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Abstract: At the foundational phase of architectural design, it is of the utmost importance to precisely
capture and articulate the visions and requirements of stakeholders, including building owners.
This critical step ensures that professionals, including architects, can effectively translate the initial
concepts into actionable designs. This research was directed towards developing a framework to
facilitate the decision-making process by efficiently depicting the client’s intentions. This study
demonstrates a framework that leverages deep learning to automate the creation of Building Informa-
tion Modeling (BIM) models from sketched data. The framework’s methodology includes defining
the necessary processes, system requirements, and data for system development, followed by the
actual system implementation. It involves several key phases: (1) developing a process model to
outline the framework’s operational procedures and data flows, (2) implementing the framework
to translate sketched data into a BIM model through system and user interface development, and,
finally, (3) validating the framework’s ability to precisely convert sketched data into BIM models.
Our findings demonstrate the framework’s capacity to automatically interpret sketched lines as archi-
tectural components, thereby accurately creating BIM models. In the present study, the methodology
and framework proposed enable clients to represent their understanding of spatial configuration
through Building Information Modeling (BIM) models. This approach is anticipated to enhance the
efficiency of communication with professionals such as architects.

Keywords: building information model; deep learning; sketched data translation

1. Introduction

Continual research efforts are focused on refining the interaction between clients and
architectural experts to ensure the precise incorporation of a client’s specific demands into
the spatial organization at the outset of the architectural design process. During the initial
design phase, effective communication between architects and building owners is essential
for optimizing costs and improving the overall satisfaction of the occupants in terms of
spatial design [1]. While acknowledging the importance of early discussions, many owners
of buildings experience difficulty in fully understanding the spatial configurations they
need and conveying these requirements in well-defined plans. As a result, users dedicate
significant amounts of time and energy to precisely communicate their needs to experts
throughout the process of creating architectural documents.

At the initial design stage, users primarily convey their spatial requirements to experts
through communication models like 2D images and 3D physical models. However, 2D
images offer limited assistance in understanding the specific shapes of architectural objects
like 3D building components [2]. Moreover, the physical 3D models created during the
initial design phase lack material properties, limiting the ability to review the building’s
performance based on physical properties [3–5]. Since users’ requirements are conveyed
to experts verbally or in written form [6–8], experts need to invest significant time and
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effort in creating communication models that align with users’ needs [9]. Therefore, the
development of a 3D-based planning environment that efficiently articulates a client’s inten-
tions and facilitates smooth communication with experts continues to be a critical demand.
This development is expected to effectively support users in making spatial configuration
decisions. During the early stages of building design, clients typically communicate their
spatial needs to architects using models such as 2D images and 3D representations. How-
ever, 2D images fall short of conveying the complexities of architectural forms compared
to 3D building elements. Similarly, 3D physical models at this stage do not incorporate
material characteristics, thus limiting the evaluations of a building’s performance based
on its physical attributes. Given that clients’ requirements are often shared verbally or in
writing, architects must expend considerable effort to develop communicative models that
resonate with client’s needs. Therefore, there is a pressing requirement for a 3D-based plan-
ning environment that not only clearly expresses a client’s intentions but also streamlines
communication with professionals. Such an advancement is anticipated to significantly aid
users in making informed decisions regarding spatial configurations.

This research aimed to develop a framework for the automated creation of Building
Information Modeling (BIM) models from floor plan sketches submitted by clients lack-
ing professional architectural skills. This framework ensures the delivery of BIM models
that accurately embody a client’s spatial concepts, articulated through detailed 3D architec-
tural components, effectively capturing their initial design intentions based on the provided
sketches.

2. Literature Reviews

Traditionally, sketches have been integral to all phases of architectural design for
their innate capacity to rapidly and clearly communicate initial ideas [9]. This process
empowers stakeholders to delineate their spatial needs to architects, thereby streamlin-
ing and enhancing the decision-making process [10]. However, the diversity in clients’
sketching styles and habits necessitates considerable time and effort from architects to
interpret intentions [11]. Most stakeholders including building owners face difficulties
in representing their needs in forms that architects can understand due to the extensive
time and effort required to learn the conventional perspective drawing techniques used in
practice. To facilitate decision-making in spatial composition for clients utilizing sketches,
it is imperative to explore methods that allow for the conversion of sketch information
into explicit architectural representations, such as architectural objects and spaces, that are
easily comprehensible to experts. In this context, research has been continuously conducted
on (1) the recognition and interpretation of sketch information [12,13], (2) the creation
of CAD drawings based on sketches [14–17], and (3) sketch-based 3D modeling [3,5,18].
Despite these efforts, significant challenges remain in converting sketch information into
explicit architectural expressions. Despite the diversity of sketch representation techniques
posing challenges in converting sketches to digital forms like 3D models, continuous efforts
are made to transform user-provided sketch information into models. Notably, ongoing
research has been focusing on converting sketch information provided by stakeholders into
BIM models. Although there have been efforts to transform floor plan sketches created by
experts into BIM models [11], a significant challenge remains: stakeholders are required
to learn the architectural notation necessary for representing floor plans, which presents a
barrier to leveraging BIM’s full capabilities [19]. This highlights the necessity for research
aimed at the efficient creation of preliminary design models in BIM, solidifying the spatial
and performance requirements of buildings as specified by stakeholders.

Research on the recognition and interpretation of sketch information has primarily
focused on identifying sketch strokes and extracting vector information, such as lines,
from these strokes. However, there is a notable deficiency in methods capable of extracting
fundamental information from sketches representing architectural objects, such as walls and
floors, including central lines that are essential for generating architectural objects [12,13,17].
Studies on generating CAD drawings from sketches have proposed methods for recognizing



Buildings 2024, 14, 916 3 of 17

architectural objects in planar sketches and converting them into CAD-based architectural
objects. Nonetheless, these methods are limited by the need for users to learn symbols,
scaling, and plan-based building structure representation techniques. Additionally, the
lack of methods for creating 3D models presents challenges in supporting a comprehensive
understanding of spatial forms [14–16].

Research on sketch-based 3D modeling has proposed effective methods for creating
3D models from objects recognized in sketch information. Yet, there is a scarcity of methods
for recognizing architectural objects represented in sketch information and generating 3D
architectural objects from these sketches [18,20]. Furthermore, 3D models generated by
existing methods often lack wall-based spatial partitioning and are presented in mesh form,
making it difficult to support users in decision-making processes regarding spatial scale
and layout [3,5].

Comprehensively, an automated workflow has been suggested, encompassing the
recognition of sketch strokes, the conversion of these strokes into vector information, and
the generation of 3D architectural objects from vector information [9]. However, this
workflow requires learning computer languages and image processing techniques for
information exchange and transformation between stages. For instance, Cho and Lee [11]
developed an automated process for recognizing architectural objects such as walls and
windows from image-based planar sketch information, extracting vector information like
central lines for each architectural object, and generating BIM-based architectural objects
based on vector information. Nevertheless, improving sketch stroke recognition algorithms
is essential for accurately identifying the pixel areas of architectural objects represented
by sketch strokes in input images. Additionally, existing research necessitates the iterative
input of user parameters for vectorization algorithms [21] to empirically identify parameter
values that enable the accurate extraction of vector information [11]. This demands a
significant understanding of computer languages and vectorization algorithms from users,
requiring considerable time and effort to generate 3D architectural objects from sketch
information. Consequently, there is a continuous demand for research that enables the
effective generation of 3D architectural objects and models from rough sketch information
that users can easily express.

Furthermore, research actively pursuing the provision of building performance anal-
ysis information based on previously generated 3D and BIM models is being conducted
to support decision-making in budget management for spatial composition during the
early design stages [22–25]. However, there is a lack of processes capable of offering
building performance analysis information through developed 3D models based on users’
spatial requirements, necessitating an integrated approach of sketch-based 3D modeling
and building performance analysis based on 3D models for effective decision support in
spatial composition. On the other hand, existing research on sketch-based 3D modeling
faces limitations in acquiring building performance analysis information due to insufficient
material information in 3D models [3–5]. Therefore, if the integration of BIM-based build-
ing performance analysis and sketch-based 3D modeling is possible, it is anticipated that
efficiently providing users with 3D spatial and building performance analysis information
through BIM models developed based on clients’ spatial requirements during the early
design stages could be achieved. This necessitates research on the effective creation of
sketch-based BIM models; yet, existing studies face constraints such as requiring users to
learn architectural representation techniques and significant time and effort demands in
converting sketch information into 3D architectural objects [11]. Consequently, there is
a continuous demand for an environment that allows users to effectively generate BIM
models from rough sketch information (spatial requirements) provided during the initial
design stages and through which a client’s spatial and building performance requirements
can be efficiently materialized.

This study aims to develop a framework that enables the efficient generation of BIM
models from user-provided sketched data, automatically creating detailed building compo-
nents like walls, floors, and roofs from the sketched data. The created BIM models not only
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accurately depict the stakeholder’s specifications, facilitating architects’ understanding of
stakeholder’s objectives with efficiency, but also integrate material properties. This inte-
gration allows for the early evaluation of building performance, energy use, and material
expenses by using the BIM models. Consequently, the developed framework facilitates the
decision-making process related to spatial planning and development, ensuring that initial
design choices align with both functional and economic considerations.

3. Research Method

In this study, a systematic approach to developing a framework was adopted, delineat-
ing both the process model development and its implementation. The process model played
an essential role in establishing the necessary detailed steps (activities) for framework de-
velopment. Through the defined activities, a definition for the specific data flow requisite
for the development of the framework was developed. Within each activity, constraints
and mechanisms were established to guide the execution of the activity. The developed
process model facilitated the implementation of each activity based on the defined data by
setting algorithms and environments for implementation grounded on the conditions and
mechanisms within the process model. The development of the process model was essential
to identify the necessary data flow and define a structured sequence of activities for the
framework’s development. Subsequently, the framework’s implementation phase focused
on developing both system and user interfaces, defined in the previously defined process
model activities. This phase elaborated on the algorithms and integration strategies for
disparate systems outlined in the process model, ensuring that the user interface facilitated
seamless interaction with the system interface.

3.1. Development of a Process Model

The objective of developing a process model was to define the processes required
for framework development. The process model consisted of a series of activities, along
with the necessary input and output data to depict these activities, thereby outlining the
comprehensive workflow of framework development.

For the development of the process model, the Integration Definition of Function
Modeling 0 (IDEF0) modeling technique defined by the International Organization for
Standardization (ISO) was adopted [26]. The IDEF0 modeling technique is a method
used for designing the functions of a system, allowing for the representation of activities
(functions) within boxes. It uses arrows and text outside the boxes to depict each activity’s
inputs, outputs, conditions, and mechanisms. The relationships between different activities,
such as dependencies and sequences, are represented by connecting the activities with arrows.

Figure 1 illustrates the process model developed using the IDEF0 modeling technique.
The process model consisted of four stages: capturing a sketch image (Activity 1, repre-
sented by A1), performing image manipulation (Activity 2, represented by A2), performing
image vectorizing (Activity 3, represented by A3), and creating a BIM model (Activity 4,
represented by A4).

A1 is the stage where sketch information provided by the client is received as input
and a digital sketch image is produced as output. Through the A1 phase, sketch information
created using analog methods such as paper and pens is converted into digital sketch image
data in formats like JPEG, facilitated by devices such as smartphones.
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A2 represents the phase where the digital sketch image is used as input to generate
scaled and wall images as output. The digital sketch images produced by A1 include
extraneous data such as shadows, reflections, and images of the desk surface, alongside
sketch lines depicting walls and scale bars that represent length information. A2 involves
applying perspective transformation techniques based on the internal area of the paper
to eliminate unnecessary data outside the paper, such as the desk surface. A rule for
selecting the outer vertices of the paper was applied to define the internal area of the
paper. Furthermore, to remove data such as shadows and reflections on the paper, a
deep learning model capable of distinguishing between sketch lines and non-line objects,
ResUnet [27], was utilized. The ResUnet model was employed specifically for recognizing
sketch lines in images and the Pytorch 1.8.2+cu111 [28] deep learning framework was used
for its implementation. In this study, a method for recognizing sketch strokes based on
deep learning was identified as an algorithm for recognizing pixels corresponding to the
input sketch strokes, and this was implemented through the ResUnet model. Building
on the ResUnet model, the research applied an accurate stroke recognition method to the
framework. Pytorch serves as a library for scientific computing and deep learning, offering
accelerated computations through Graphical Processing Units (GPUs), which can enhance
the speed of operations by up to 50 times compared to those conducted with Central
Processing Units (CPUs) [29]. Additionally, it provides mathematical representation models
for numerical optimization used in the creation of deep learning models, facilitating the
efficient learning and development of these models [29]. Since each recognized sketch line
had thickness, it was challenging to clearly define the central line information used for wall
creation. To effectively extract central line information, it was necessary to transform the
thickness of the sketch lines into single pixels of a shape similar to the central line. For this
purpose, a thinning algorithm was used to remove pixels other than those corresponding to
the central line in each sketch line. The sketch images, after the application of the thinning
algorithm, were divided into scaled images and central line images of walls and were saved
in image formats such as PNG. The scale bar images were created to extract the actual
length information of the walls, and the central line images of the walls were generated to
extract the central line information from the sketch lines.

A3 is the phase where vector information, such as the coordinates of lines, is generated
using the scaled images and the central line images of walls as input. To extract vector
information, each scaled image and central line image of walls is input into a deep learning-
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based line detection model (LETR [30]). The vector information extracted from the central
line images of walls is converted into an image format like SVG, which is then transformed
into length information through resolution adjustment of the image. The specific figures
required for image resolution adjustment were calculated using the vector information
extracted from the scaled images, a predefined scale, and the length (width) of the scale bar.
The LETR model was employed to extract the central lines of individual sketch strokes from
the input images, utilizing the Pytorch deep learning framework for its implementation.
The extracted vector information was used to create building component objects in a BIM
authoring tool (Revit version 2022 [31]) and a database mechanism was established to
convert the vector information into a data format that allowed for information exchange
with the BIM authoring tool, facilitating object creation.

A4 is the stage where vector information is received as input to create a BIM model
composed of building component objects such as walls, floors, and roofs. Prior to generating
building component objects like walls in the BIM model, a line correction algorithm was
used in the preprocessing of the vector information (central lines of walls). The line
correction algorithm (deburring, removing overlapping lines) was developed to eliminate
lines that were similar in length and angle and occupied the same position and to deburr
lines that extended beyond the plane. The corrected vector information was utilized for
the creation of walls in the BIM model, alongside conditions such as material information.
Contour extraction necessary for the creation of floors and roofs was performed from the
corrected vector information, for which an outermost contour extraction algorithm was
developed. The floor and roof objects in the BIM model were created using the extracted
outermost contours and defined material information. To automate the creation of building
component objects in the BIM model, the BIM authoring tool Revit version 2022 and the
visual programming technique Dynamo [32] were employed.

3.2. Implementation of a Process Model

The development of the process model enabled the articulation of the framework’s
functionality through a sequence of activities that were subsequently employed as processes
for implementing the framework. In the implementation of the framework, individual
activities were realized as both system interfaces and user interfaces. For the system
interface implementation, algorithms defined in the process model were developed, and
methods for interfacing between different activities were established.

The implementation of both the system and user interfaces utilized the Python 3.8.10
programming language [33] and the OpenCV 4.5.5 image processing library [34]. During
the image preprocessing execution phase (as shown in Figure 1 A2), the Pytorch deep
learning framework was employed for the implementation of deep learning models. For
the creation of the BIM model phase (as indicated in Figure 1 A4), the BIM authoring tool
Revit version 2022 and the embedded technique Dynamo within Revit were used.

3.2.1. Sketching Image Creation System

The sketching image creation system implemented the process associated with Figure 1
A1. The camera function of portable devices, such as smartphones, was utilized to convert
sketch information into an image file format. Images stored on the devices were transferred
to a desktop PC using the automatic synchronization feature of cloud storage services such
as Dropbox [35]. The input/output image column in the first row of Table 1 illustrates the
transformation of sketch information into sketch images.
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Table 1. Input and output for each activity in the process model.

Activity Input/Output Image Description

A1
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Table 1. Cont.

Activity Input/Output Image Description
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3.2.2. Image Preprocessing System

The image processing system executed the procedure corresponding to A2, as illus-
trated in Figure 1. To eliminate unnecessary data outside of the paper, such as the desk
surface from sketch images, a Perspective Transformation (PT) application was developed.
Figure 2 illustrates the operational process and user interface of the PT application. The PT
application enables users to specify a rectangular area within the image (e.g., the area of
the paper) and transforms the specified area into a pre-set shape (e.g., a rectangle). The PT
application is designed to load all images within an automatic synchronization folder and
display the most recently created image. Thus, when the application is initiated, users can
first view the image captured during A1 in Figure 1 on the screen.
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Figure 2. The operational flow and user interface of the perspective transformation application.

Through the PT application, users can navigate to previous and next images using
the A and D keys on the keyboard, respectively, and rotate the currently displayed image
using the R key. Additionally, the Esc key allows users to exit the function, and the
Enter key enables the selection of an image for perspective transformation. The area to
be transformed is determined by selecting four corners within the chosen image using
mouse left clicks. The sequence of selecting these corners, which can be done in either
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clockwise or counter-clockwise order, is designed to facilitate the removal of unnecessary
data outside the paper. After selecting the four corners with four left clicks, users can
initiate the perspective transformation feature with a fifth left click. The image, once
transformed, is automatically saved to a specified folder path and visualized on the screen
for user verification. The input/output image column in the third row of Table 1 displays
an image that has undergone perspective transformation.

To remove unnecessary data such as shadows, reflections, and stains depicted in
the perspective-transformed image, a deep learning model (referred to as the sketch in-
formation recognition model) was developed to distinguish between sketch strokes and
non-stroke objects. The development of the sketch information recognition model was
defined in the following three stages and is described in the following subsections.

1. The stage of establishing and implementing the structure of the sketch information
recognition model

The overall architecture of the sketch information recognition model was implemented
based on ResUnet. The motivation behind developing ResUnet was to detect road areas in
remote sensing images, with the advantage being its high binary classification performance
with a limited amount of training data. This study posited that the morphological similari-
ties between road areas in remote sensing images and sketch strokes in sketch images as
identified by [27] are significant. Furthermore, the problem of binary classification between
road areas and non-road objects is semantically similar to distinguishing between sketch
strokes and non-stroke objects. Therefore, a deep learning model capable of recognizing
sketch strokes was developed based on the architecture of ResUnet, effectively detecting
sketch strokes within images.

The structural feature of ResUnet involves the adaptation of the encoding, decoding,
and skip connection structure of Unet [36], with individual convolutional blocks within
Unet replaced by [37]. This study implemented the sketch information recognition model
using the encoding, decoding, and skip connection structure of Nested-Unet [38] combined
with residual blocks. Figure 3 displays the architecture of the implemented sketch infor-
mation recognition model and the structure of its constituting residual blocks. The sketch
information recognition model is characterized by an encoding and decoding structure
composed of 15 residual blocks. The encoding and decoding structures are progressively
interconnected through skip connections to mitigate the loss of positional information
due to upsampling in decoding. Each residual block is designed to perform an addition
operation (Addition) of the input data with the result of a sequence of operations (the result
is followed from the calculation of following a series of functions: 3 × 3 convolution, batch
normalization, ReLU activation function, 3 × 3 convolution, batch normalization), and
then apply the ReLU activation function. To facilitate the addition operation between the
input and the operation result, a 1 × 1 convolution and batch normalization operation was
conducted on the input to align the dimensions between the data.

2. The stage of preparing data for the training of the sketch information recognition
model

A dataset comprising 50 data points was created for the training of the sketch infor-
mation recognition model. This dataset consisted of input images and mask images. The
input images were photographs of paper with sketch strokes and the mask images were
crafted to represent the sketch strokes within the input images.

3. The stage of training and applying the sketch information recognition model

Setting an appropriate loss function and optimization function for the problem a deep
learning model aims to solve is crucial for efficiently optimizing the model’s parameters
and enhancing its accuracy [39]. The objective of a sketch recognition model is to accurately
binary classify pixels within an input sketch image as either representing sketch strokes
or not. In pursuit of this objective, the Binary Cross Entropy loss function, suitable for
problems where the output is classified into one of two classes [40], was employed to
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calculate the difference (loss) between the model’s output (segmentation) and the correct
answer (ground truth). Additionally, sketch information, which reflected the various spatial
requirements (such as the scale and layout of threads) and pen thickness, as well as the
client’s hand tremor, represented nonlinear and complex data. To efficiently optimize the
model’s parameters in the face of such data, the Adam optimizer [41] was utilized. Both
Binary Cross Entropy and the Adam optimizer were implemented using Pytorch.
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Figure 3. The architecture of the sketch data recognition model based on ResUnet and the structure
of the residual block.

The number of epochs was set to 150 and the batch size was established at 16. Training
and operation of the model were conducted on a Windows 10 platform using the graphical
resources of an NVIDIA Quadro P4000. Images from the training dataset were resized to a
resolution of 224 × 224 for use in model training.

The trained model was fed images that had undergone perspective transformation
(as shown in the input/output image column of the first row in Table 1), and the images
outputted by the model are displayed in the input/output image column of the fourth row
in Table 1.

The sketch strokes detected by the sketch information recognition model possessed
thickness, which hindered the efficient extraction of central line information. This study
utilized the thinning algorithm by [42] to convert the thickness of the sketch strokes to a
single pixel. The thinning algorithm was implemented using libraries provided by OpenCV.
An algorithm to separate the images with applied thinning into central line images of walls
and scaled images was also developed using libraries from OpenCV. The centerline images
of walls generated through the thinning algorithm, along with scaled images, could exhibit
errors within a margin of approximately 1 pixel. It was inferred that the cause of such errors
stemmed from the challenges in precisely determining the positions of the centerline pixels
due to the thickness of the sketch strokes and their irregular shapes. The input/output
image column in the fifth row of Table 1 displays the central line images of the walls, while
the input/output image column in the sixth row of Table 1 shows the scaled images.

3.2.3. Vector Information Extraction System

The vector information extraction system implemented the process associated with A3,
as illustrated in Figure 1. To extract the length information of the scale bar from the scaled
images and the central line information of individual walls from the central line images, a
deep learning-based line detection model, LinE segment Transformers (LETR) [30], was
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employed. LETR is a model that takes pixel-based images as input and detects instance-
level lines and their point coordinates within the images. Figure 4 illustrates the detection
of instance-level line information by inputting the central line images of walls into LETR.
LETR was developed based on the self-attention mechanism of the transformer [43], demon-
strating exceptional capabilities in understanding associations. The method of vectorizing
sketch information using LETR was effectively utilized for accurately defining the associations
between points, specifically the start and end points of lines.
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This study conducted the extraction of vector information using LETR in the following
two stages.

1. Measuring the length of a single horizontal line from a bar-scale image

A bar-scale image was inputted into the LETR model and a single horizontal line of
the scale bar within the image was detected. The seventh row of Table 1, under the column
labeled “Input/Output image”, illustrates the detected horizontal line (colored orange).
The output from LETR consisted of the individual line’s dot coordinates and a similarity
score. The similarity score was calculated to be between 0 and 1, where LETR output lines
had a similarity score exceeding a predefined threshold. This score indicated the degree
of resemblance between the pixel formation in the image and the detected line’s shape.
For instance, in the scale image, an orange line detected over a formation of white pixels
(with a similarity score of 0.89) signified that the shape of the detected line was as similar
to the pixel formation as the similarity score indicated. This study verified that when a
scale image is inputted into LETR, horizontal lines longer in length tend to receive higher
similarity scores compared to shorter vertical lines. Consequently, for the detection of a
single horizontal line, the implementation was designed to output the line with the highest
similarity score among the detected lines. The information of the outputted horizontal line
included the coordinates of the line’s starting and ending points.

2. Obtaining the coordinates of points along the central path from an image of a wall’s
centerline

An image of a wall’s centerline was inputted into the LETR model and each of the
centerlines within the image was successfully detected. The eighth row in Table 1, under
the “Input/Output image” column, depicts the detected centerlines (colored orange).
A similarity score of 0.67 was established for the detection of the centerlines, and the
information of the outputted centerlines included the coordinates of the starting and
ending points of each line.

Single horizontal line information was extracted from a scale image and individual
centerline information from an image of a wall’s centerline using the LETR model. The
extracted centerline information was saved as Scalable Vector Graphics (SVG) files using
the Matplotlib library [44]. To reflect the actual length information on the centerline
information, the resolution of the SVG files was adjusted using the svgpathtools library [45].
The required values for the resolution adjustment were calculated based on the length of
the extracted single horizontal line, the actual length of the scale bar represented on the
paper, and a predefined scale ratio. For example, given the actual length of the scale bar
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(2 cm) and a predefined scale ratio (1/50), the actual length of the single horizontal line
should be calculated as 1 m. However, the length extracted through the deep learning model
was 16 m, requiring the length to be reduced to one-sixteenth, thereby converting it to 1 m.
To accomplish this reduction to one-sixteenth, the vertical and horizontal resolution of the
image needed to be decreased to half of their original values, achieving a reduction by a
factor of sixteen. Therefore, the formula for calculating the vertical and horizontal resolution
of the image to transform the length of the centerline information can be expressed as shown
in Equation (1).

RΛ =
R
L
× 2 (1)

where Rˆ, R, and L are adjusted resolution, original resolution, and length of the horizontal
line of the scale bar, respectively.

Individual centerline information was extracted from an image of a wall’s centerline
and the actual length information was incorporated into the centerline information through
image resolution adjustment. Given that centerline information is utilized for generating
building components such as walls in BIM models, it was imperative to convert this
information into a format that facilitated interoperability with BIM models, specifically into
Comma Separated Values (CSV) format. To transition the SVG file (containing centerline
information) to a CSV file, an algorithm was implemented using the svgpathtools library.
This algorithm extracted the dot coordinates of the start and end points of each line from
the SVG file and recorded them in the CSV file.

3.2.4. BIM Model Creation System

The image processing system executed the procedure corresponding to A4, as illus-
trated in Figure 1. The CSV file containing the centerline information of walls was imported
into the BIM authoring tool Revit, resulting in the generation of a BIM model that included
building component objects such as walls, floors, and roofs. To automate the creation of
building component objects from vector information like centerline data in Revit, auto-
mated programming techniques were necessary. This study utilized Dynamo, a visual
programming tool embedded in Revit, along with the Python programming language,
to automate the object generation process. Figure 5 illustrates the four stages set for the
creation of the BIM model.
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Each step of the workflow comprised the following four distinct stages.

1. Reading the CSV file (containing centerline information) in the BIM authoring tool
and generating lines

In Revit, to generate centerlines, Dynamo nodes capable of accessing the CSV file were
utilized to extract the coordinates of the start and end points of each individual centerline.
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The extracted point coordinates were then used to create lines through Dynamo nodes that
output lines from input start and end points.

2. Adjusting the lines

Due to the limitations of deep learning-based line detection models, instances where
lines with similar shapes, such as length and position, are generated more than once occur
intermittently. Additionally, issues arise where lines meant to intersect in the sketching pro-
cess do not intersect as intended or pass through each other during the vector information
extraction phase. Consequently, this research implemented an algorithm for adjusting lines
using Python nodes in Dynamo. The line adjustment algorithm was designed to perform
the following functions:

• Integrate points that were in close proximity.
• Remove overlapping lines.
• Refine lines that pass through intersections.

Utilizing these functions, the adjusted lines were employed in the creation of wall
objects.

3. Extracting the outermost lines from the adjusted lines

To generate objects such as floors and roofs in the BIM model, closed curves composed
of three or more lines were required. This research utilized the outermost lines extracted
from the adjusted lines as the closed curves needed for creating floor and roof objects.
The algorithm for extracting the outermost lines was implemented using Python nodes
in Dynamo. The operating conditions for the outermost line extraction algorithm were as
follows:

• The lines used as inputs for the algorithm were represented in the form of closed
curves.

• The lines used as inputs for the algorithm consisted of point coordinates (x, y coordi-
nates) that could be represented on a 2D coordinate plane.

The algorithm for extracting the outermost lines selected the outermost lines from the
inputted lines based on the following two rules:

(1) If a line (referred to as Line 1) had less than two intersections with lines other than
Line 1, where the intersecting line (referred to as Line 2) passed over the midpoint of
Line 1 and was perpendicular to Line 1, then Line 1 was classified as an outermost
line.

(2) Among the lines not classified as outermost lines, if a line (referred to as Line 3)
had a perpendicular line passing over its midpoint and this perpendicular line inter-
sected at least once with perpendicular lines passing over the midpoints of two lines
neighboring Line 3, then Line 3 was classified as an outermost line.

In Table 1, the tenth row under the column labeled “Input/Output image” depicts the
outermost lines extracted through the rules.

4. Creating building components including walls, floors, and roofs in the BIM models

To create wall objects in the BIM model, Dynamo nodes that output wall objects
were used with inputs of the line (adjusted line), creation location (1st floor), and material
(200 mm thickness concrete). For the creation of floor and roof objects, Dynamo nodes
were utilized to generate each floor and roof object with inputs of the line (outermost line),
creation location (1st floor), and material (concrete). In Table 1, the eleventh row under
the “Input/Output image” column illustrates the walls, floors, and roofs created in the
BIM model.

4. Validation

Verification to ascertain whether the framework was capable of automatically con-
verting sketch information into objects such as walls, floors, and roofs in a BIM model
was conducted. The verification process initially compared the number of wall objects in
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the generated BIM model with the count of sketch strokes in the sketch information upon
inputting sketch data into the developed framework. Furthermore, a secondary verification
of the framework was performed by confirming whether the floor and roof objects in the
created BIM model were generated atop the centerlines of the exterior walls.

Table 2 illustrates the translation of sketch information into a BIM model through the
developed framework. In Table 2, the input data represent the sketch information initially
inputted into the framework, showcasing a total of nine strokes, as depicted in the sketch
stroke diagram within Table 2. This sketch information was translated into a BIM model
via the framework, and the wall configuration in Table 2 displays the creation of nine wall
objects within the BIM model. The verification results confirmed that the number of sketch
strokes matched the number of wall objects created in the BIM model. Similarly, the floors
and roofs were also generated on top of the outermost lines of the walls, as indicated by
the output data in Table 2. Consequently, it was verified that the framework was capable of
automatically translating sketch information into a BIM model.

Table 2. The comparison between sketch data and a BIM model in terms of object count.

The Input Data Represented
as the Sketched Image

The Composition of Strokes
in the Sketched Image

The Output Data
Represented as a BIM Model

The Composition of Walls in
the BIM Model
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5. Conclusions and Discussions

This study developed a framework capable of effectively translating user require-
ments, as expressed through floor plan sketches, into specific building component objects
within BIM models during the initial design phase. The aim was to support users’ spatial
configuration decision-making processes. Verification results confirmed that the frame-
work can automatically convert sketch information into wall, floor, and roof objects within
BIM models. The developed framework allows designers to use an initial model that
reflects users’ specific feedback as a base model. Furthermore, the automatic generation of
initial BIM models enables designers to utilize these as foundational models for further
development.

The framework is designed to automatically convert sketch information into BIM mod-
els; however, it faces limitations in accommodating the diverse sketching notations used
by different users. Consequently, this research restricted the form of sketch information to
(1) be composed of closed outlines and (2) consist of sketch strokes longer than a specific
length (e.g., 2 cm) as part of the study conditions. To enable the conversion of a broader
range of sketch information into BIM models in future research, it appears necessary
to conduct further research aimed at enhancing the framework through the following
improvements.

• Development of an improved vector information extraction model based on sketch
information for more accurate extraction of individual line point coordinates from images.

• Enhancement of line correction and outermost outline algorithms during the automatic
generation phase of BIM models.

In this study, a more fundamental investigation was conducted on the errors that
could arise within the Image Preprocessing System. The potential for errors in perspective
transformation was noted, particularly when the accurate input of the coordinates of four
vertices was compromised through user mouse manipulation. For the accuracy assessment
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of perspective transformation, the correct values of the four vertices’ coordinates (pixel
locations) necessary for selecting the area to apply perspective transformation were required.
However, accurately identifying the coordinates of an object’s vertices in object images
proved challenging. To correct such errors, it is anticipated that future accuracy assessments
could be facilitated through the visualization of input and output in various test cases.

Furthermore, research aimed at enhancing the framework to utilize a broader range
of sketch information for more efficient BIM model creation is planned. Additionally, this
study will conduct research aimed at enhancing the understanding of spatial configurations
through experiences in spaces utilizing objects such as furniture within virtual 3D envi-
ronments created using BIM models. This approach leverages the framework developed
through this research, facilitating the comprehension of space based on sketch information
directly provided by users. Moreover, research is planned to more efficiently utilize the
developed framework within the BIM environment. The methodology presented in this
study proposes the preliminary creation of BIM components through sketch information.
Subsequent research will explore the use of these generated BIM components for the
integration of simulations to present specific building performances.
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