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Abstract. Proper placement of load-bearing elements plays a critical role in earthquake-resistant building design.
Design mistakes and deficiencies in the arrangement of columns, shear walls, and beams may reduce seismic
performance, increase torsional effects, cause frame discontinuities, and lead to inefficient or uneconomical structural
solutions. Therefore, early identification of such deficiencies directly from structural floor plans can provide important
support during both preliminary design and rapid assessment stages. This study presents an automated methodology
for detecting, classifying, and evaluating load-bearing elements in RC building floor plans by integrating image
processing and deep learing techniques. The YOLO object detection algorithm was employed to identify structural
components within floor plan images. A dataset comprising 500 RC building floor plans was developed, and structural
elements were manually annotated and labeled for model training and validation. Unlike previous approaches that
mainly focus on limited structural components, the proposed model detects columns, shear walls, and four different
beam types according to their support conditions. In addition, detected bounding box coordinates are converted into
real-world dimensions using grid distances obtained from drawings, allowing the cross-sectional dimensions of each
element to be determined. The model achieved high detection performance, particularly for columns, shear walls, and
main beams, with accuracy values exceeding 93%. The results show that the proposed approach can accurately obtain
information from structural floor plans and provide a promising decision-support system.
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1. Introduction

The first stage of earthquake-resistant design begins during the architectural design phase of a
building. In reinforced concrete (RC) buildings, architectural design is primarily shaped by the
intended use of the building. At this stage, only the locations and directions of vertical load-bearing
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elements are determined. The subsequent structural design phase involves dimensioning these
elements, determining their reinforcement, and performing seismic analyses. Mistakes or
deficiencies in the placement of vertical load-bearing elements during the architectural stage can
significantly reduce the seismic performance of a structure, lead to uneconomical designs, and
complicate the structural design process.

The placement, direction, and continuity of vertical load-bearing elements (columns and shear
walls) and horizontal load-bearing elements (beams) have vital importance on the earthquake
performance of RC buildings. RC buildings constructed in Tiirkiye should be designed in accordance
with the Tiirkiye Building Earthquake Code (TBEC-2018) and Requirements for Design and
Construction of Reinforced Concrete Structures (TS500-2000) regulations [1-2]. These codes
specify design rules related to the dimensions of RC members, material properties, and
reinforcement details. However, they do not provide explicit criteria for the placement of load-
bearing elements, leaving this responsibility largely to the designer’s discretion.

Post-earthquake field investigations assess the damage mechanisms and causes of damage in RC
buildings, revealing deficiencies in the existing building stock. The Kahramanmaras earthquakes
(Pazarcik Mw: 7.7 and Elbistan Mw: 7.6) that occurred on February 6, 2023, further highlighted
these deficiencies. Damage to reinforced concrete buildings is generally categorized as inadequate
material strength, insufficient reinforcement details, poor soil conditions, design mistakes, and
deficiencies [3-9]. These studies have emphasized that mistakes in the arrangement of load-bearing
elements significantly contribute to seismic vulnerability. The most critical deficiencies identified
in the literature are summarized as follows:

- In TBEC-2018, vertical load-bearing elements with a ratio of at least 6 from long to short

sides are called shear walls, and there are special reinforcement details for these elements. Due

to their high rigidity, shear walls increase building rigidity and limit horizontal displacements.

As the stiffness of shear walls increases, they resist more horizontal earthquake forces. The ratio,

number, and placement of shear walls significantly affect the seismic performance of buildings

[10-15]. Low shear wall ratio or discontinuity of shear wall has a negative effect on structural

performance.

- Asymmetrical distribution of vertical load-bearing elements causes torsional irregularities,

which lead to additional forces and damage concentration under seismic loading [16-20].

- Inreinforced concrete buildings, a building is expected to perform similarly in both directions.

However, the strong direction of vertical load-bearing elements is largely in a single direction,

causing the building to behave poorly in the other direction [5].

- In conventional RC buildings with beam—slab systems, vertical loads are transferred from

slabs to beams and then to columns. For vertical elements to act together efficiently, they should

be connected by continuous beams. Frame discontinuities significantly reduce lateral stiffness

and overall earthquake resistance [21-23].

- Beam slab floor systems provide an economical and suitable design for up to approximately

8 m. Increasing this distance not only results in uneconomical designs but also causes deflection

problems. When the beam distance is short (less than approximately 2 m), the shear force on the

beam increases, leading to a higher risk of brittle failure [24].

These issues clearly show that the arrangement of load-bearing elements is a critical determinant
of seismic performance. Importantly, many of these design deficiencies can be identified directly
from structural floor plans, even before structural analysis is performed. Therefore, developing
automated tools capable of evaluating floor plans in terms of load-bearing element configuration
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would provide a valuable means for early detection of design mistakes and improvement of seismic
design quality.

1.1 Related studies

This study uses the YOLO algorithm, an image processing method, to detect load-bearing
elements in floor plans of RC buildings. In the literature, image processing techniques have been
used in many different applications in civil engineering. Deep learning methods have been applied
to the obtaining of structural information from drawings and images. Akan et al. [25] developed an
application that detects torsional irregularities in architectural plans of RC buildings. Zhao et al. [26]
identified columns and beams using the YOLO algorithm on 2D structural drawings. Mishra et al.
[27] used an algorithm to detect objects (such as doors, windows, and walls) on architectural plans.
Furthermore, deep learning-based approaches have been proposed for the intelligent design of RC
buildings, showing the potential of artificial intelligence in structural design automation [28].

Recent advances in artificial intelligence and deep learning have significantly expanded their use
in earthquake engineering, structural safety assessment, and intelligent seismic control. Zhang et al.
proposed a seismic control strategy for adaptive variable stiffness intelligent structures by
combining fuzzy control with Long Short-Term Memory (LSTM) [29]. Similarly, an LSTM-based
prediction algorithm was used for semi-active variable stiffness and damping control of adjacent
structures [30]. Recent studies further show that artificial intelligence-based computational
approaches can enhance the interpretation of complex engineering data and support more effective
decision-making processes [31, 32].

There are studies in the literature that evaluate RC buildings using exterior facade images. Ekici
et al. [33] used an algorithm that decides whether reinforced concrete buildings are adjacent or not
by using images of the buildings using a deep learning approach. In the study, the cases where floor
levels of reinforced concrete buildings are the same or different are introduced to the algorithm.
Using image processing techniques, soft story and short column conditions were detected from
exterior images of buildings [34]. Ye et al. [35] examined the damage condition of bridges using
image processing techniques.

There are studies that detect damages or cracks in reinforced concrete buildings using image
processing techniques. Giiltekin and Dogan [36] used an algorithm that detects whether the damages
in reinforced concrete buildings are structural or non-structural elements. Dogan et al. [37] used an
algorithm to determine whether damages occurring in reinforced concrete elements were caused by
earthquakes or corrosion. Yilmaz et al. [38] used a deep learning approach to determine earthquake
damage levels in reinforced concrete elements. Additionally, image processing techniques have been
used in many different civil engineering applications, and successful results have been obtained.
Demir et al. [39] developed an image processing-based algorithm for the detection of cracks in roads.
Determination of reinforcement and reinforcement spacing was made by deep learning through
images [40]. Tracking of work machines for earthwork progress was examined by image processing
techniques [41]. Ozman et al. [42] used image processing techniques for damage assessment of RC
buildings. Also, different studies in the literature use image processing techniques to detect
multicategory damages in reinforced concrete elements [43, 44].

These studies show that deep learning can support both obtaining structural information and
providing structural design. However, existing approaches in the literature generally focus on
seismic response control, post-event assessment, architectural object recognition, or limited
component detection. In contrast, the present study focuses on the automated detection, dimensional
conversion, and structural engineering-based evaluation of load-bearing elements directly from
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reinforced concrete structural floor plans.

When studies about floor plans of RC buildings in the literature are briefly evaluated, it is seen
that torsional irregularity determination is made by taking into account vertical load-bearing
elements in the architectural floor plan [25], columns and beams are determined in floor plans [26],
and nonstructural objects are determined in architectural floor plans [27]. The proposed model in
this study identifies shear walls, columns, and beams in different support conditions in the floor plan
of RC buildings. It also determines the actual dimensions and location of load-bearing elements by
taking grid distances. Then, the obtained data was evaluated from a structural engineering
perspective for earthquake-resistant building design. The developed model offers a new and
effective method.

1.2 Motivation and contributions

Correct placement of load-bearing elements is one of the most critical issues for achieving
earthquake-resistant design in reinforced concrete (RC) buildings. Mistakes or deficiencies in the
arrangement of columns, shear walls, and beams may reduce seismic performance, increase torsional
effects, cause frame discontinuities, and lead to inefficient or uneconomical structural solutions.
Since many of these deficiencies can be observed directly from structural floor plans, the automated
extraction and evaluation of load-bearing element information from such drawings can provide
significant support during the early design and assessment stages. This study aims to address this
issue by developing an automated methodology that combines image processing, deep learning-
based object detection, and structural engineering-based evaluation.

In this study, the YOLO algorithm was used to identify load-bearing elements from RC structural
floor plans. A dataset consisting of 500 RC building structural floor plans was prepared. Also,
columns, shear walls, and beams were manually annotated. Unlike conventional component
detection approaches, beams were further classified into four groups according to their support
conditions, allowing the model to distinguish between continuous beams, discontinuous beams,
secondary beams, and cantilever beams. The main novelty of this study is that it not only detects
structural elements visually but also converts the detected bounding box information into real-world
coordinates and dimensions using grid distances obtained from structural drawings. Therefore, the
proposed method enables both the automatic identification and quantitative evaluation of load-
bearing elements in RC floor plans.

The main contributions of this study can be summarized as follows:

- This study develops a YOLO-based automated detection system that enables the identification

of columns, shear walls, and different beam categories in reinforced concrete structural floor

plans.

- A comprehensive dataset consisting of 500 RC building structural floor plans was prepared,

and the relevant structural elements were manually annotated for model training and validation.

- The proposed method classifies beam elements according to their support conditions, thereby

providing additional structural information about beam continuity and support configuration.

- Detected structural elements are converted into real-world coordinates and dimensions by

using grid distance information obtained from structural drawings.

- The obtained data are used to support the structural evaluation of RC buildings at an early

design stage, particularly in terms of load-bearing element distribution, beam continuity,

eccentricity, and potential design deficiencies.

The proposed methodology provides a practical decision-support framework for the preliminary
assessment of newly designed buildings and the rapid evaluation of existing RC structures. By
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integrating deep learning-based detection with structural engineering interpretation, this study offers
a new and effective approach for improving the early identification of potential design deficiencies
in earthquake-resistant building design.

2. Methodology

The proposed model aims to identify load-bearing elements in floor plans of reinforced concrete
(RC) buildings. Grid distances obtained from structural plans are used to determine the actual
coordinates and cross-sectional dimensions of detected elements. The YOLO algorithm, applied for
element detection, is described in the following subsection. The data produced by the model are
evaluated from a structural engineering perspective to identify potential design deficiencies
commonly observed in RC buildings, as discussed in Section 2.3.

2.1 YOLO algorithm

In recent years, YOLO (You Only Look Once) has become one of the most widely used object
detection algorithms, particularly favored in real-time applications [45, 46]. Unlike region proposal-
based methods such as R-CNN and Fast R-CNN, YOLO adopts a single-stage regression-based
approach in which object localization and classification are performed simultaneously. In this
approach, the input image is processed in a single forward pass through a convolutional neural
network, and the model directly predicts bounding box coordinates, confidence scores, and class
probabilities.

The YOLO algorithm divides the input image into an SXS grid. Each grid cell is responsible for
predicting the object. For each detected object, the model predicts the class label and the geometric
properties of the bounding box. As shown in Fig. 1, the YOLO annotation of an object is represented
by the tuple (c, X, y, bw, bn), where ¢ denotes the class of the object, x and y denote the coordinates
of the center of the bounding box, and bw and bn denote the width and height of the bounding box,
respectively. In Fig. 1, the black point indicates the center of the detected object. The parameters x
and y represent the horizontal and vertical coordinates of this center point with respect to the image
frame, while bw and bn represent the width and height of the bounding box. Since YOLO uses
normalized coordinates, these values are scaled relative to the image width w and image height h.
Accordingly, normalized center coordinates are calculated as follows

Xc

x== (1
e
= 2)

Similarly, the normalized width and height of the bounding box are obtained as

by = — 3)

_hp
y=- )
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(c, x, 'y, bw, bh)

w c: class of the object

X, y: coordinates of the bounding box center

T w, b: width and height of object

Figure 1. Bounding box prediction of YOLO algorithm

where X. and y. are pixel coordinates of the bounding box center, and w;, and h, are the width and
height of the bounding box in pixel units. Egs. (1)-(4) define the normalization procedure shown in
Fig. 1. Since all coordinate values are normalized between 0 and 1, the annotation format becomes
independent of the original image resolution.

In this study, YOLO was selected because RC structural floor plans contain repetitive,
geometrically defined, and visually distinguishable load-bearing elements. Columns, shear walls,
and beams are generally represented by rectangular or line-based shapes in structural drawings.
These characteristics make them suitable for bounding box-based object detection. Moreover,
YOLO can detect many structural elements in a single floor plan image simultaneously, which is
important because RC floor plans generally include numerous load-bearing components with
different sizes and orientations. As shown in Fig. 2, each structural element in the floor plan was
annotated with a bounding box and a corresponding class label. The annotation process was
performed manually to ensure the correct representation of load-bearing elements. In the proposed
method, detected classes include columns, shear walls, and four different beam categories defined
according to their support conditions. Each labeled object was converted into YOLO-compatible
text format. Each row in the annotation file includes the class ID, normalized x_center and y_center
coordinates, and normalized width and height values. This annotation format allows the model to
learn both the geometric position and the structural category of each element during training. During
the training stage, the annotated RC floor plan images were used as input data, and the YOLO model
was trained to detect and classify load-bearing elements. The training process aims to minimize the
difference between the predicted bounding boxes and the manually labeled ground-truth boxes.
After training, the model can automatically identify structural elements in previously unseen floor
plan images and assign each detected element to one of the predefined classes. Thus, YOLO
constitutes the first stage of the proposed methodology by obtaining the class, location, and pixel-
based dimensions of the load-bearing elements from structural drawings. However, pixel-based
detection results alone are not sufficient for structural engineering evaluation. Therefore, the
proposed method further processes the YOLO outputs by using grid distance information obtained
from structural drawings. First, pixel coordinates and bounding box dimensions of detected elements
are obtained from the YOLO output. Then, the scale ratio between pixel distance and real-world
distance is calculated using the known grid distances on the floor plan. By applying this scale ratio,
center coordinates, width, and height of each detected element are converted into real-world units.
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Figure 2. YOLO annotation pipeline for structural elements in structural floor plans

2.2 Determination of distances

In RC buildings, plan dimensions and distances between grids are included on the plan (Fig. 3).
Using these grid distances, each pixel on the image can be calculated. Dimensions of load-bearing
elements are determined in pixels. Then the actual size of the element can be calculated. Fig. 4
illustrates the process of entering the real-world distance between two selected points on the floor
plan. This distance is used as a reference for converting pixel-based measurements into actual
dimensions.
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Figure 5. Definition of load bearing elements and construction of RC buildings

2.3 Design process of RC buildings

During the design process of reinforced concrete buildings, the architectural project is first
prepared. The building plan is created based on the using purpose. No earthquake resistance
calculations are made during the architectural design phase. However, locations and directions of
vertical load-bearing elements (columns and shear walls) are indicated. The placement of vertical
load-bearing elements is crucial for earthquake-resistant building design. Following the architectural
design phase, the structural design is carried out by determining the beams, in addition to vertical
load-bearing elements. During the structural design phase, structural element dimensions and
reinforcement calculations are carried out, taking into account earthquake regulations (Fig. 5).

Locations and dimensions of load-bearing elements of the RC building provide important
information about the earthquake performance of the building. The following issues can be evaluated
using this information;

- Ratio and number of shear walls can be determined for two directions of buildings.

- Torsional irregularity can be determined by determining the difference between the building's

rigidity center and gravity center.

- By knowing beam lengths in the building, it can be determined whether there is a risk of short

beams. Similarly, long beams that may have deflection problems can be detected.

- Whether vertical load-bearing elements are connected to each other with beams (frame

discontinuity) can be determined.

- By specifying the direction of each vertical load-bearing element, an assessment can be made

between the two principal directions of the building.
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Unlike architectural floor plans, beams are shown in structural floor plans. Beams can be
classified into four groups according to their support condition. Figure 6 shows an example of all
beam types on a structural floor plan.

B1: Beams are supported by vertical load-bearing elements at both ends. B1 beams provide the
effective interaction of vertical load-bearing elements.

B2: Discontinuous beams are supported by a vertical load-bearing element at one end and by
another beam at the other end. B2 beams decrease building rigidity and may increase the risk of
brittle failure in the supporting beam.

B3: Beam supported by another beam at both ends. B3 beams are generally used to support slabs
in large-span systems

B4: Cantilever beams supported by the vertical carrier element at one end and free at the other
end. B4 beams are located on the exterior facade of buildings.

3. Proposed model

The proposed model was designed as an automated decision-support system for evaluating load-
bearing elements using RC structural floor plans. For this purpose, the model combines four main
stages: dataset preparation, structural element detection, real-world dimensional conversion, and
engineering-based assessment. The overall workflow of the proposed system is presented in Fig. 7.

In the first stage, a floor plan dataset representing different RC buildings was prepared. The
dataset includes structural drawings containing columns, shear walls, and beams with different
support conditions. The reliability of the detection model directly depends on the quality of the
labeled data, and each load-bearing element was manually annotated according to its structural
class. The annotation process was carried out by drawing bounding boxes around structural
components and assigning corresponding class labels. In this study, the main object categories were
defined as columns, shear walls, and beams. For each detected object, the file includes the class ID,
normalized center coordinates, and normalized width and height values of the bounding box. This
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Figure 7. Workflow diagram of the proposed model for automated detection and real-world dimension scaling
in floor plan images

format enables the object detection model to learn both the geometric location and structural
category of each component. In order to improve the generalization capacity of the model and reduce
sensitivity to drawing quality, data augmentation was applied to labeled images. These processes
included geometric transformations, photometric changes, and blurring-based modifications. Thus,
the model was exposed to different visual conditions during training and became more robust against
variations in drawing scale, line thickness, contrast, and image quality. In the second stage, the
YOLO-based object detection model was trained using the prepared dataset. The model receives a
structural floor plan image as input and produces bounding box predictions for the load-bearing
elements. Each prediction includes the detected class, the confidence score, and the pixel-based
location and dimensions of the object. Through this process, the model automatically identifies
columns, shear walls, and beam categories on floor plans. However, direct outputs of YOLO are
expressed in pixel units, whereas structural engineering evaluations require real-world dimensions.
Therefore, the third stage of the proposed model focuses on dimensional conversion. Structural floor
plans include grid lines and grid distances that define the actual dimensions of the building. In the
proposed system, a reference distance between two selected grid lines is used to calculate the scale
factor between pixel length and real-world length. The user marks the reference grid distance on the
floor plan and enters the corresponding real-world value. Based on this information, the system
calculates the pixel-to-centimeter conversion ratio. This ratio is applied to the bounding box
coordinates and dimensions obtained from the YOLO output. Through this conversion process, the
center coordinates, width, and height of each detected structural element are transformed from pixel
units into real-world units. As a result, the model generates not only annotated floor plan images but
also numerical data containing the class, position, and dimensions of each load-bearing element.
This feature distinguishes the proposed model from simple visual detection approaches because the
obtained data can be directly evaluated from a structural engineering perspective. The number and
distribution of shear walls can be examined in both principal directions of the building. The position
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of vertical load-bearing elements can be used to assess eccentricity and torsional effect.

The proposed model provides a workflow from image-based object detection to structural
interpretation. First, the floor plan is processed by the YOLO model to detect load-bearing elements.
Second, the detected bounding box information is converted into real-world coordinates and
dimensions using grid distance. Third, the resulting data are organized in a structured output format.
Finally, these outputs are used to support the early-stage evaluation of RC buildings in terms of load-
bearing element placement, shear wall distribution, beam continuity, eccentricity, and possible
design deficiencies. In this way, the proposed model can contribute to the rapid assessment of
existing buildings and can also be used as a preliminary control tool during the design of new RC
structures.

4. Simulation and result

This section describes the development stages of the proposed model and evaluates its results.
First, the scope and characteristics of the dataset used to train the model are explained. The labeling
process and the defined classes are explained. Then, the success parameters of the model developed
using test data are presented. Finally, the model developed on a sample floor plan is used, and the
results are evaluated.

4.1 Dataset

For the proposed method to be effectively used, the dataset should contain all types of load-
bearing elements in RC buildings. In this study, a dataset was created using floor plans of 500
reinforced concrete buildings. Although the majority of these reinforced concrete buildings have
shear walls, 19 buildings consisting of only columns are included in the data set. Reinforced
buildings with a beam slab floor system were used in the data set. All of the buildings in the data set
are used for residential purposes, and the floor number varies between 1 and 14. Fig. 8 shows the
construction year and floor number of buildings in the dataset.

4.2 Labeling

A total of six classes were defined: columns, shear walls, and four different beam types. In
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addition to rectangular shear walls, there are different shapes of shear walls, such as L, U, or M. In
these shear walls, each arm is defined as a separate rectangular shear wall. Beams are divided into
four groups based on their support of vertical load-bearing elements or another beam. Defined
classes are listed below:

- Column: Vertical load-bearing element

- Shear wall: Vertical load-bearing element whose long side is at least 6 times the short side,

shear walls could be different shapes, such as L, M, and U.

- B1: Beams are connected at both ends to either columns or shear walls.

- B2 (discontinuous beam): Beams with one end connected to a column or shear wall, while

the other end connects to another beam.

- B3 (secondary beam): Beams connected at both ends to other beams, without direct

connection to a column or shear wall.

- B4 (cantilever beam): Beams connected at one end to a column or shear wall and extending

freely at the other end.

In order to train the YOLO model, a dataset consisting of floor plan images was manually
annotated based on predefined structural categories. During the annotation process, bounding boxes
were drawn around each structural element, and class labels were assigned according to their
geometric configuration and contextual position within the layout (Fig. 9). The annotation was
carried out using Labellmg, an open-source labeling tool, and the label data for each image was
saved in plain text files formatted according to YOLO requirements. In order to prevent mistakes
during labeling, labeled floor plans were checked by other authors.

4.3 Data augmentation

A structured preprocessing and augmentation workflow was implemented to enhance dataset
diversity and improve model robustness. The augmentation process was performed using the
Albumentations library. For each labeled image, bounding boxes were first converted from YOLO
format to Pascal VOC format, and after augmentation, they were recalculated and converted back to
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YOLO format. After each transformation, images were resized to their original dimensions to
maintain consistency with the model input. Each original image was augmented five times.
Therefore, for each original floor plan image, five additional augmented images and corresponding
label files were generated. This process increased the dataset size fivefold and exposed the model to
different visual conditions such as changes in orientation, brightness, contrast, color distribution,
noise, and slight blurring. As a result, the model became more robust against variations in drawing
quality, scanning conditions, line thickness, and visual clarity.

4.4 Evaluation metrics and performance analysis

In our study, the confusion matrix (Fig. 10(a)) illustrates the numbers of correct and incorrect
classifications across classes. The dark-colored cells along the diagonal represent the model’s
success in correctly identifying corresponding classes. In particular, a high number of correct
predictions were obtained for column and beam classes. In contrast, off-diagonal cells indicate
misclassifications between classes, which were mostly observed among beam types with similar
visual characteristics (e.g., BI, B2, B3, and B4). The normalized confusion matrix (Fig. 10(b))
presents this distribution in proportional terms. Here, each row is normalized to 100% of the
respective ground-truth class, allowing a clearer visualization of the extent to which predictions were
correct or misclassified. For instance, the majority of samples in the column class were correctly
classified (> 0.90), whereas relatively lower accuracy rates and cross-class predictions were
observed among different beam types. The results highlight the model’s strong performance in
detecting columns, shear walls, and main beams in structural floor plans, while suggesting that
additional data diversity or advanced feature extraction techniques may be required for more precise
differentiation of beam types.

The training configuration was specified to improve the reproducibility of the model. In this
study, the Ultralytics YOLO framework was used with the pretrained YOLOI1ln model
(yolol1n.pt). The model was trained using the dataset configuration defined in the data.yaml file.
The input image size was set to 640 x 640 pixels, and the training was performed for 100 epochs on
a CPU. Since the batch size, optimizer, and learning rate were not manually changed, the default
settings of the Ultralytics framework were used for these parameters.

The evaluation of the model’s classification performance is summarized in Table 1. Parameters
used in the table are defined as follows: Ground Truth (GT) refers to the actual number of labeled
objects in each class; Detected (YOLO) indicates the total number of objects detected by the model;
True Positive (TP) represents the number of correctly classified objects; False Positive (FP) refers
to the number of objects incorrectly assigned to that class by the model; and False Negative (FN)
denotes the number of objects missed by the model. Among the performance metrics, Precision
measures the proportion of correct predictions among all predictions made by the model; Recall
reflects the proportion of ground-truth objects that were successfully detected; and the F1 Score
represents the harmonic mean of precision and recall. The results show that the model achieved its
highest performance in the B1 (Precision, Recall, and F1: 96.7%). Similarly, the Column class
shows high accuracy with 94.5%. Performance in the Shear Wall class was slightly lower, at 93%.
For the subclasses, B3 (87.5%) and B4 (86.2%) yielded lower values for both precision and recall,
while B2 reached 81.8%. This indicates that the model had greater difficulty in distinguishing
between beam subtypes with similar visual features. Furthermore, since columns and main beams
are more frequently present in structural plans compared with other elements, these classes were
learned with higher accuracy by the model. Conversely, performance was relatively lower in
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Figure 10. Confusion matrix results representing the classification performance of the model: (a) confusion
matrix with absolute values, (b) normalized confusion matrix

subclasses (B2, B3,and B4) that were underrepresented in the dataset. Overall, these findings
indicate that the model provides highly reliable detection performance for columns, main beams
(B1), and shear walls. However, due to the imbalanced distribution of classes in the dataset, the
classification of subtypes requires greater data diversity, balancing strategies, or the application of
advanced feature extraction techniques.

The performance curves presented in Fig. 11 provide a detailed depiction of the model’s behavior
with respect to varying confidence thresholds. The F1-Confidence curves show that F1 values
plateau at intermediate confidence levels, indicating the most balanced operating point. The
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Table 1. Classification performance of the model by class
Ground Detected Tr.u.e Fa.ls.e Fals? Precision Recall F1 Score
Class Truth (YOLO) Positive  Positive Negative (%) (%) (%)
(GT) (TP) (FP) (FN) ? ° ’
Column 164 157 155 9 9 94.5 94.5 94.5
Shear wall 100 94 93 7 7 93.0 93.0 93.0
Bl 360 349 348 12 12 96.7 96.7 96.7
B2 11 11 9 2 81.8 81.8 81.8
B3 24 23 21 87.5 87.5 87.5
B4 58 51 50 86.2 86.2 86.2
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Figure 11. Performance evaluation curves: (a) F1-Confidence; (b) Precision—Confidence; (c) Precision—
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Precision—Confidence curves show that precision increases as the threshold rises, reflecting fewer
but more accurate predictions, while the Recall-Confidence curves reveal the expected decline in
recall under the same conditions. The Precision—Recall curves illustrate the trade-off between the
two metrics, with the curves remaining close to the upper-right corner, highlighting strong overall
performance. Notably, the column and beam classes exhibit consistently higher and more stable
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values across all curves, whereas the subclasses (B2, B3, B4) show earlier performance drops. These
patterns suggest the impact of class imbalance and visual similarity among subclasses, and they
indicate that adopting an intermediate confidence threshold may provide the optimal balance for F1
performance. Furthermore, enhancing data diversity and incorporating class-specific discriminative
features could improve performance in structurally similar subclasses.
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Figure 13. Marked load-bearing elements



Automated identification of structural elements in RC buildings ... 497

Table 2. Evaluation of proposed model

Parameter Real value Proposed model
Number of shear wall 7 7
Number of columns 12 12
Number of Bl 29 29
Number of B2 2 2
Number of B3 0 0
Number of B4 0 0
Shear wall ratio for X direction (%) 1.89 1.86
Shear wall ratio for Y direction (%) 0.45 0.41
Eccentricity ratio for X direction (%) 0 0.4
Eccentricity ratio for Y direction (%) 17.9 17.1

4.5 Examination a RC building by proposed methodology

The proposed methodology was applied to a sample RC building within the scope of the study.
The floor plan of the building is given in Fig. 12. Fig. 13 shows the load-bearing elements identified
in the examined floor plan. The algorithm identified a total of 50 load-bearing elements. It lists the
class, coordinates, and cross-section dimensions of each element.

It has been determined that load-bearing elements were correctly identified on the floor plan
(Table 2). Shear wall ratios for two directions in the floor plan were calculated and given as
percentages. Also, the eccentricity of the investigated floor plan was calculated according to the
obtained vertical load-bearing elements. The results obtained show that the developed algorithm
gives successful results.

5. Discussions

The findings of this study show that load-bearing elements in reinforced concrete structural floor
plans can be automatically detected and converted into usable engineering data through the proposed
YOLO-based methodology. The placement of columns, shear walls, and beam elements is important
because these components directly affect lateral stiffness, load transfer continuity, and the seismic
behavior of RC buildings. Current earthquake regulations in Tiirkiye provide detailed rules for
material properties, dimensions, reinforcement detailing, and seismic analysis. However, they do
not impose explicit restrictions on the placement and distribution of load-bearing elements in the
early design stage. Therefore, the arrangement of columns, shear walls, and beams is often
influenced by architectural constraints and designer experience. This may lead to unfavorable
structural configurations such as insufficient shear wall distribution, torsional irregularity, or frame
discontinuity. In this context, the proposed model can serve as a preliminary decision support system
for identifying such potential design deficiencies directly from structural floor plans. The conversion
of pixel-based YOLO outputs into real-world dimensions is one of the key advantages of the
proposed method. Instead of providing only visual detection results, the model produces quantitative
information such as element coordinates, dimensions, and class labels. These data can be used to
evaluate shear wall ratios in both principal directions, beam continuity, eccentricity, and the general
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distribution of vertical and horizontal load-bearing elements. Thus, the proposed approach
establishes a link between image-based object detection and structural engineering-based
assessment. The results also show that the model performs more successfully for frequently observed
and visually distinct elements such as columns, shear, walls, and main beams. However, the
performance is relatively lower for some beam subclasses, particularly B2, B3 and B4. This may be
related to the limited number of samples in these classes and the visual similarity between different
beam types in structural drawings. It should also be noted that the dataset used in this study was
created from real RC structural floor plans in Tiirkiye rather than synthetically generated or
artificially balanced drawings. Therefore, the class distribution reflects actual local design practice
and real building configurations. In real RC buildings, columns, shear walls, and B1-type main
beams are commonly encountered, whereas other subclasses are expected to appear less frequently
because they are associated with more specific support conditions and structural configurations.
Increasing the number and diversity of samples may improve the classification performance in future
studies. Although the proposed method provides promising results, it should be considered as a
preliminary assessment tool rather than a replacement for detailed structural analysis. The current
model evaluates geometric and positional information obtained from floor plans, but it does not
include material properties, reinforcement details, soil conditions, or nonlinear seismic analysis.
Future studies may integrate these parameters into the system and test the model on more
independent floor plans with different building configurations. In addition, automatic grid
recognition and integration with structural analysis or BIM-based platforms may further increase
the practical usability of the proposed approach.

A direct comparison with other object detection architectures, such as Faster R-CNN, Mask R-
CNN, Cascade Mask R-CNN, DETR, or different YOLO versions, was not included in the present
study. Since the main aim of this study was to develop an integrated framework for detecting,
dimensioning, and structurally evaluating load-bearing elements from RC floor plans, model
benchmarking was considered beyond the current scope. However, future studies will compare the
proposed framework with different object detection architectures using the same RC structural floor
plan dataset in order to provide a more comprehensive quantitative performance evaluation.

6. Conclusions

Design mistakes and deficiencies in the placement of load-bearing elements are among the main
reasons that negatively affect the seismic performance of RC buildings. Inadequate shear wall ratio,
weak behavior in one principal direction, torsional irregularities, and frame discontinuities are
common deficiencies observed in damaged RC buildings. Since many of these deficiencies can be
identified directly from structural floor plans before structural analysis, automated evaluation of
floor plan data can provide important support for earthquake-resistant design and preliminary
structural assessment. A dataset consisting of 500 RC building structural floor plans designed in
Tirkiye was prepared, and the structural elements were manually annotated. The proposed model
was trained to detect columns, shear walls, and beam elements. In addition, beam elements were
classified into different categories according to their support conditions.

Main findings obtained from this study can be summarized as follows:

e The proposed YOLO-based methodology successfully detected the main load-bearing

elements in RC structural floor plans, including columns, shear walls, and beam elements.

e The model achieved reliable detection performance, particularly for columns, shear walls, and
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B1-type beams, with accuracy values of at least 93%.

e The detection performance was relatively lower for less frequent beam subclasses, mainly due

to the limited number of samples in these classes and the visual similarity between different beam

types.

¢ The proposed method converted pixel-based YOLO outputs into real-world coordinates and

dimensions using grid distance information obtained from the structural drawings.

e The obtained data can support preliminary structural evaluation in terms of shear wall

distribution, beam continuity, torsional effect, and other possible design deficiencies.

Overall, the results show that the proposed methodology can serve as a practical decision-support
tool for the preliminary evaluation of newly designed RC buildings and the rapid assessment of
existing structures. However, the method should not be considered a substitute for detailed structural
analysis, material evaluation, reinforcement assessment, or code-based seismic design verification.
Future studies should focus on increasing the number and diversity of independent test cases,
improving the detection performance of underrepresented beam classes, automating grid and
dimension recognition, and integrating the obtained data with structural analysis or BIM-based
platforms. With these improvements, the proposed approach may contribute to more efficient,
reliable, and automated earthquake-resistant design.
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