
the placement coordinates stored in the JSON
file of walls. When a correspondence within the
predefined tolerance was found, the script as-
signed the respective wall’s name to the open-
ing. This ensured that each door and window
in the output JSON was explicitly linked to its
correct host wall.
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Figure 4. Developed GUI
Environment for Plan Drawing.
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Figure 5. Data extraction process:
(a) Opening detection using

3. 1. 5. OptimisationParameters and Penalty
Functions
Although evolutionary multi-objective methods
(e.g., NSGA-II) have been widely applied to struc-
tural optimisation,® discrete axis permutations
in small-n combinatorial search may produce un-
stable convergence; hence, exhaustive screening
with strict feasibility filtering was preferred. Can-
didate structural axes were extracted from wall
positions and encoded as binary variables (0 =
inactive, 1 = active). For n axes, 2" permutations
defined potential layouts (e.g., 512 configura-
tions for nine axes). Column positions were de-
rived from intersections of active axes within the
floor boundary. To ensure that the optimised so-
lution satisfies both structural and architectural
requirements, six penalty functions are defined:
(1) Column—opening conflicts
(2) Cantilever lengths exceeding limits
(3) High variance in span lengths
(4) Spans outside permissible ranges
(5) Excessive column count
(6) Columns outside the plan boundaries
User-defined limits for span ranges and can-
tilever lengths provided adaptability across de-
sign contexts.

—
fral®

100Q)

3. 1. 6. Optimisation Filtering and
Exceptional Case Strategy
After structuring the permutations of potential
structural axes and their associated penalty val-
ues, the next step involves identifying the opti-
mal layout. Due to the discrete and non-gradual
nature of variable changes, evolutionary algo-
rithms such as the Genetic Algorithm failed to
produce stable optimal solutions. Therefore, a
brute-force search approach was adopted, eval-
uating all possible configurations while applying
a strict screening system to eliminate infeasible
options and prioritise solutions with lower
penalty scores. The screening process consists
of two main stages. In the first stage, any con-
figuration violating hard constraints—such as
exceeding the maximum allowable cantilever
length or directly intersecting with existing
openings—is removed. In the second stage, the
remaining layouts are ranked based on a hier-
archical evaluation of penalty criteria, with the
most acceptable solutions placed at the top of
the shortlist. Finally, the algorithm returns the
five best-performing column arrangements as
the final recommendation set.

Given the significant influence of parking

=

YOLO, (b) Wall extraction using
OpenCYV, (c) Vector data.
g
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requirements on structural layouts, the op-
timisation process integrates parking design
regulations. Based on Section 4 of the National
Building Regulations of Iran, Topic Four: Gen-
eral Building Requirements,** the minimum
centre-to-centre spacing between columns is
set to 5 m for two parking bays and 7.5 m for
three bays. Consequently, axis positions are ad-
justed to align with multiples of 2.5 m, ensuring
compatibility with single,double- and triple-ve-
hicle layouts. Internal walls and their associated
openings are then aligned with the nearest par-
allel structural axes, while four boundary axes
remain fixed to preserve the site limits.

In cases where no arrangement satisfied the
strict constraints, an exceptional mode was
activated, as shown in Figure 6. This mode al-
lowed the introduction of off-grid columns
and provided the user with the option to re-
solve conflicts either by relocating the opening
or by shifting the column. In either case, the
nearest potential structural axis perpendicular
to the chosen relocation direction was identi-
fied, and the element was repositioned along
this axis so that conflicts were removed while
maintaining the regularity of the initial grid.

SOFFEH

This interactive adjustment ensured that even
under highly constrained conditions, the final
configuration preserved both architectural co-
herence and structural feasibility. Through this
dual-stage screening process, combined with
an exception-handling strategy, the proposed
approach ensures that the selected structural
layout achieves both geometric alignment with
the architectural plan and compliance with per-
formance-based constraints.

3. 2. IFC Model Generation

The final stage of the proposed framework fo-
cused on generating the IFC model from the
processed floor plan data. All extracted and
refined geometric information from Grasshop-
per was exported in a structured JSON format,
automatically produced by custom scripts to
ensure direct compatibility with the IFC gen-
eration workflow. This JSON file contained both
geometric and semantic attributes for each
architectural element, including walls, open-
ings (doors and windows), columns, and slabs.
For every element, properties such as name,
type, dimensions (length, height, thickness),
spatial coordinates (position and orientation),

@
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Figure 6. Plan adjustment based
on parking performance on an
exceptional mode.
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Table 3. Data inputs for IFC
generation in IfcOpenShell.

Category
IfcWall

IfcSlab

IfcWindow, IfcDoor,
IFCOpeningElement

IfcColumn

and, where relevant, dependencies on other
elements (e.g., the host wall for an opening)
were defined.Table3 presents the data inputs
required for each element category in the IFC
creation process. The proposed workflow for
automated IFC model generation is presented
as a pseudocode in Algorithm 1.

Using the IfcOpenShell Python library, the
JSON data was programmatically transformed
into a structured IFC model. IfcOpenShell with
Python scripting is now a common, robust ap-
proach to programmatic IFC generation that
preserves both geometry and semantic attri-
butes. This process ensured that the resulting
3D BIM model was ready for use in downstream
design, coordination, and analysis workflows.

4, Results and Discussion
In this study, a three-stage framework was de-
signed and implemented in which an initial ar-
chitectural floor plan image is first interpreted
through a dual approach, followed by the gen-
eration of an initial structural column layout
based on functional design criteria, and finally,
the automatic, programmatic conversion of 2D
components into a 3D IFC model—a standard,
interoperable format supported by BIM soft-
ware.

Accordingly, this chapter presents the results
and final evaluation of the research, focusing

Data Inputs

name, length, height, placement, x_axis, z_axis,
predefined_type

slab_outline, slab_depth,

name, type, length, height, thickness, placement, x_
axis, z_axis, host_wall_name
name, size, height, placement, x_axis, z_axis

@
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on these three main stages. In the first stage,
the proposed hybrid method for floor plan in-
terpretation is assessed in terms of accuracy,
execution speed, and computational cost. The
second stage evaluates the performance of the
column layout recommendation algorithm by
applying it to four real-world executed projects
and comparing the proposed layouts with the
actual column arrangements in the construc-
tion drawings. Finally, the third stage analyses
the efficiency of IFC model generation in terms
of speed and computational cost, comparing
the proposed method with conventional IFC
modelling approaches.

4. 1. Floorplan Interpretation Evaluation

In the rule-based component, the wall detec-
tion algorithm achieved a 100% accuracy rate
in correctly identifying wall lines. Compared
to the study by, which reported an 86% accu-
racy, this represents a substantial improvement
in extracting precise linear structures from 2D
plans.The results of the deep learning module
were assessed using four metrics: precision,
recall, mAP50, and mAP50:95. Precision mea-
sures the proportion of correctly predicted pos-
itive instances among all predictions the model
labelled as positive. A high precision value in-
dicates fewer false positives.Recall represents
the proportion of correctly identified positive
instances among all actual positive instances
in the dataset. A high recall score means the
model rarely misses actual elements, even if it
produces some false positives.mAP50 (mean
Average Precision at loU = 0.5) is the average of
the precision values calculated across all classes
when the Intersection over Union (loU) thresh-
old is set to 0.5. This metric evaluates whether
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the predicted bounding boxes sufficiently over-
lap with the ground truth, providing a measure
of overall detection accuracy under a moderate
standard.mAP50-95 extends this evaluation by
calculating mean Average Precision across mul-
tiple loU thresholds, ranging from 0.5 to 0.95
in steps of 0.05. This stricter metric requires
higher overlap between predictions and ground
truth to count as correct, and thus offers a more
rigorous assessment of a model’s localisation
accuracy and robustness.

A comparison of the trained YOLO model’s
performance in this study with results from pre-
vious research (Table4) shows that, although
the precision value of 0.63 is lower than in some
earlier works, the recall of 0.97 is significantly
higher®. The high recall indicates that the mod-
el successfully detected almost all actual doors
and windows in the floor plans, whereas the rel-
atively low precision reflects false positivecases
where the model predicted the presence of an
element that was not actually in the image. This
limitation may stem from visual similarities be-
tween classes, low-quality or noisy images, or an
imbalance in the number of training samples. To
address this, several improvements are suggest-
ed, such as increasing the diversity and quali-
ty of training data, fine-tuning the confidence
threshold, applying post-processing filters to re-
move low-confidence detections, and including
training images deliberately devoid of certain
classes to improve the model’s understanding
of ‘object absence’ and thus reduce false posi-
tives. Overall, the model demonstrated better
performance in detecting windows compared
to doors, likely due to the greater geometric de-
tail in window forms, which makes them more
distinguishable from the background.

SOFFEH

Procedure Build_IFC()

file <—create IFC4 file
assign units + contexts
create site, building, storeys

define surface styles (wall/slab/door/window/column)

# Walls
load Walls.json
for each wall:
create IfcWall
assign to Ground Storey
add wall representation (extrusion)
place via placement_matrix
apply wall style

# Slab (as IfcFooting)

load Slab.json

create IfcFooting

assign to Ground Storey
profile + extrude geometry
apply slab style

# Openings (voids only)
load Opening.json
for each opening:
create IfcOpeningElement
assign to Ground Storey
add rectangular void geometry
place via placement_matrix
link to host via IfcRelVoidsElement

# Doors / Windows (no Fills relation)

create IfcDoor / IfcWindow from JSON where type matches
assign to Ground Storey

add representation + style

# Columns

load Columns.json
create IfcColumn

assign to Ground Storey
square profile + extrude
place + style

# Multi-storey replication
duplicate_elements_to_storeys(walls, slab, doors, windows,
columns)

duplicate_openings_to_storeys(openings)

file.write(output_path)
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BIM from 2D Structural
Drawings for Existing
Buildings!

41.Leon-Garza et al.,’A Type-2
Fuzzy System-Based Approach
for Image Data Fusion to
Create Building Information
Models!

42. Myunghyun Jung et al.,
‘Analysis of the Floor Plan
Dataset with YOLOV5,Journal
of the Korean Society for
Industrial and Applied
Mathematics 26 (2023):311-
23, https://doi.org/10.12941/
jksiam.2023.27.311;
Zhongguo Xu et al.,
‘Multiscale Object Detection
on Complex Architectural
Floor Plans,Automation

in Construction 165, no.
105486 (2024), https://
doi.org/10.1016/j.
autcon.2024.105486.

Algorithm 1. Automated multi-
storey IFC model generation
from JSON-based architectural
and structural data.
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223, no. 109086 (2024),
https://doi.org/10.1016/j.
jcsr.2024.109086.

44. National Building
Regulations of Iran, Topic Four:
General Building Requirements,
Road, Housing & Urban
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45. Liu et al.,, ‘Raster-to-
Vector: Revisiting Floorplan
Transformation’; Zhao et
al.,’A YOLO-Based Method
to Recognize Structural
Components from 2D
Drawings’; Zhao et al.,
‘Reconstructing BIM from
2D Structural Drawings for
Existing Buildings!

46. Urbieta et al.,'Generating
BIM Model from Structural
and Architectural Plans Using
Artificial Intelligence’; Zhao et
al.,‘Reconstructing BIM from
2D Structural Drawings for
Existing Buildings!

47. Barreiro et al.,’Automatic
Reconstruction of Semantic
3D Models from 2D Floor
Plans’; Jang et al., Indoor
Reconstruction from Floorplan
Images with a Deep Learning
Approach!

In terms of accuracy metrics, the model
achieved an mAP50 of 0.902, indicating precise
localisation and sizing of elements at the 0.5
loU threshold, comparable to prior studies.*
The mAP50-95 score of 0.816—higher than
those reported in previous works.*” —confirms
the model’s robustness in maintaining high pre-
diction accuracy under stricter loU thresholds.
These results collectively demonstrate that the
proposed dual-approach method effectively
combines rule-based precision for wall extrac-
tion with deep learning’s high recall for opening
detection, resulting in a reliable interpretation
of floor plan images.In terms of computational
efficiency, the optimal model processed each
image in an average of 0.0041 seconds, out-
performing previous studies utilising YOLO* by
99% and Faster R-CNN* by 46%.

Notably, since the YOLO model was trained
on images with dimensions of 640x640 pixels
for opening detection, reducing the input reso-
lution is expected to increase the likelihood of
errors in identifying either the presence or the
precise location of these elements. In contrast,
for wall detection using the rule-based algo-
rithm, a reduction in resolution does not affect
performance, provided that the input image is
free from noise.

4. 1. 1. Hyperparameter Sensitivity Analysis

In the training process of the YOLO model, the
outcomes were significantly influenced by the
selected hyperparameter values; however, the
model exhibited varying levels of sensitivity to
each parameter. In this study, the number of
epochs was set to 100. Nevertheless, due to an
early stopping threshold of 20 epochs and the
absence of improvements in evaluation metrics
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between epochs 60 and 80, the training pro-
cess was terminated at epoch 80. This indicates
that increasing the number of epochs did not
yield meaningful performance gains and merely
increased computational costs. The batch size
was set to 32, which provided a suitable balance
between training speed and gradient stability.
Although larger batch sizes could potentially
enhance learning, they would also consider-
ably increase computation time and resource
requirements. Among all hyperparameters, the
learning rate was identified as the most influen-
tial factor in determining model performance.
A very small initial learning rate of 0.0001 was
adopted to ensure stability in reaching optimal
weights and to prevent high fluctuations in re-
sults, despite reducing the convergence speed.
Furthermore, a weight decay value of 0.0005
played a crucial role in controlling model com-
plexity; higher values reduced overfitting,
whereas lower values impaired generalisation.
Overall, the sensitivity analysis revealed that
the final accuracy of the model was most de-
pendent on the learning rate parameters (LrO
and Irf) and the weight decay.

4. 1. 2. Noise Sensitivity Analysis

To evaluate the impact of image resolution on
model performance, the YOLOv1lL network
was trained on three input sizes: 512, 768, and
864 pixels. The results, illustrated in Figure 7, in-
dicate that the total precision reached its peak
value of 0.637 at a resolution of 768 pixels, with
no further improvement at higher resolutions.
Similarly, mAP50 achieved its highest score of
0.902 at 768 pixelsand remained nearly un-
changed when the image size was increased to
864. The mAP50-95 metric exhibited a moder-
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ate rise from 0.755 to 0.816 as the resolution
increased from 512 to 768, but did not show
further enhancement beyond that point. In con-
trast, the recall metric demonstrated a steady
improvement, increasing from 0.979 to 0.996 as
resolution grew. Although the overall detection
accuracy metrics were only slightly affected by
resolution, the computational speed showed a
significant variation—rising from 0.0024 SPI at
512 to 0.0041 SPI at 768 and 0.0051 SPI at 864.
These results suggest that a resolution of 768
pixels offers the optimal balance for this data-
set, achieving the highest precision and mAP50
values while maintaining a favourable process-
ing speed.

4. 1. 3. Assessment of Geometric Relation
Extraction

The performance evaluation of the proposed
algorithm for extracting geometric relation-
ships indicates that this method, by relying on
the detection of the central point of an open-
ing within the boundaries of its host wall, could

accurately identify the corresponding host wall
and correctly classify the opening type (door or
window) in all experiments. The extracted geo-
metric relationships play a critical role in gener-
ating the IFC model, as the accurate creation of
elements in the model depends on the precise
association of each opening with its host wall.

4. 1. 4. Efficiency Gains through the Hybrid
Detection Pipeline

The dual approach proposed in this research,
despite relying on a simpler labelling process,
achieved enhanced accuracy in opening detec-
tion compared to previous studies and reached
100% precision in wall recognition. Notably, the
object labelling and dataset generation pro-
cess—which is typically a labour-intensive and
time-consuming task—was automated through
the developed data preparation method,
achieving an average generation speed of 1.27
images per second. This performance repre-
sents an acceptable rate for such computation-
ally demanding processes.
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48.Zhao et al.,’"AYOLO-
Based Method to Recognize
Structural Components from
2D Drawings!

49. Zhao et al.,'Reconstructing
BIM from 2D Structural
Drawings for Existing
Buildings!

Table 4. Comparison of the
Performance of the Proposed
Deep Learning Model with
Previous Studies.

Computational
Method Precision Recall mAP50 mAP50-95 Number of Hardware Capacity (GB) Speed
Initial Data pacity (seconds/
image)
Proposed model in this study (YOLO) 0.63 0.97 0.902 0.816 9,600 Nvidia A100 (80) 0.0041
YOLO (Zhao et al., 2020) 0.80 0.90 — — 450 Nvidia GeForce GTX 1080 (8) 0.63
Faster R-CNN(Zhao et al., 2021) 0.94 0.91 0.90 = 4000 GeForce RTX 2080 Ti (11) 0.0077
Faster R-CNN (Barreiro et al., 2023) — — — 0.80 5,000 — —
Mask R-CNN (Urbieta et al., 2023) = = 96.7 = 50,000 Nvidia A100 0.0002
CNN (Jang et al., 2020) — — — 0.78 319 — —
ResNet (Liu et al., 2017) 0.67 0.91 = = 870 = =
SOFFEH 2804,
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50. Ampanavos et al.,
‘Structural Design
Recommendations in the Early
Design Phase Using Machine
Learning!

51.Zhang et al.,'End-to-End
Generation of Structural
Topology for Complex
Architectural Layouts with
Graph Neural Networks!

52.Fu et al.,'Dual Generative
Adversarial Networks for
Automated Component
Layout!

4, 2. Evaluation of the Proposed Column
Layout Recommendation Algorithm
Beyond producing automated recommenda-
tions, the framework is designed to actively
involve users in the decision-making process.
Designers can define key parameters—such
as allowable cantilever length and permissible
span range—and adjust the relative hierarchies
of penalty functions that guide the sorting pro-
cedure. This flexibility enables them to priori-
tise criteria such as structural regularity, span
uniformity, or minimal column count according
to project-specific needs. From the ranked set
of five optimal layouts generated for each plan,
users can then select their preferred arrange-
ment.

To evaluate the effectiveness of this interac-
tive recommendation process, the algorithm
was tested on four real-world architectural
floor plans from previously executed projects.
For each case study, the algorithm produced
five candidate solutions, with the configuration
exhibiting the highest similarity to the actual
built layout selected as the representative out-
put for assessment. A geometric matching crite-
rion was employed to quantify similarity, where
a proposed column location was considered a
match if it fell within a predefined threshold ra-
dius (e.g., 50 cm) of any actual column location.
The overall similarity percentage was subse-
guently calculated as the ratio of matched col-
umns to the total number of proposed columns.

The results demonstrated that, in three out
of the four examined cases—including one in-
volving exceptional design conditions—the
proposed algorithm achieved complete align-
ment (100%) with the real-world column ar-
rangement. In the remaining case, the match
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rate was 83.33%, still indicative of a high degree
of agreement with structural engineering deci-
sions. Overall, the algorithm attained an aver-
age prediction accuracy of 95.83% across the
four case studies, which is competitive with
prior research, including® (97.79%),°* (97%),
and>? (93.6%) performance score relative to ex-
pert evaluations). A visual comparison between
the proposed and actual layouts is presented in
Figure8.

In terms of ranking the final valid column
layouts, the predefined prioritisation scheme
yielded satisfactory results in most experimen-
tal cases. However, altering the order of these
priorities led to variations in the outcomes:
in some cases, producing configurations with
higher applicability, while in others reducing
the overall quality of the results. Consequently,
it was determined that the order of the criteria
should be made user-adjustable, thereby allow-
ing practitioners to tailor their influence accord-
ing to the specific requirements of each project.

4, 3. Performance and Applicability of
the Proposed IFC Model Generation
Algorithm

Figure 9 illustrates the workflow results on
three sample floor plans, from plan interpre-
tation through column recommendation to 3D
IFC generation. Visual inspection indicates that
the generated IFC model occasionally exhibits
minor deficiencies in details—such as the con-
nection of orthogonal walls—which can be re-
solved through refinement of the input data.
Nevertheless, in conventional BIM-authoring
software such as Revit, the process of produc-
ing an IFC model, even for experienced users,
may require several hours to an entire working
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day, depending on the plan’s complexity. In con-
trast, the algorithm developed in this research,
implemented using the IfcOpenShell library, is
capable of converting vectorised floor plan data
into a 3D IFC model—including walls, doors,
windows, floors, and columns—in less than one
minute. This initial model can subsequently be
semantically enriched with additional data for
use across a wide range of structural and energy
analysis software, such as Simergy and ETABS,
as well as other IFC-based modelling tools. Pro-
viding such a model in the early design stages,
particularly during conceptual phases, can
play a significant role in fostering coordination
among multidisciplinary teams and facilitating
engineering decision-making. Figure 10illus-
trates the application of the model in Revit for
generating preliminary material estimates.

4. 4. Computational Resources
In terms of computational requirements, the
deep learning model was trained on an NVIDIA
A100 GPU with 80 GB of memory using Google
Colab. The complete training process required
approximately 2.7 hours,

which is considered efficient given the data-
set size and model complexity. The column ar-
rangement recommendation algorithm, in turn,
was implemented on an NVIDIA GeForce RTX
3070 GPU with 8 GB of RAM.

5. Limitations

This research introduces a three-stage frame-
work that improves upon previous methods in
floor plan interpretation, structural layout sug-
gestion, and automated IFC model generation.
By integrating geometric logic with a lightweight
YOLO-based detection model, the proposed ap-

SOFFEH

proach achieves competitive accuracy with high
processing speed. The column layout algorithm
uniquely incorporates architectural and spatial
performance criteria, producing arrangements
that are both structurally efficient and spatially
coherent. The IFC generation process further
accelerates early design workflows and enhanc-
es multidisciplinary collaboration by providing
a ready-to-use, BIM-compliant 3D model. How-
ever, the framework has certain limitations that
will be discussed in this section.

5. 1. Limitations in Input Data

In this study, certain architectural features—
such as spatial functions, enclosed or semi-open
configurations, the presence of voids, stair-
cases, and other specialised elements—were
not incorporated into the modelling process.
Including these features in future studies could
enhance the accuracy of analyses and improve
the model’s alignment with real-world project
conditions. From the perspective of plan image
interpretation, the YOLO model employed in
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Figure 7. Comparison of achieved
metrics (Precision, Recall,
mAP@50, mAP@50-95) across
three training runs using input
resolutions of 512, 768, and 864.
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Figure 8. Results of the Algorithm
for Initial Column Placement in
Four Built Plan Case Studies.

this study is currently capable of detecting only
a limited and specific set of door and window
symbols. Other elements, such as furniture or
uncommon symbols, fall outside the model’s
recognition scope. Expanding the range of de-
tectable classes could improve the model’s
accuracy and applicability when processing
diverse architectural plans. Furthermore, the
current plan geometry analysis algorithm is
compatible only with orthogonal structures and
straight walls, and does not support plans with
unconventional angles, hand-drawn irregular
lines, or curved walls. Extending the capability
to recognise and model such structures repre-
sents a key avenue for future development of
this research.

5. 2. Limitations in Column Arrangement

Recommendation

In the structural layout recommendation sec-
tion, the optimisation algorithm is designed
solely based on initial geometric and functional
criteria, without incorporating technical and
structural considerations such as load-bearing
capacity, stability, ductility, or code compliance.
Integrating structural requirements with func-
tional criteria could enhance the accuracy and
reliability of the proposed algorithm. Another
limitation of the algorithm is the extended pro-
cessing time required for complex initial plans;
as plan complexity increases, the algorithm’s
runtime grows nonlinearly. Figure 11lillustrates
the execution time of the algorithm for plans

(c) 83.33% alignment in the fourth recommendation

(d) 100% alignment in the first recommendation on exceptional mode
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Application of the IFC

model in Revit for generating
preliminary material estimates.

with varying numbers of layouts. Modifications
in the solution generation structure and the fil-
tering of invalid solutions, combined with the
adoption of metaheuristic approaches, could
reduce processing time.

5. 3. Limitations in IFC Model Generation

In the IFC generation algorithm, horizontal
structural elements, such as beams, have not
been considered. Incorporating these compo-
nents in future developments could significant-
ly enhance the completeness of the structural
model and its analytical capabilities. Moreover,
to improve the compatibility of the generated

3D model with structural and energy analysis
software, it is essential to enrich the model
across multiple dimensions, enabling accurate
and comprehensive analyses.

6. Conclusion and Further Work

The developed framework introduces an au-
tomated three-stage pipeline for converting
simplified 2D architectural floor plans into fully
BIM-compliant IFC models, integrating hybrid
drawing interpretation, a performance-orient-
ed column layout suggestion algorithm, and a
structured IFC generation strategy. In this work-
flow, the purpose of IFC creation is not merely
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the geometric reconstruction of building com-
ponents; instead, it establishes a reliable data
backbone that enables direct interoperabil-
ity with widely adopted multidisciplinary plat-
forms. The resulting IFC models seamlessly
support architectural modelling and coordina-
tion in Revit, Archicad, Navisworks, and Blend-
erBIM; structural design and assessment in Ro-
bot Structural Analysis, Tekla Structures, and
ETABS; and energy-performance simulation in
environments such as Simergy, IES-VE, and RI-
USKA.

By enabling these analytical pathways at the
conceptual design stage, the proposed pipeline
significantly accelerates early decision-making,
facilitates communication among architects,
engineers, and energy analysts, and strengthens
the foundation for performance-driven design
exploration long before detailed modelling typi-
cally begins. The evaluation results confirmed
its competitive accuracy, high computational
efficiency, and adaptability to practical design
contexts, highlighting its potential to enhance
collaboration across disciplines and reduce re-
work in downstream phases.

However, current constraints—including the
limited scope of recognised architectural sym-
bols, the assumption of orthogonal geometries,
the absence of certain structural elements in
the output, and increased processing time in
highly intricate plan configurations—still re-
strict the full generalisation of the approach.
Future extensions focused on enriched object
recognition, support for non-standard and free-
form geometries, deeper incorporation of struc-
tural and energy-performance metrics, and im-
proved semantic modelling can further elevate
the applicability and intelligence of this frame-

SOFFEH

work. With these advancements, the pipeline
can evolve into a domain-ready solution that
effectively bridges the gap between early-stage
design intent and comprehensive BIM-based
analytical workflows, ensuring that IFC genera-
tion becomes a catalyst for the integrated, high-
quality development of the built environment.
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Figure 11. Execution
Time in Column Layout
Recommendation Algorithm.
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