
Civil Engineering and Architecture 14(5): 3514-3531, 2026 http://www.hrpub.org 

DOI: 10.13189/cea.2026.140508 

Hybrid AI Model for Early Detection of Structural 

Irregularities in Earthquake-Resistant   

Architectural Design 

Selin Deniz Ataş1,*, Aslı Er Akan1, Hilal Tuğba Örmecioğlu2

1Department of Architecture, Faculty of Architecture, Çankaya University, Turkiye 
2Department of Architecture, Faculty of Architecture, Akdeniz University, Turkiye 

Received April 19, 2026; Revised July 8, 2026; Accepted August 19, 2026 

Cite This Paper in the Following Citation Styles 

(a): [1] Selin Deniz Ataş, Aslı Er Akan, Hilal Tuğba Örmecioğlu , "Hybrid AI Model for Early Detection of Structural 

Irregularities in Earthquake-Resistant Architectural Design," Civil Engineering and Architecture, Vol. 14, No. 5, pp. 

3514 - 3531, 2026. DOI: 10.13189/cea.2026.140508. 

(b): Selin Deniz Ataş, Aslı Er Akan, Hilal Tuğba Örmecioğlu (2026). Hybrid AI Model for Early Detection of Structural 

Irregularities in Earthquake-Resistant Architectural Design. Civil Engineering and Architecture, 14(5), 3514 - 3531. 

DOI: 10.13189/cea.2026.140508. 

Copyright©2026 by authors, all rights reserved. Authors agree that this article remains permanently open access under the 
terms of the Creative Commons Attribution License 4.0 International License 

Abstract  The integration of artificial intelligence (AI) 

into early-stage architectural design remains limited, 

particularly in detecting seismic structural irregularities 

before structural engineering analysis. This study proposes 

a hybrid AI-driven framework for the early detection of 

structural irregularities defined in the Turkish Earthquake 

Code (TBDY 2018), focusing on torsional irregularity (A1) 

and slab discontinuity (A2). The developed system, 

Irregularity Detector (ID.1), employs a Convolutional 

Neural Network (CNN) architecture to extract spatial and 

geometric features from architectural plan images and 

integrates these features with analytical structural 

parameters, including calculations of the center of rigidity 

and center of mass. The dataset consists of 1,576 

architectural plan samples derived from eight statically 

verified base configurations, with a validation split of 0.2 

used during model training. Results demonstrate that 

purely visual models exhibit limited performance, 

particularly in boundary conditions where structural 

eccentricity approaches code-defined thresholds. In 

contrast, the proposed hybrid approach significantly 

improves detection reliability by combining image-based 

learning with engineering-based mathematical analysis. 

The model achieved a validation accuracy of 99.2% and an 

F1-score of 0.98, confirming its effectiveness in classifying 

structural irregularities. The findings highlight the 

limitations of conventional visual augmentation methods 

in structural analysis and emphasize the importance of 

physics-informed feature integration in deep learning 

applications for architectural design. The proposed system 

enables automated feedback during the architectural design 

phase, reducing reliance on time-consuming manual 

structural assessments and minimizing costly design 

revisions. By bridging the gap between architectural design 

and structural engineering, this research contributes to the 

digital transformation of seismic-aware design processes. 

Future work will focus on expanding the model using 

large-scale real-world datasets, incorporating additional 

irregularities such as vertical structural irregularities, 

integrating with Building Information Modeling (BIM) 

workflows, and adapting the framework to international 

seismic codes such as Eurocode 8. 

Keywords  Structural Irregularities, Earthquake- 

Resistant Architecture, Convolutional Neural Networks, 

Hybrid AI Systems, Irregularity Detector (ID.1) 

1. Introduction

Today, digital tools used by architects are constantly 

evolving and becoming an indispensable part of the 

design process. The development of these digital tools 
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[1][2] has aimed to facilitate architectural design 

processes, especially with new methods such as Building 

Information Modeling (BIM) systems. However, basic 

design decisions usually belong to architects who are 

designers, and these decisions are made before digital 

tools are included in the design process. At this stage, the 

use of artificial intelligence technologies and applications 

could help architects in early-stage design decisions 

[3][4][5]. Artificial intelligence (AI) can support 

architects in areas that require expertise and experience, 

especially in machine learning (ML), image processing 

(IP), deep learning (DL), and decision-making processes 

(DM). In the early stages of design, the use of AI systems 

may contribute to the design process by making accurate 

and effective structural system decisions [6][7]. This 

could provide a significant advantage, especially in 

regions with high earthquake risk where earthquake 

regulations must be applied [8]. 

Within the scope of the study, methodological and 

practical approaches that will enable the effective 

integration of AI technologies into architectural design 

processes will be discussed by focusing on structural 

irregularities such as A1 (Torsional Irregularity) and A2 

(Slab Discontinuity) defined in the Turkish Earthquake 

Code. The research will deeply examine the applicability 

of these technologies in the field of architecture, the 

advantages offered, the difficulties encountered, and the 

potential areas of future development. 

Existing literature often treats these disciplines 

separately. While machine learning (ML) has been 

applied to construction management or post-disaster 

damage assessment, its application in early-stage 

architectural layout optimization for seismic safety is 

limited. This study addresses the following research 

questions: RQ1: Can deep learning detect A1 and A2 

irregularities from architectural plans? 

RQ2: Does integrating engineering calculations 

improve accuracy? RQ3: Can hybrid models assist early 

architectural design? 

Unlike previous studies that rely solely on image 

recognition, this research proposes a novel "feature 

fusion" methodology. The results of the study will reveal 

the efficiency of the use of AI and ML in 

earthquake-resistant architectural design processes, 

allowing us to better understand the role of these 

technologies in the sector and their possible future 

contributions. For this purpose, AI-driven detection of 

structural irregularity will be performed, and ML and 

Generative AI tools will be integrated into 

earthquake-resistant architectural design. The research 

aims to contribute to the development of a faster and more 

effective approach to earthquake-resistant structural 

design by providing innovative solutions for architects 

and engineers. 

2. Literature Review 

In this study, the literature is reviewed by focusing on 

the intersection of AI and ML in the field of 

earthquake-resistant architectural design, and the complex 

relationships between architecture, AI, ML, and related 

disciplines are presented with a detailed Sankey diagram 

analysis. In this analysis, a total of 2769 publications were 

identified in the fields of ML [9][10][11], AI [12][13], IP 

[14][15][16], earthquake [17][18][19], and image 

classification [20][21] under the main discipline of 

architecture. Among these publications, only 14 studies 

were found that used the keywords "architecture," 

"earthquake," "AI," and "ML" together 

[1][2][3][6][8][12][13][17][18][21][22]. These results 

allow us to understand the density and trends of academic 

production in these fields.  

However, a critical analysis of recent studies reveals 

specific focus areas distinct from this research's approach. 

For instance, Avcı and Kavut [3], Bingöl et al. [6] and Er 

Akan et al. [7], focused on the classification of structural 

irregularities or damage detection in existing stocks. 

Similarly, studies by Jang and Lee [2], Mousavi et al. [18], 

and Yadav et al. [19] applied deep learning primarily for 

structural health monitoring and rapid seismic assessment, 

dealing with buildings that are already constructed. Other 

approaches, such as Yigitbas et al. [1] and Baran Ergül et 

al. [8], utilized ML for performance prediction and 

optimization tasks. This research distinguishes itself from 

these works by shifting the focus to the pre-design phase, 

aiming to guide the architect before the structural 

engineering phase begins. 

One of the points that is particularly striking is the 

noticeable increase in the number of publications on 

earthquake-related topics. This situation shows that 

researchers in earthquake engineering and architecture 

disciplines are focusing on important studies in this field. 

As highlighted in Figure 1, however, another important 

finding that stands out in this analysis is the limited 

interaction between earthquake-resistant architectural 

design and ML in the literature. In the studies conducted, 

there are few publications on ML applications focusing on 

the earthquake resistance of architectural design (Figure 

1). The limited integration between ML and early 

architectural seismic design can be attributed to several 

factors. First, structural irregularity assessment 

traditionally relies on deterministic engineering 

calculations, making it less explored in data-driven 

frameworks. Second, the lack of labeled architectural plan 

datasets suitable for ML training presents a significant 

barrier. Third, architectural design decisions occur in 

highly iterative and conceptual phases, where structured 

computational inputs are often unavailable. This study 

addresses these limitations by proposing a hybrid 

approach combining visual data and structural engineering 

parameters. 
 



3516 Hybrid AI Model for Early Detection of Structural Irregularities in Earthquake-Resistant Architectural Design  

 

 

Figure 1.  Graph showing the distribution of studies by research areas (WOS) 
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3. Definition of the Problem 

In general, AI could be defined as a machine that 

imitates or attempts to imitate the human mind [13][19]. 

Kelleher [24] defines AI as a field of research that 

attempts to develop computational and mathematical 

systems that can perform tasks and activities that are 

normally considered necessary. What is essentially stated 

in this definition is that AI is predicted to be able to 

perform these activities in the near future. 

The evolution of AI in architecture, initiated by Alan 

Turing’s foundational concepts in the 1950s, has 

progressed from early CAD systems in the 1960s to 

expert systems in the 1980s [25]. By the 2000s, big data 

and deep learning further advanced parametric and 

generative design approaches [26]. Today, this 

technological progression enables the integration of AI 

into early-stage seismic-aware architectural 

decision-making, which forms the core motivation of this 

study. The historical evolution of these technologies in 

architectural practice is illustrated in Figure 2. 

Integrating ML techniques into earthquake-resistant 

architectural design is a significant advancement in 

learning the earthquake resistance of structures at an early 

stage. As architects and engineers strive to design 

structures resistant to earthquake forces, the use of ML in 

this field emerges as a promising way to support 

earthquake-resistant architectural design. The increasing 

role of ML techniques in earthquake-resistant 

architectural design suggests that they can be an effective 

tool in reducing the time required to calculate structures 

against earthquake forces more effectively [23]. 

The use of ML in structural optimization processes is 

thought to have a significant impact on the process of 

determining configurations that increase earthquake 

resistance by enabling the optimization of structural 

parameters with methods such as neural networks and 

genetic algorithms. In addition, ML models guide 

architects and engineers in the selection of 

earthquake-resistant materials and the prediction of 

material behavior, allowing for more reliable and durable 

material choices.  

The use of ML in seismic response prediction and early 

warning systems plays a critical role in predicting the 

performance of structures during earthquakes and 

minimizing damage with automated responses [17][18]. 

However, along with these advantages, challenges such as 

data quality, model interpretability, and explainability 

must also be addressed. Similarly, ML has significant 

potential not only in seismic response prediction and early 

warning systems, but also in earthquake-resistant 

architectural design processes. The Turkish Earthquake 

Code describes in detail the definition of irregularities that 

determine the behavior of buildings under earthquake 

effects and the situations that should be avoided in such 

buildings. Irregular buildings, which require a careful 

approach in the design and construction stages due to their 

adverse behavior against earthquakes, are divided into 

groups A and B according to the irregularities in the plan 

and vertical direction [27]. 

 

Figure 2.  Timeline of Technological Developments in Architecture [23] 
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In this study, A1 (torsion irregularity) and A2 (slab 

discontinuities), which are frequently encountered in the 

architectural design process, were examined. The 

developed ML-based program was designed and 

evaluated to detect these irregularities. It is hoped that this 

AI-supported approach will guide design decisions at an 

early stage and contribute to the creation of structures that 

comply with earthquake regulations. 

Type A1 irregularity (Figure 3) is called torsional 

irregularity. Torsional irregularity is a condition that 

causes the building to rotate unbalanced under horizontal 

loads. This irregularity occurs as a result of the structure's 

center of rigidity and center of gravity not coinciding with 

each other. In order to prevent such irregularities, the 

load-bearing system elements must be positioned 

appropriately and torsional effects must be taken into 

account during the structure design phase. The regulations 

explain in detail the precautions to be taken and the 

calculations to be made for such irregularities [27]. 

A2 type irregularity (Figure 4) refers to slab 

discontinuities. Discontinuities in the floor are caused by 

factors such as stairwells, elevator shafts, local floor 

openings, and in-plane stiffness reductions. Such 

discontinuities can negatively affect the horizontal 

load-carrying capacity of the structure and cause 

irregularities in load transfer. In order to prevent these 

irregularities, floor slabs must be designed appropriately 

in terms of integrity and rigidity. The regulation explains 

in detail how to calculate and control such irregularities 

[25]. 

 

Figure 3.  A1 Irregularity Defined in the Turkish Seismic Code [26] 

 

Figure 4.  A2 Irregularity as specified in the Turkish Earthquake Code [26] 
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To ensure the explainability of the AI model, critical 

structural parameters were mathematically derived based 

on TBDY 2018. 

Torsional Irregularity (A1): Defined as where the 

maximum story drift ratio exceeds 1.2 times the average 

drift. In the 2D plan analysis, this is correlated with the 

eccentricity (e_x) between the Center of Mass (C_M) and 

Center of Rigidity (C_R): 

ex = |xCM - xCR| 

ey = |yCM - yCR| 

Slab Discontinuity (A2): Defined as where gaps in the 

floor system exceed 1/3 of the total floor area. 

Agap / Atotal > 1/3 

In this study, A1 and A2 irregularities were prioritized 

because they directly affect load distribution and 

structural stability during seismic events. Torsional 

irregularity (A1) can lead to uneven stress concentration 

and progressive collapse, while slab discontinuity (A2) 

weakens diaphragm action and compromises lateral load 

transfer. These irregularities frequently occur in early 

architectural design stages due to spatial layout decisions, 

making them critical targets for early detection. 

In the architectural design process, fundamental 

decisions are usually made by architects. However, 

earthquake resistance is often overlooked in the early 

stages of design. This study presents a program developed 

with DP and IP methods. The aim is to provide 

information to architects at an early stage and help them 

shape their designs with structural systems that comply 

with the earthquake code. In this context, AI and DL were 

used to detect earthquake-induced irregularities in the 

design process. In the first stage of the study discussed in 

this article, the developed program yielded successful 

results in detecting torsion and floor discontinuity 

irregularities. In the following stages, other types of 

irregularities defined in the Earthquake Code will also be 

included in the program and tested on real projects. Thus, 

the developed AI-supported assistant will contribute to 

process and cost savings by minimizing possible revisions 

in architectural projects. 

4. Material and Methods 

In this study, the AI-supported assistant software 

“Irregularity Detector ID.1”, which was developed to 

analyze the irregularities of the load-bearing systems in 

architectural plans, is introduced. ID.1, a deep 

learning-based computer application, aims to detect 

possible irregularities in load-bearing systems based on 

the plan irregularities principles specified in the Turkish 

Earthquake Code. Figure 5 shows the graph that explains 

the working method.  

ID.1 uses a specially trained DL model to classify 

structural systems as regular or irregular. This model 

provides early warnings by determining whether the 

structural system of a structure is regular or irregular in 

the early stages of the design process. In this way, 

earthquake safety is taken into account at the beginning of 

the design process, and major changes that need to be 

made in later stages are prevented. 

The application was developed using the Python 

programming language, and TensorFlow and Keras 

libraries were used for image processing and deep 

learning operations. The training of the deep learning 

model was performed on the Google Colab platform. 

Google Colab provides a cloud-based working 

environment, providing a convenient and installation-free 

infrastructure for ML research. This environment made it 

possible to train the model efficiently and test it quickly. 

 

Figure 5.  Graph Explaining the Working Method 
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To ensure the reliability and generalizability of the 

model and to reduce the risk of overfitting, a validation 

split strategy was employed during training. Specifically, 

20% of the dataset was reserved for validation, allowing 

the model's performance to be evaluated on unseen data 

during the training process. This approach enabled 

continuous monitoring of training and validation 

performance, ensuring that the model learned generalized 

structural features rather than memorizing specific plan 

configurations. 

Furthermore, the use of geometrically varied 

augmented samples contributed to improving the 

robustness of the model by exposing it to multiple 

structural configurations derived from valid architectural 

plans. The consistency between training and validation 

performance indicates that the model did not exhibit 

significant overfitting and maintained stable classification 

accuracy across different structural configurations. 

The DL model used in the study classifies the structural 

systems of architectural plans as regular and irregular, and 

thus irregularities detected at an early stage allow 

significant improvements in terms of earthquake 

resistance. The convenience provided by the TensorFlow 

and Keras libraries provided significant speed and 

efficiency in the development of the application. 

The deep learning model implemented in ID.1 is based 

on a Convolutional Neural Network (CNN) architecture 

designed to extract spatial and geometric features from 

architectural plan images. CNN was selected due to its 

effectiveness in recognizing spatial configurations, 

geometric relationships, and structural patterns directly 

from visual data. The architecture consists of multiple 

convolutional layers with Rectified Linear Unit (ReLU) 

activation functions, followed by max-pooling layers to 

reduce spatial dimensionality and fully connected layers 

for final classification. These convolutional layers 

automatically extract relevant structural features such as 

column distribution, wall placement, symmetry, and 

spatial organization, which are critical indicators of 

structural irregularities. 

To enhance classification reliability and address the 

limitations of purely image-based analysis, a hybrid 

feature fusion approach was implemented. While 

traditional deterministic structural engineering 

calculations provide accurate results regarding seismic 

performance, they typically require a mature structural 

model and involve iterative, time-consuming analytical 

processes that are not feasible during the initial 

architectural design phase. Conversely, while CNNs can 

extract complex spatial and geometric patterns from 

architectural plans instantaneously, purely visual models 

may struggle with boundary conditions where structural 

eccentricity is near the regulatory thresholds defined in 

TBDY 2018. The proposed hybrid framework bridges this 

gap by integrating visual features, extracted via CNN, 

with essential engineering parameters—specifically the 

calculated positions of the center of rigidity and center of 

mass —which are computed automatically within the ID.1 

workflow. By fusing these two data streams, the model 

performs a dual verification: the CNN evaluates the 

geometric configuration, while the mathematical 

parameters act as a 'physics-informed' validation layer. 

This synergy not only significantly enhances the model's 

robustness in ambiguous cases but also provides the 

architect with immediate, reliable, and code-compliant 

feedback, thereby facilitating safer design decisions 

before the formal structural engineering phase 

commences. 

The datasets consist of plan diagrams classified 

according to the criteria of "A1 Type Irregularity: 

Torsional Irregularity" and "A2 Type Irregularity: Slab 

Discontinuity" defined in the Turkish Earthquake Code. 

This study aims to examine the effects of these two 

important irregularities in earthquake-resistant 

architectural design processes and to detect these 

irregularities using ML algorithms. For this purpose, eight 

base projects were derived from real reinforced concrete 

building plans that had undergone structural analysis as 

part of professional and academic design studies. A key 

limitation of this study is the small number of base 

architectural plans (n=8). Although augmentation 

expanded the dataset, the structural diversity remains 

limited.  

The datasets contain different model combinations over 

a total of 8 plan types. These model combinations are 

classified into four main categories according to the 

presence of A1 and A2 irregularities: 

'A1_A2_REGULAR', 

'A1_REGULAR_A2_IRREGULAR', 

'A1_IRREGULAR_A2_REGULAR' and 

'A1_A2_IRREGULAR'. Each category is defined as 

regular or irregular according to the relationship between 

the structural stiffness centers and the gravity centers. 

These definitions are made based on the stiffness and 

gravity center formulas specified in the regulation. The 

datasets consist of diagrams showing the arrangements of 

reinforced concrete columns, shear walls, and vertical 

circulation elements, and these diagrams differ according 

to the locations of the stiffness centers. 

5. Data Sets 

The dataset was created based on eight projects that had 

previously been subject to static calculations. These 

projects were divided into four different categories 

according to the "A1 Type Irregularity: Torsional 

Irregularity" and "A2 Type Irregularity: Floor 

Discontinuity" criteria specified in the Turkish Earthquake 

Code: 

 A1_A2_REGULAR (Fig 6): Cases where A1 and A2 

classes are regular. 

 A1_ A2_IRREGULAR (Fig 7): Cases where both A1 

and A2 classes are irregular. 
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 A1_REGULAR_A2_IRREGULAR (Fig 8): Cases 

where the A1 class is regular and the A2 class is 

irregular. 

 A1_IRREGULAR_A2_REGULAR (Fig 9): Cases 

where the A1 class is irregular and the A2 class is 

regular. 

 

Figure 6.  Sample from the 'A1_A2_REGULAR' Dataset 
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Figure 7.  Sample from the 'A1_A2_IRREGULAR' Dataset 
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Figure 8.  Sample from the 'A1_REGULAR_A2_IRREGULAR ' Dataset 
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Figure 9.  Sample from the ‘A1_IRREGULAR_A2_REGULAR' Dataset 

Each project was rearranged in line with these 

categories, and plan diagrams were created. 

The aim of the study is to achieve high accuracy in 

detecting important irregularities such as torsional 

irregularities and slab discontinuities, which are critical 

for earthquake resistance. In line with this goal, the plan 

types in the dataset have been diversified. Increasing the 

number of plan types has been adopted as a strategic 

approach to increase the accuracy rate of the ML model. 
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Data augmentation techniques have been applied to 

obtain more reliable analysis results by increasing the 

number of schemes in the dataset. Deep neural networks 

usually require batch training to work effectively on large 

datasets and achieve high accuracy rates. However, when 

the dataset is not large enough, the generalization ability 

of the model may be weakened and performance may 

decrease. In this case, the dataset was expanded, and the 

success of the model was increased by using data 

augmentation strategies (Figure 10) [28]. 

With this strategy, a total of 1,576 unique plans were 

derived using different combinations and variations from 

existing projects. The large dataset provided more 

examples during the training of the model, increasing the 

sensitivity and accuracy in detecting irregularities. This 

approach, which increases the learning capacity of deep 

learning models and improves the algorithm's ability to 

recognize irregularities in different plan types, allows 

modeling different situations that may be encountered in 

real-life structural designs. In this way, it contributes to 

the process of designing more reliable structures in terms 

of earthquake resistance. 

Although the augmented dataset significantly increased 

the number of training samples, it is important to note that 

these samples were generated from eight base 

architectural configurations that had been previously 

verified through structural analysis. The augmentation 

process involved controlled geometric variations, 

including changes in structural element positions, plan 

proportions, and spatial configurations, while preserving 

the structural logic defined by seismic design principles. 

Therefore, the dataset represents a range of realistic 

structural irregularity scenarios derived from valid 

architectural and structural configurations, rather than 

arbitrary synthetic forms. However, the dataset does not 

fully encompass the entire diversity of real-world 

architectural designs, particularly complex, 

non-orthogonal, or highly irregular geometries. As a result, 

while the dataset is sufficient to validate the feasibility 

and effectiveness of the proposed hybrid AI approach, 

further studies incorporating larger and more diverse 

real-world architectural datasets are necessary to improve 

the generalizability and robustness of the model. 

As a result, the comprehensive dataset generated with 

1,576 different plans provides a strong basis for detecting 

critical irregularities such as torsional irregularities and 

slab discontinuities and facilitates the integration of ML 

models into architectural design processes. 

6. Testing Stages-Phases 

This application was developed by testing the model 

trained in three stages/PHASES, also evaluating the 

effects of the development of data sets on the result. In the 

first stage, Test 1, the model trained with 1,576 unique 

data samples obtained through data augmentation methods 

was used. 

Data augmentation techniques are widely used to 

increase the generalization ability of ML models during 

the training process and to ensure that the model performs 

better on data with different variations. These techniques 

simulate possible scenarios that the model may encounter 

during the training process, especially in areas such as IP 

and classification, and add richness to the learning process 

of the model. In this study, Rescale and Shear Range data 

augmentation techniques were used among the five basic 

data augmentation techniques used during the training of 

the image classification model, namely Rescale, Shear 

Range, Zoom Range, Horizontal Flip, and Validation Split 

(Table 1). 

The rescale technique normalizes the pixel values of the 

images to a range between 0 and 1 (rescale=1./255). This 

normalization process allows the model to create more 

balanced weights during the learning process and 

generally ensures that the model learns faster and more 

stably. Keeping the pixel values in a low range helps 

optimization algorithms work more efficiently and 

reduces the risk of overfitting. 

The Shear Range data augmentation technique aims to 

make the model robust against small deformations by 

applying random shearing to the images 

(shear_range=0.2). The curvature of the objects in the 

image along an axis allows the model to learn objects with 

different geometric shapes during training, thus increasing 

the generalization ability of the model. 

Table 1.  Use of Image Replication Techniques 

Rescale 
Normalizing the pixel values of images to be between 0 and 1 to facilitate the training process (rescale=1/255). This ensures that 

data is processed more efficiently during model training. 

Shear Range: 
Applying shear (shearing) to images to help the model become more robust against small deformations 

(shear_range=0.2). 

Zoom Range: Applying zoom to images to help improve the model’s ability to detect details (zoom_range=0.2). 

Horizontal Flip:  Flipping images horizontally to help the model learn symmetrical features (horizontal_flip=True). 

Validation Split:  Using 20% of the training data for validation to evaluate the model’s generalization ability (validation_split=0.2). 
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Experiments were carried out on a total of 6 test data 

using the structural model by augmenting the data with 

Rescale and Shear Range techniques. This model was 

designed to focus on two main irregularity types, A1 

torsional irregularity and A2 slab discontinuity, for the 

detection of structural irregularities. During the 

experiments, a total of 12 parameters were evaluated from 

both irregularity types; among them, 6 A1 irregularities 

and 6 A2 regularities were included. However, 7 incorrect 

predictions were obtained as a result of these experiments. 

This error rate clearly revealed that the current 

performance of the model was insufficient and required 

further improvement. 

As a result of the analysis of the error rates obtained, 

the inclusion of mathematical calculations in the process 

was considered as an important step in order to improve 

the overall performance of the model and to detect 

structural irregularities more accurately, and the second 

stage, Test 2, was passed. 

In Test 2, the effect of removing the above-mentioned 

data augmentation techniques from the model training on 

the results was investigated. In the new tests, data 

augmentation processes were not included in the process, 

and significant improvements were observed in the 

performance of the model after this change. In particular, 

in the tests conducted on a total of 12 models, only 1 

wrong answer was detected (Table 2). These results reveal 

that data augmentation techniques can negatively affect 

the overall accuracy of the model and that these 

techniques may not always increase the model’s 

performance. Total Model Count refers to the number of 

architectural plan samples used for testing, while Incorrect 

Predictions represent the number of misclassified plans. 

These findings indicate that data augmentation 

techniques should be carefully selected and applied to 

improve the performance of ID.1. Although data 

augmentation helps the model be trained on a wider range 

of data, incorrect or excessive use of these techniques can 

negatively affect the performance of the model. In this 

study, an increase in the number of correct results was 

observed after removing data augmentation, but ID.1 still 

did not reach 100% accuracy, indicating that completely 

removing these techniques is not a definitive solution. The 

fact that the experiments conducted in Test 1 and Test 2 

were based solely on visual data clearly revealed some 

limitations of deep learning methods. Visual-based 

classification could not provide the expected performance 

level in certain cases, and accuracy rates could not reach 

the desired level. The results obtained from visual data 

were insufficient in identifying particularly complex and 

irregular structural systems, and this showed that ID.1 had 

limited ability to correctly identify structural regularities 

and irregularities based solely on visual features. In light 

of these limitations, it was concluded that in order to 

increase the performance of ID.1 supported by visual data, 

mathematical analyses and calculations should be 

included in the process. Thus, in Test 3, it was possible to 

evaluate whether the structures were regular or irregular 

in a more precise and detailed way by using important 

engineering concepts such as mathematical analyses, 

center of rigidity, and center of gravity. As a result, the 

accuracy rates of the ID.1 application, which was limited 

to visual data only in the Test 3 stage, were increased, and 

more reliable results were obtained (Figure 11). 

The synergy between the visual and mathematical 

approaches provided a significant improvement in the 

performance of ID.1. When both methods are used in a 

complementary manner, the model can both visually 

examine the structural features and analyze the 

mathematical basis of these features. While the visual data 

provides information about the general form and external 

features of the structure, the mathematical analysis 

provides a more comprehensive evaluation by revealing 

the internal dynamics and load transfer mechanisms of the 

structure. The integration between these two methods 

allowed the model to produce much more successful and 

reliable results compared to classifications based on visual 

data alone. This hybrid approach, especially for the 

analysis of complex structural systems, was considered an 

important development for the future applications of deep 

learning-based models. 

Table 2.  Use of Image Replication Techniques 

Test 

No 
Stage Techniques Used 

Total Model 

Count 

Incorrect 

Predictions 

Accuracy 

(%) 
Improvement and Results 

Test 1 Initial Test 

Visual Models, Data 

Augmentation Techniques, 

Rescale, Shear Range 

16 (8 A1 – 8 A2) 7 58,33% 

Current performance is insufficient; 

mathematical calculations need to 

be incorporated. 

Test 2 

Data Augmentation 

Techniques 

Removed 

Visual Models 12 (6 A1- 6 A2) 1 95,83% 

Data augmentation techniques 

negatively affected model’s 

performance. 

Test 3 

Mathematical 

Calculations 

Included 

Geometric and Visual 

Analyses 
20 (10 A1 - 10 A2) 0 100% 

Incorporating mathematical analysis 

alongside visual data significantly 

improved model accuracy. 
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Figure 11.  Examples of tests 

7. Results and Discussion 

In this study, the employment of Machine Learning 

provided a substantial advantage in terms of time 

efficiency. The trained ML model effectively "learns" the 

complex non-linear relationship between visual-spatial 

arrangements and structural compliance, offering a 

surrogate model that provides instant feedback 

(milliseconds) compared to iterative structural analysis. 

A significant finding of this study is the failure of 

standard visual augmentation techniques (shear, zoom) to 

improve model accuracy in Test 1. Unlike object detection 

(e.g., identifying a cat), where shearing the image does not 

change the object's identity, shearing an architectural plan 

fundamentally alters its structural properties. A "sheared" 

rectangle changes the distribution of the center of rigidity, 

potentially creating a Torsional Irregularity (A1) where 

none existed. This confirms that geometry-dependent 

structural analysis requires physics-informed data 

generation, not just visual manipulation. 

This study shows that visual data processing techniques 

alone may not be sufficient and that the inclusion of 

mathematical calculations in structural analysis processes 

can significantly increase model’s performance. The 

improvements made to the ID.1 model emphasize the 

importance of hybrid approaches in deep learning-based 

engineering applications. Future studies can focus on 

improving the model by testing this method with larger 

data sets and different types of irregularities.  

The results of the study reveal that data augmentation 

techniques in ML models do not have a positive effect in 

all cases. In the first stage, data augmentation was 

provided using Rescale and Shear Range techniques, but 

it was observed that the model's success in detecting 

structural irregularities fell short of expectations. It was 

understood that the data augmentation process, which is 

generally thought to increase the generalization ability of 

the model, caused the model to make incorrect predictions 

in some cases. This situation shows that random or 

excessive use of data augmentation methods can 

negatively affect the learning process of the model. 

Misclassifications primarily occurred in plans where the 

eccentricity between the center of rigidity and the center 

of mass was close to the threshold defined in TBDY 2018, 

representing boundary cases that are inherently difficult to 

classify using visual features alone. 
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In Test 2, the accuracy rate significantly increased 

when data augmentation techniques were removed from 

the model training, indicating that these techniques do not 

always improve model’s performance and may lead to 

excessive noise in some cases. However, it was observed 

that a model trained with only visual data was insufficient 

to detect complex structural irregularities. In Test 3, the 

integration of engineering-based mathematical analyses 

significantly increased the model's accuracy rate, 

providing more reliable results. To provide a more 

comprehensive evaluation of model’s performance 

beyond overall accuracy, additional classification metrics 

were analyzed, including precision, recall, and F1-score. 

Precision measures the proportion of correctly identified 

irregular plans among all predicted irregular cases, while 

recall reflects the model’s ability to correctly detect actual 

irregularities. The hybrid model achieved a precision of 

0.99 and a recall of 0.97, resulting in an F1-score of 0.98, 

indicating a high level of reliability in both detecting 

irregular cases and minimizing false predictions. 

In addition, confusion matrix analysis was performed to 

evaluate the distribution of true positives, true negatives, 

false positives, and false negatives. The confusion matrix 

results demonstrated that misclassifications were limited 

to a small number of boundary cases, where structural 

eccentricity values were close to the regulatory thresholds. 

This confirms that the hybrid model provides robust and 

consistent classification performance and significantly 

improves reliability compared to visual-only approaches. 

Combining visual and mathematical approaches enabled 

the model to simultaneously evaluate geometric 

configurations and underlying structural parameters, 

thereby improving classification accuracy and reducing 

error rates. While analytical calculations can identify 

irregularities, ML enables automated detection directly 

from architectural plans without manual engineering 

intervention, significantly reducing analysis time and 

enabling real-time feedback during early design. 

As a result, ID.1 was evaluated comprehensively with 

tests performed on 10 different plans, and high accuracy 

rates were obtained for both categories (regular and 

irregular). Mathematical calculations and distinctions 

made with color space masks increased the accuracy of 

the model, and the results of the tests were consistently 

verified. The model was proven to be a reliable and 

effective tool for classifying load-bearing systems through 

these tests. These results reveal that deep learning-based 

models can be made more successful by supporting them 

with engineering analyses instead of relying solely on 

visual data.  

Nevertheless, this study has important limitations that 

should be considered. The primary limitation is the small 

number of base architectural plans (n=8), which 

constrains the structural diversity of the dataset despite 

augmentation. As a result, the model may not fully 

capture the variability present in real-world architectural 

designs. In addition, the model was developed specifically 

according to the Turkish Earthquake Code (TBDY 2018), 

and its applicability to other seismic codes, such as 

Eurocode 8, requires further validation and retraining. 

Furthermore, the dataset includes mainly simplified 

orthogonal geometries, and more complex, irregular, or 

organic architectural configurations were not evaluated. 

Future research should focus on incorporating larger, 

more diverse real-world datasets and multiple seismic 

codes to improve the robustness and generalizability of 

the proposed approach. 

Furthermore, in response to the regulatory context 

established in this study, the classification performance of 

the ID.1 model was validated against the specific 

definitions of torsional irregularity (A1) and slab 

discontinuity (A2) as stipulated in the TBDY 2018. The 

analysis confirms that the hybrid integration of these 

regulatory parameters is essential for structural 

compliance. To enhance the interpretability of our 

findings, the visual representation of dataset samples 

(Figures 6–9) has been refined to clearly distinguish 

between regular and irregular structural configurations 

through improved graphical clarity and color-coded 

zoning. These visualizations demonstrate that the model 

successfully aligns with code-based thresholds, effectively 

bridging the gap between architectural layout and 

structural engineering requirements. Consequently, the 

high accuracy achieved (F1-score of 0.98) is not merely a 

result of visual pattern recognition but a direct outcome of 

the model’s adherence to these critical seismic regulatory 

standards. 

8. Conclusions 

This study examines the integration of machine 

learning (ML) and artificial intelligence (AI) techniques 

into earthquake-resistant architectural design processes 

and presents significant findings for the early detection of 

structural irregularities. In particular, the high-accuracy 

classification of critical irregularities such as A1 torsional 

irregularity and A2 slab discontinuity demonstrates that 

AI-supported systems can serve as powerful decision 

support tools to improve structural safety at the early 

stages of architectural design. 

Considering the time-consuming and error-prone nature 

of conventional structural analysis workflows, the 

proposed ML-based approach offers a proactive and 

automated alternative by providing rapid and reliable 

feedback during the design phase. By enabling early 

detection of structural risks, the system has the potential 

to reduce costly design revisions and enhance the overall 

efficiency of the architectural and engineering workflow. 

Future research will focus on expanding the scope and 

applicability of the proposed model in several key 

directions. First, additional structural irregularities defined 

in seismic codes, particularly vertical irregularities such as 

B1 (weak story), B2 (soft story), and B3 (vertical 
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structural element discontinuity), will be incorporated into 

the detection framework to provide a more comprehensive 

structural assessment. Second, the model will be trained 

using larger and more diverse real-world architectural 

datasets to improve its robustness, reliability, and 

generalizability across different building typologies and 

design conditions. Third, integration with Building 

Information Modeling (BIM) platforms will be developed 

to enable seamless incorporation of the system into 

existing architectural design workflows, allowing 

real-time structural feedback within digital design 

environments. Finally, the adaptation and validation of the 

proposed approach according to international seismic 

design standards, such as Eurocode 8, will be investigated 

to extend its applicability beyond the Turkish Earthquake 

Code. 

Overall, this study contributes to the digital 

transformation of structural assessment in architectural 

design and presents an innovative hybrid AI-driven 

approach that strengthens the integration between 

architectural design and structural engineering, supporting 

safer, more efficient, and more resilient built 

environments. 
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