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Preface

My doctoral journey has been a transformative experience and is a significant
milestone, marked by dedication, challenges, and resilience. I began my PhD
studies in Fall 2021, under the supervision of Professor Mohamed Noureldin, in the
Department of Global Smart City at Sungkyunkwan University (SKKU), South
Korea. I completed all mandatory coursework as part of the program offered by the
Department of Global Smart City. In Fall 2023, I relocated to Aalto University in
Finland to focus on the research phase of my Ph.D.

My doctoral work has culminated in two theses, each contributing to a distinct
degree. My monograph thesis, titled "Automated Expert System for Damage
Assessment of Reinforced Concrete Beams using Digital Image Correlation and
Computer Vision," represents the first significant achievement of my doctoral
research. I successfully defended this thesis and was awarded the PhD in
Engineering (Structures) from the Department of Global Smart City at SKKU on
February 25, 2025. This second, an article-based thesis titled "Applications of
Artificial Intelligence for Explainability, Interpretability, and Uncertainty
Quantification for Performance Design and Sustainability in Civil Engineering," is
part of my pursuit for a dual degree in Ph.D. Engineering from the Department of
Civil Engineering at Aalto University.

Throughout my doctoral journey, I have been fortunate to receive mentorship
and guidance from my supervisor Professor Mohamed Noureldin. His diverse
expertise and guidance shaped my research. Professor Mohamed Noureldin's
profound knowledge in artificial intelligence (AI) based seismic retrofitting
significantly enriched my research work. His mentorship has been instrumental in
bridging the gap between traditional civil engineering, cutting-edge AlI-driven
methodologies and in shaping the direction & quality of my research work, paving
the way for smarter, more sustainable and resilient infrastructure.

This journey would not have been possible without the unwavering support of
my family—my parents, my wife, and my children—whose prayers and
encouragement sustained me through every challenge. I owe immense gratitude to
my family, whose prayers provided the emotional and moral fortitude necessary to
navigate the rigors of this academic endeavour.
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1 Introduction

Structural resilience, damage assessment, and safety are crucial in today’s
infrastructure due to increasing seismic risks and aging buildings. The advanced
artificial intelligence (AI) techniques offer promising solutions for designing,
assessing, and retrofitting structures, considering performance factors. However,
current Al models are often opaque, limiting trust and widespread adoption.
Integrating Explainable Al (XAI) (Barredo Arrieta, Diaz-Rodriguez et al. 2020,
Sayed, Ibrahim et al. 2023) can proactively address challenges. This research
proposes the development of explainable and interpretable framework, as shown in
Figure 1, to tackle three critical aspects of civil engineering: seismic resilience,
damage assessment, and uncertainty quantification in building structures.

Aspects of Al
tools considered

Civil engineering
Al applications

Exaplainabilty
&

Performance
Assessment

Interpretability

Uncertainity
Quantification

Damage
Assessment

AI Tools Used (XAI & ANN)

Figure 1 Research overview



The integration and potential of AI techniques in Civil Engineering has been
growing (Alheeti and Aldaiyat 2021, Anjali, Yesilyurt et al. 2024, Benaicha 2024, Di
Mucci, Cardellicchio et al. 2024, Liu, Zhang et al. 2024, Sarkar, Shiuly et al. 2024,
Senthamarai Kannan, Andal et al. 2024, Sesugh, Onyia et al. 2024, Tang, Heng et
al. 2024, Anjum, Hrairi et al. 2025). However, there remains a critical challenge in
their application: the "black-box" nature of these models makes them difficult to
interpret and trust (Goldstein, Kapelner et al. 2015, Apley and Zhu 2016, Wachter,
Mittelstadt et al. 2017, Molnar 2018). This makes it difficult for engineers to fully
trust AI models, especially in safety critical fields. The core aim of this frameworks
is to harness the power of XAl to optimize structural design processes, improve
damage classification, enhance seismic risk management, and provide transparent,
interpretable models.

Several data-driven XAI techniques, such as feature importance (Fisher, Rudin
et al. 2019), shapley additive explanations (SHAP) (Lundberg and Lee 2017), local
interpretable model-agnostic explanations (LIME) (Ribeiro, Singh et al. 2016),
partial Dependence plots (PDP) (Friedman 2001), individual condition expectation
(ICE) plots (Goldstein, Kapelner et al. 2015), anchors (Ribeiro, Singh et al. 2018)
and counterfactual explanations (CFE) (Wachter, Mittelstadt et al. 2017), along
with image based e.g., layer wise relevance propagation (LRP) (Ennab and Mcheick
2025), as shown in Figure 2, were explored as a pivotal solution to bridge the gap
between complex ML models and human understanding.

+4
Shapley additive
explanations

Black box

L . Partial
Individual conditional dependence plot
expectation

Feature Counterfactual
Importance explanations

NN B NN BN EEm BN BN BN NN S B . 5

Figure 2 A traditional black box AI model vs explainable artificial intelligence applications
depicting the internal mechanism



The crucial problem addressed in this work is the interpretability and
explainability of ML models in following critical civil engineering tasks, ultimately
leading to safer, more efficient and sustainable designs. For instance, the seismic
assessment, design, and retrofitting of reinforced concrete (RC) structures have
traditionally relied on mechanics-based methods and analyses. These methods such
as nonlinear time history analysis (NLTHA) are computationally expensive (FEMA
2018, Zhang, Burton et al. 2018, Montuori, Nastri et al. 2020, Noureldin, Ali et
al. 2022, Kazemi, Asgarkhani et al. 2023, Entezami, Sarmadi et al. 2024). With
the recent advancements in AI and ML, new opportunities for enhancing
performance-based seismic engineering design (PBSED) methodologies have
emerged (Javidan and Kim 2022, Guner, Bursi et al. 2023, Zito, D'Angela et al.
2023). Traditional data-driven Al models predict building conditions often lack the
transparency and limited in their ability to explain Al-driven predictions (Tapeh
and Naser 2023). There is a pressing need for explainable models that provide
insights into decision-making processes and development of explainable design
applications that help engineers understand and improve seismic designs while
maintaining safety and performance. Moreover, traditional methods for assessing
seismic risk often involve significant uncertainty (Krzywinski and Altman 2013,
Pearce, Brintrup et al. 2018, Nourani, Khodkar et al. 2022) due to factors such as
data mismatch, input errors, and inherent variability in the affecting parameters
e.g., earthquake characteristics. These uncertainties can result in either overdesign,
leading to unnecessary costs, or under design, leading to unsafe structures. There
is the need for an alternate, simple reliable AI based method to quantify and
incorporate these uncertainties in seismic performance assessment accurately.

Additionally, while data-driven XAI techniques like SHAP, LIME, and CFE have
proven effective for interpreting tabular data and feature importance analysis
(Elhishi, Elashry et al. 2023, Kulasooriya, Ranasinghe et al. 2023), visual
interpretability methods are crucial for image-based structural assessments. This
work advances the field by developing a Vision Transformer (ViT)-based framework
that provides both high classification accuracy and visual explanations of damage
patterns in concrete microstructures (Fringeli, Drissi et al. 2025, Li, Guan et al.
2025). The proposed approach uses ViT's attention mechanisms to identify critical
regions in X-CT images that correlate with mechanical failure, offering a visual
counterpart to traditional FE-calculated damage patterns. The framework's ability
to generate synthetic training data through stochastic microstructure modeling and
FE simulation (Skarzynski and Tejchman 2016, Li, Xu et al. 2025) overcomes the
data scarcity challenge while maintaining physical consistency - a critical advantage
over purely data-driven approaches. This work thus bridges the gap between
computationally intensive physics-based methods and opaque data-driven models
by delivering an interpretable Al solution for structural assessment that engineers
can trust and verify.



2 Research objectives

The main objective of the research is the development of a XAI-based framework
that improve the interpretability of AT models for:

2.1 XAl based seismic performance assessment

Development of a XAI-based framework that improve the interpretability of data-
driven AI models of RC structures by:
e highlighting the critical features of the AI model globally and locally
e introduction of XAI techniques as a design tool in seismic assessment,
retrofitting, and design optimization

2.2 ViT based explainable concrete damage
classification

Development of a hybrid AI framework that enhances the accuracy and
explainability of concrete damage classification by:
e data generation by combining X-CT image segmentation, synthetic
microstructure augmentation using Monte Carlo simulations.
e providing interpretable damage classification through correlation analysis
between  ViT-based attention mechanisms and FE-calculated
microstructural damage fields.

2.3 Uncertainty quantification in seismic performance
assessment

Finally, this work addressed the need for a reliable method to quantify and
incorporate these uncertainties in seismic performance assessment accurately by:
e developing a machine learning-based method for estimating prediction
intervals (PI) for seismic performance assessment.



3 Literature review

Several XAI techniques have been developed to interpret and explain ML models.
These include SHAP, LIME, PDP, and CFE, which have been applied been widely
applied across various civil engineering domains, including structural engineering
(Chung and Liu 2022, Oh, Kong et al. 2023, Thisovithan, Aththanayake et al. 2023,
Wang, Liu et al. 2023, Cheng, Taffese et al. 2024, Nguyen, Trinh et al. 2024, Qiu, Li
et al. 2024, Shu, Yu et al. 2024, Yan and Xie 2024, Yan, Su et al. 2024, Ye, Li et al.
2024, Yossef, Noureldin et al. 2024, Zarringol and Naser 2024, Gharagoz,
Noureldin et al. 2025), geotechnical engineering (Nasiri, Homafar et al. 2021,
Fathipour-Azar 2022, Qiu and Zhou 2023, Alqadhi, Mallick et al. 2024, Cui, Wu et
al. 2024, Lin, Liang et al. 2024, Youwai and Pamungmoon 2024, Mohammed,
Husain et al. 2025), materials science (Nguyen, Tong et al. 2022, Albashiti 2023,
Elhishi, Elashry et al. 2023, Ghasemi and Naser 2023, Kulasooriya, Ranasinghe et
al. 2023, Kashifi, Salami et al. 2024, Wahab, Salami et al. 2024, Wu, Zou et al.
2024), disaster and seismic assessment assessment (Cilli, Elia et al. 2022, Al-Najjar,
Pradhan et al. 2023, Demertzis, Kostinakis et al. 2023, Ghaffarian, Taghikhah et al.
2023, Nocentini, Rosi et al. 2023, Noureldin, Abuhmed et al. 2023, Park, Joo et al.
2023, Shabbir, Noureldin et al. 2024), structural health monitoring monitoring
(Peralta Abadia, Fritz et al. 2021, SILVA 2021, Geetha and Sim 2022, Luckey, Fritz
et al. 2022, Pandey, Rai et al. 2022, Tapeh and Naser 2022, Lin, Chen et al. 2023,
Azad and Kim 2024, Kongala 2024, Sun, Ye et al. 2024, Swarna, Hossain et al.
2024), and project management (Naumets and Lu 2021, Love, Matthews et al.
2022, Javed, Ahmed et al. 2023, Lin, Zhang et al. 2023, Morandini, Fraboni et al.
2023, Santos, Pereda et al. 2023, Zhang, Yuan et al. 2023, Alqahtani, Mallick et al.
2024, Ghani, Kumar et al. 2024, Guan, Yu et al. 2024, Konhduser and Werner
2024), among other areas. A rising trend in their application is depicted in Figure

3.
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Figure 3 Rising trend XAI applications in selected civil engineering fields

For instance, SHAP provides both global and local interpretability, helping
engineers identify key features influencing model predictions. SHAP has been
effectively applied across diverse domains such as predicting the moment and shear
capacities of beams, optimizing flat slab designs, and improving concrete strength
predictions by highlighting critical factors such as curing age and reinforcement
(Naser 2022, Guzman-Torres, Dominguez-Mota et al. 2024, Nguyen, Trinh et al.
2024). LIME approximates the behavior of a complex model using a simpler,
interpretable one. This technique is valuable where understanding individual
predictions is crucial for localized decision-making. LIME has been used in civil
engineering to help stakeholders understand the impact of individual features on
various outcomes, such as structural performance or material costs (Jena,
Shanableh et al. 2023, Love, Fang et al. 2023, Thisovithan, Aththanayake et al.
2023, Akshitha, Roopashree et al. 2024, Khan, Tariq et al. 2024, Shabbir, Noureldin
et al. 2024). PDPs provide a visualization of the relationship between a specific
feature and the model's predictions, while accounting for the influence of other
variables. PDPs have found applications in analyzing material properties,
evaluating concrete strength and performance, seismic assessment, and structural
design optimization (al-Bashiti and Naser 2022, de Zeeuw 2022, Latif, Banerjee et
al. 2022, Ibrahim, Ansari et al. 2023, Ingiad, Dumitrascu et al. 2024, Yossef,
Noureldin et al. 2024, Ansari, Ibrahim et al. 2025). CFEs are used to explore how



slight changes in input variables could alter model predictions. provide hypothetical
scenarios to understand how slight adjustments in input features could lead to
different predictions (Angelov, Soares et al. 2021, Verma, Boonsanong et al. 2024).
This method is particularly useful in identifying viable solutions and understanding
decision boundaries. CFEs have been applied in tunnel construction risk
assessments, seismic risk assessments and other critical engineering decision-
making processes (Shabbir, Noureldin et al. 2024, Zhan, Fang et al. 2024).
Moreover, there is growing role of XAl in improving the interpretability of DL
models, particularly in domains like concrete strength prediction and material
damage assessment. Models such as U-Net++ (Cicek, Abdulkadir et al. 2016), 3D
CNNs (Maturana and Scherer 2015), and ViTs (Dosovitskiy, Beyer et al. 2020)
enhance segmentation and prediction accuracy, their "black-box" nature raises
concerns about transparency. To address this, post-hoc XAI techniques like SHAP,
LIME, and Gradient-weighted Class Activation Mapping (Grad-CAM) (Selvaraju,
Cogswell et al. 2017) and Layer-wise Relevance Propagation (LRP) (Binder,
Montavon et al. 2016) are employed to provide visual explanations by highlighting
the influential regions in images. Similarly, (Donnelly, Moffett et al. 2024) offers
interpretability by detecting localized dissimilarities in medical imaging,
demonstrating the broader applicability of visual explainability methods.

Studies have applied SHAP and LIME to improve seismic design by identifying
key factors that influence the safety and performance of structures during
earthquakes. These techniques allow engineers to optimize retrofitting strategies
and improve the resilience of buildings while understanding the contribution of
each design parameter [Publication 1]. SHAP, LIME, and PDPs have been employed
to evaluate the sustainability of design alternatives and optimize designs based on
life cycle considerations. For instance, these techniques have been applied to
optimize the material use in reinforced concrete buildings while maintaining the
balance between performance, cost, and environmental impact. ViT based XAI has
also been used for fast pattern recognition with FE-based physics to enable
interpretable, real-time damage -classification [Publication 2]. Despite the
advancements in XAlI, there remains a need for better uncertainty quantification.
While XAI techniques like SHAP and CFEs provide valuable insights into feature
importance and decision boundaries, they often lack the ability to quantify the
uncertainty to understand the range of possible outcomes and make safer design
choices [Publication 3].

Despite the potential of XAI to improve transparency and decision-making in
civil engineering, several challenges remain. One significant challenge is the trade-
off between interpretability and accuracy; simpler, interpretable models may not
always capture the complexity of civil engineering problems as effectively as more
opaque models. Additionally, XAI techniques can be computationally intensive,
particularly for real-time applications in structural monitoring and seismic



assessments. There is also a need for more consistent explanations across different
XAI methods, as variations in the interpretations provided by SHAP, LIME, and
other techniques can lead to confusion.



4 Methodology

The research utilized a data-driven XAI framework, integrating AI techniques such
as ML and DL, along with XAI methods. The methodology was as follows:

4.1 XAl-based seismic performance assessment

This section will focus on retrofitting existing RC buildings using an XAlI-based
design framework. The framework, as shown in Figure 4, involved the following
[Publication 1]:

e Target building N (. Global _ e Local interpretation\
structures interpretation v'XAI Seismic design
vlow-mid rise v'Data analysis application

« Software v'Identification of v'Retrofitting &
v'OpenSees important features design validation
(NLTHA) » Software » Software
v'Python (Fuzzy v'Python (Statistical v'Python (XAI)
inference system & XAI) v'SAP 2000
& ANN) (NLTHA)

3

[t

Data Driven /Q Global e XAI based Q
Model Explainability '\ 1 Design T

Figure 4 XAlI-based seismic performance assessment framework overview

4.1.1 Data collection

A large dataset of structural systems, characterized as single-degree-of-freedom
(SDOF), for low- to mid-rise buildings was collected, includes variables such as the
structural period (T), strength ratio (SR), and earthquake parameters, including
magnitude and peak ground acceleration. These structures were modeled with
various fundamental periods (T) and strength ratios (SR), resulting in a diverse
dataset. Transformation from Multi-Degree-of-Freedom (MDOF) to SDOF systems
was performed using established formulas, as supported by previous studies, such
as (Fajfar, Dolsek et al. 2006, Fajfar and Dolsek 2012). The elastic-perfectly plastic



model was employed to represent the hysteretic behavior during nonlinear dynamic
analyses. NLTHAs were performed using natural earthquake data from the PEER
database to assess maximum interstory drift ratio (D), maximum acceleration (A),
and maximum base shear (V). This dataset was used to train an artificial neural
network (ANN) to predict these parameters, which were then used in a fuzzy
inference system (FIS) to evaluate the structural evaluation ratio (ER) [Publication
1].

Comprehensive coverage of structural parameters and earthquake scenarios to
analyze their effects on the structural responses effectively. Training dataset
comprised of 198,000 SDOF systems to reflect a wide range of structural behaviors
of low to mid-rise buildings, characterized by fundamental periods ranging from
0.45 to 4 seconds. A higher density of systems was included within the period range
of 0.45 to 2.5 seconds, corresponding to the predominant fundamental periods of
low-rise buildings, with progressively fewer systems up to a fundamental period of
4 seconds to ensure comprehensive coverage across various limit states. This range
aligns with the application of pushover analysis on SDOF systems in FEMA 440. To
elaborate further on the composition of the training data:

« Variation in Structural Parameters: To ensure a reliable and generalizable
procedure, structures were idealized as SDOF systems representing low-to
mid-rise buildings, characterized by fundamental periods (T) ranging from
0.45 to 4 seconds and strength ratios (SR) from 0.04 to 0.9. The fundamental
period (T) encapsulates both stiffness and mass of the system, while the SR,
defined as the ratio of system strength to its weight. Variations in parameters,
such as stiffness and material properties, were systematically incorporated to
enable comprehensive exploration of diverse structural configurations under
seismic inputs.

« Earthquake Scenarios: The dataset includes ground motions from 221 natural
earthquake events sourced from the PEER database, carefully selected to
simulate a diverse range of realistic seismic scenarios. These ground motions
represent a spectrum of intensities and characteristics, ensuring robust model
training that captures the variability in seismic loading conditions.
Additionally, the effects of fifteen moderate-intensity earthquakes (design
earthquakes) from the PEER database, with a return period of 475 years and
occurring between 1956 and 1980, were examined on the European
Laboratory for Structural Assessment (ELSA) model. These fifteen
earthquakes were chosen to provide sufficient data for analysis, exceeding the
minimum requirement of 11 earthquakes as specified by ASCE 41 and ASCE 7.

» Coverage of Limit States: The dataset includes systems across the full period
range (up to 4 seconds) to cover different limit states, addressing performance
under moderate to severe seismic events. The assessment aligns with common
seismic guidelines, such as ASCE 41, which considers various limit states and
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corresponding hazard levels. The life safety limit state, corresponding to a
hazard level with a 475-year return period (design earthquake), was selected
for this study.

4.1.2 Statistical analysis and feature identification

A statistical analysis was conducted to identify important input features using
techniques like feature importance and feature interactions. Global interpretability
was achieved through PDP and ICE plots, which identified variables such as
magnitude, fault type, and ground motion parameters (e.g., peak ground
acceleration, peak ground velocity, and spectral acceleration) as having the most
significant influence on structural performance globally. ICE plots offer a detailed,
instance-specific view of how a feature influences predictions. By plotting the
predictions of individual instances as a function of the feature of interest, ICE plots
can reveal nuanced patterns that might not be apparent in aggregate summaries.
This granularity is particularly valuable when examining complex interactions
between features and outcomes. However, ICE plots can become visually complex
and may require careful interpretation to extract meaningful insights, especially
when dealing with high-dimensional datasets or non-linear relationships. SHAP,
on the other hand, provides a unified framework based on game theory to quantify
the contribution of each feature to a prediction. It offers both local interpretability
(understanding the importance of features for a specific prediction) and global
interpretability (understanding the overall importance of features across the entire
dataset). SHAP values ensure consistency in feature attributions across different
models, which enhances trustworthiness and comparability in model
interpretation. However, SHAP values can sometimes be computationally intensive
to calculate, especially for large datasets or complex models. Moreover, interpreting
SHAP values requires a good understanding of game theory concepts, which may
pose a learning curve for some users. SHAP and feature importance revealed that
engineering demand parameters (D, A, V) and structural parameters (SR, T)
significantly influence seismic performance. The choice between ICE plots and
SHAP depends largely on the specific goals and characteristics of the analysis:

+ Granularity vs. Unified Framework: If the goal is to understand detailed,
instance-specific effects of features on predictions, ICE plots provide a direct
and intuitive visualization. On the other hand, if the emphasis is on
quantifying and comparing feature contributions across different predictions
and models in a consistent manner, SHAP offers a robust and unified
approach.

+ Complexity and Interpretation: ICE plots excel in revealing intricate patterns
but may be challenging to interpret comprehensively, especially in complex

11



scenarios. SHAP, with its theoretical foundation and systematic approach,
facilitates clearer and more interpretable insights into feature importance.
LIME and SHAP provided a detailed analysis of local feature impacts,
identifying SR as the most critical feature followed by T. Additionally, LIME helped
in providing localized explanations, especially in identifying the ranges of the
structural features that needed modification to improve performance. Key features,
such as SR and T, which influence seismic design were identified and their
suggested ranges were utilized for further design optimization [Publication 1].

4.1.3 Recommendation of changes in the design parameters

Application of the CFE analysis to recommend SR and T changes proved effective
in enhancing structural performance, confirmed through reinforcement strategies
and retrofitting designs like column enlargement. CFEs effectively function as a
sensitivity analysis tool by enabling to explore how changes in input parameters
impact the model's output. CFE provided actionable insights into the minimal
changes needed in structural parameters to meet desired seismic performance
goals. This approach enhances understanding of the operational boundaries and
constraints within which the model performs reliably. By clarifying these limits, it
enables engineers to identify necessary structural design modifications, facilitating
more efficient retrofitting of aging infrastructure [Publication 1].

4.1.4 Validation

The effectiveness of the proposed framework was validated by testing it on two
structures, demonstrating improved seismic performance after retrofitting. These
structures included the benchmark European Laboratory for Structural Assessment
(ELSA) model, a reinforced concrete 3D structure known for its nonlinearity and
asymmetry, and a 3-storey model representative of a typical mid-rise building.
Considering the limitations of 2D models in accurately representing irregular
structures, a 3D asymmetric model with some irregularities serves as the most
realistic case study for validating the framework. Furthermore, 2D models have
significant constraints, as seismic guidelines impose numerous limitations on their
use. Diaphragm action, which ensures the structural integrity of 2D frame models
using floor slabs, may not be guaranteed in some structures. Thus, the use of a 3D
model is both a practical and necessary approach for realistic validation. A 3D
asymmetric model was specifically chosen for validation because 2D models have
significant constraints imposed by seismic guidelines, making the 3D model a
necessary approach for realistic validation. This two-step process, using efficient
SDOF models for general training and high-fidelity NLTHA on 3D models for
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specific validation/retrofitting recommendations, efficiently cover the parameter
space while ensuring real-world applicability.

Both models were subject to 15 design earthquakes, and the structural
performance was re-assessed post-retrofitting. For the ELSA model, the
performance ratio improved significantly, rising from an initial 37.79% to 50%,
accompanied by a marked reduction in interstory drift. Similarly, the 3-storey
model exhibited a performance ratio increase to 53.43%, with comparable
decreases in drift values, confirming the effectiveness of the retrofitting approach
in mitigating structural vulnerabilities. The retrofitting strategy employed involves
the enlargement of existing columns, known as jacketing, which is a widely used
and practical method. The ER classifies system performance into categories such as
"Recommended” (ER > 45%). The target limit state chosen for the validation and
retrofitting strategy was the life safety limit state. The validation confirmed that
retrofitting based on the CFE-suggested changes (e.g., column enlargement)
ensured that the structures meet the safety and serviceability limit states. For the
ELSA model, the performance ratio increased to 50% (meeting the ER > 45%
criterion), and the D significantly decreased from 2.303% to 1.198% after
retrofitting. This work explicitly details the retrofitting strategy employed, making
the work reproducible under the defined life safety criteria. This technique
enhanced the stiffness and strength of the structure, which are the main input
parameters in our proposed framework. The XAI framework not only confirms
well-known principles—such as the foundational concepts behind base isolation
systems, the straightforward relationship between structural response and
mass/strength, and the expected influence of EDPs on NLTH outcomes—but also
provides a transparent and systematic approach for assessing these relationships.
This transparency is crucial for ensuring that the decision-making process in design
and analysis is robust and verifiable. Moreover, by systematically retrofitting or
redesigning structures based on the insights gained from the XAI framework, it can
be ensured that the structures meet safety and serviceability limit states
[Publication 1].

4.1.5 Seismo-XAl web-based tool

The Seismo-XAlI tool, accessible online, uses a curated database of pre-validated
structural models and historical earthquake data to integrate XAI for transparent
global and local evaluations of building performance during earthquakes.
Structural parameters (strength ratios and stiffness), combined with seismic data,
can be input to generate interactive visual explanations, including probability
density plots, heatmaps, SHAP values, and LIME plots. These visualizations
enhance understanding of Al model conclusions, enabling engineers, architects,
and construction professionals to validate results and refine designs with
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confidence. The tool’s cloud-based architecture ensures accessibility from any
device without specialized hardware or software. Future updates will incorporate
user-defined customization to increase versatility, promoting safer, sustainable,
and cost-efficient earthquake-resilient infrastructure.

Methodological advances in Seismo-XAI introduce Al and XAI techniques for
seismic design and uncertainty quantification, addressing a critical gap in the
literature where machine learning models are often opaque. Transparency and
interpretability are prioritized to meet the needs of engineers and researchers. A
novel application of CFE supports retrofitting aging infrastructure against
increasing natural hazards like earthquakes. This represents, as shown in Figure 5,
the first comprehensive XAI-based approach to seismic design and retrofit, with no
direct benchmark references available in the literature.

Inputs: Output:
» Structure, » Evaluation Ratio
Earthquakes, DAV (ER)

Design Application
(Local
Interpretation)

Figure 5 Seismo-XAI web-based tool overview (weblink: https://ai-dynamics.org.aalto.fi/ )

4.2 ViT based explainable concrete damage
classification

This component of the research involved in developing a hybrid framework, as
shown in Figure 6, combining microstructure-informed finite element (FE)
modeling with Vision Transformers (ViT) to enhance damage classification and
interpretability in concrete materials. [Publication 2]:
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Figure 6 ViT-based explainable concrete damage classification framework overview

4.2.1 Data generation and preprocessing

The framework integrates X-CT imaging, deep learning segmentation, Monte Carlo
(MC)-based pore augmentation, FE modeling, and ViT classification. The pipeline
processes open-access X-CT data of FRP-wrapped concrete, normalized and
segmented for aggregates and pores using U-Net and U-Net++. To address data
scarcity in microstructural analysis, MC simulations generate synthetic
microstructures with controlled porosity levels ranging from 1% to 11%. These
synthetic microstructures are used in FE modeling to simulate mechanical
responses, producing tension damage maps. Pore analysis reveals a normal volume
fraction distribution, and MC simulations further augment pore configurations to
create robust datasets for FE analysis and ViT training. Several studies have utilized
FE analysis to simulate concrete microstructures, focusing on the effects of
aggregates and crack propagation within the mortar matrix (Zhou and Hao 2008,
Jurado, Zubiarrain et al. 2023). A comparative study using X-CT scan data found
that 3D FE models enhance prediction accuracy by only 5% to 6% compared to 2D
models, due to the out-of-plane interlocking mechanism between aggregates absent
in 2D analysis (Huang, Yan et al. 2016). While 3D models offer superior accuracy,
2D FE models are computationally efficient and can be converted into images for
analysis using Al tools like ViT, making them a promising approach for practical
applications. Although MC simulations combined with extensive FE analyses are
computationally expensive, this approach ensures a robust, physics-consistent
dataset. Computational cost and model complexity remain critical limitations.
Future directions include exploring techniques like randomized quasi-MC or
randomized Hamiltonian MC to enhance efficiency and reduce inference latency
while preserving accuracy [Publication 2].
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4.2.2 Damage classification

FE models in Abaqus simulate compression tests on segmented microstructures,
using material properties from literature and concrete damage plasticity. Validated
against experimental data, the models generate stress-strain curves and tension
damage maps. Stress data is classified into high (Class-A) and low (Class-B) stress
categories based on mean stress thresholds, with damage images exported at peak
stress for ViT analysis [Publication 2].

4.2.3 Classification and explainability using ViT

ViT classifies 330 images (36% Class-A, 64% Class-B) with 93.8% accuracy,
surpassing CNN’s 63.8% true positive rate. Layer-wise relevance propagation (LRP)
generates heatmaps highlighting critical regions, aligning with FE damage zones.
These heatmaps use a diverging color scheme: blue (cool tones) marks areas of
negative relevance, such as pores, microcracks, or weak interfaces, which oppose
the prediction and likely lie within damage paths, significantly reducing material
strength. The alignment of these cool areas with pore concentrations indicates that
ViT has learned that high porosity locally reduces strength. Conversely, red (warm
tones) indicates areas of high positive relevance, such as intact, dense material
phases, supporting the model’s prediction. This correspondence between ViT
attention maps and physical damage patterns predicted by the FE model enhances
trust in ViT’s predictions, identifying areas prone to damage for preventive
maintenance and providing a promising direction for physically interpretable Al
[Publication 2].

4.2.4 Similarity checks between FE and ViT Images

Similarity analysis compares ViT attention maps with FE damage maps using pixel-
based (e.g., RMSE, SSIM), feature-based (e.g., SIFT, ORB), and deep learning
metrics (e.g., cosine similarity). Moderate alignment (cosine similarity: 0.6487,
ORB: 27.65%) indicates ViT captures some physical damage patterns, though not
fully causal. Visual and quantitative analyses suggest ViT’s potential as a rapid tool
for structural assessments.

The hybrid ViT-FE framework achieves high-accuracy damage classification
(93.8%) and partial physical interpretability, with U-Net++ enabling precise
segmentation and FE providing validated damage insights. ViT’s attention maps
align moderately with FE results, offering a scalable tool for real-time inspections.
Limitations include 2D analysis and small datasets, necessitating future exploration
of 3D models and advanced XAI methods like DeepSHAP to enhance causal
interpretability [Publication 2].
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4.3 Uncertainty quantification in seismic performance
assessment

To improve seismic risk assessment, this work employed ANN trained on seismic
event data to estimate prediction intervals (PIs) for critical seismic performance
parameters, including D, A and V [Publication 3]:

4.3.1 Data collection and extreme values detection

Seismic response spectra from moderate earthquakes were modeled using CSI
SAP2000 v22 software to generate engineering demand parameters (EDP), which
were then pre-processed using the peak-over-threshold method for extreme value
analysis and formatted for compatibility with the quality driven lower upper bound
(QD-LUBE) framework. To enhance accuracy in extreme value detection, the
generalized Pareto distribution was applied to select threshold values, prioritizing
this method over traditional log-normal distribution approaches for its superior
precision in modeling extreme seismic events [Publication 3].

4.3.2 Prediction interval analysis

The QD-LUBE method (Khosravi, Nahavandi et al. 2011, Pearce, Brintrup et al.
2018), known for its high accuracy and robustness, was applied to predict the upper
and lower bounds of extreme EDP values. This framework utilizes a loss function
that integrates quality-driven assessment with gradient descent optimization,
offering a distribution-free approach that is computationally efficient and robust to
outliers. Unlike traditional methods, which often struggle to accurately capture tail-
end events, QD-LUBE effectively quantifies uncertainty by using its distribution-
free nature and, when combined with the Generalized Pareto Distribution for
threshold detection, excels in modeling extreme seismic events. Comparative
studies have shown that QD-LUBE outperforms the bootstrap method in terms of
accuracy and reliability for predicting credible upper bounds of EDPs. While
Bayesian Neural Networks, which use probability density functions as weights, are
a well-explored technique for uncertainty quantification, QD-LUBE was selected
for its intuitive objective, lower computational demand, and lack of reliance on
distributional assumptions. A future discussion contrasting the methodological
advantages and disadvantages of BNNs versus the distribution-free QD-LUBE
approach will provide valuable context for uncertainty quantification in seismic
performance assessment [Publication 3].

17



4.3.3 Structural performance assessment

The study employed a FIS to translate predicted EDPs into performance-based
damage states. Membership functions were designed to evaluate damage degrees,
which underwent fuzzification, aggregation, and defuzzification to derive crisp
outputs representing local and global damage levels. Additionally, fragility curve
analysis was integrated with the FIS framework to assess global damage states
under diverse earthquake scenarios [Publication 3].

4.3.4 Validation

The uncertainty model was rigorously tested and validated on low- to mid-rise RC
buildings, ensuring its reliability in quantifying structural performance under
seismic conditions. Incorporating PIs derived from QD-LUBE into the FIS
framework to generate fuzzy evaluation ratios indicated that certain buildings
required additional structural modifications to meet recommended safety criteria.
For example, buildings evaluated under the Imperial Valley earthquake data
showed clear distinctions in damage states when prediction intervals were applied
[Publication 3].
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5 Research significance

This thesis made significant contributions to structural engineering by the
integration of XAI into seismic assessment, retrofitting, and sustainability
optimization. The proposed frameworks will enhance trust, transparency, and
accuracy in infrastructure decisions, contributing to more resilient and sustainable
urban development. Moreover, the research will provide a foundation for improved
seismic performance through optimized design inputs, enabling better disaster
management and reducing the environmental footprint of RC buildings. This work
demonstrated the practical applicability, and key contributions are synthesized
below:

5.1 Methodological innovation and trustworthy Al

The research introduced the novel application of CFE for seismic retrofitting,
enabling engineers to identify minimal structural modifications to meet
performance goals. By combining XAI tools like SHAP, LIME, and PDP, the
framework clarifies how critical variables (e.g., ground motion parameters,
structural properties like SR and T) influence seismic response. This transparency
enhances trust in Al predictions, fostering broader adoption in safety-critical
domains. Local (LIME) and global (SHAP, PDP) explanations provide actionable
insights, bridging the gap between complex AI outputs and practical engineering
decisions [Publication 1].

5.2 Enhanced seismic risk management

The framework improved seismic risk assessment by quantifying uncertainties and
optimizing safety margins, reducing overdesign costs without compromising safety.
Real-world testing on benchmark structures validates its ability to rapidly assess
seismic performance and propose retrofitting solutions. This capability supports
real-time structural health monitoring, particularly vital for high-rise buildings in
earthquake-prone urban areas and strengthens disaster management through
reliable damage assessment and early warning systems [Publication 1].
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5.3 Safety, economic, and environmental benefits

The hybrid ViT and FE framework for explainable concrete damage classification
marks a significant leap forward in structural engineering and material science. By
integrating the computational precision of physics-based FE modeling with the
rapid pattern-recognition capabilities of ViT, this study addresses critical gaps in
concrete damage assessment, offering a pioneering approach that is both
interpretable and efficient. For the first time, ViT’s semantic attention maps are
combined with FE-derived tension damage fields, enabling physically grounded Al
predictions that enhance trust in high-stakes engineering applications. The
framework’s use of LRP provides pixel-level insights into AI decision-making,
pinpointing critical microstructural features like microcracks and pores, which
empowers engineers to prioritize preventive maintenance and improve
infrastructure safety. Achieving a remarkable 93.8% classification accuracy and
91.8% F1-score, the ViT outperforms traditional CNNs, while its scalability supports
real-time structural inspections, overcoming the computational limitations of FE
models. By employing Monte Carlo simulations to generate synthetic
microstructures, the study tackles data scarcity, ensuring robustness across diverse
concrete compositions. This work lays a robust foundation for future hybrid
models, encouraging exploration of 3D analysis and advanced explainable Al
methods like DeepSHAP, ultimately advancing predictive maintenance and smart
infrastructure monitoring for safer, more efficient civil engineering solutions
[Publication 2].

5.4 Scalability and multidisciplinary applications

While primarily applied to XAI based seismic design and rapid explainable concrete
damage assessments. The principles of the XAI framework are highly scalable and
adaptable to multidisciplinary domains, including structural health monitoring,
predictive maintenance, energy sustainability, and material science. By supporting
real-time, interpretable damage assessments, these innovations advance resilient
infrastructure in earthquake-prone regions—enhancing disaster preparedness,
reducing vulnerabilities, and minimizing risks to human life and property across
diverse engineering challenges. [1-3].
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6 Conclusions

This research has made significant strides in advancing the integration of XAI
techniques into structural engineering, particularly in the areas of seismic
performance assessment, design optimization, and damage assessment. By
addressing the challenges of interpretability and uncertainty quantification, the
study provides a robust framework that enhances the safety of infrastructure
systems.

6.1 Theoretical contributions

The research contributes to the theoretical foundation of structural engineering by
integrating XAI techniques such as SHAP, LIME, PDP, and CFE into seismic
performance assessment and design optimization. These methods provide both
global and local explanations, enabling engineers to understand the influence of
critical features like strength ratio, structural period, and ground motion
parameters on structural behaviour. This transparency bridges the gap between
complex Al models and human interpretability, fostering trust in Al-driven
predictions. Additionally, the development of a machine learning-based method for
estimating PIs using the QD-LUBE framework addresses a critical gap in traditional
seismic risk assessment. By incorporating extreme value analysis and FIS, the
research offers a robust approach to quantifying uncertainties, enabling safer and
more reliable design decisions. Furthermore, the integration of ViT with
microstructure-informed FE modelling enrich the theoretical discourse on hybrid
AI-FEM approaches.

6.2 Practical implications

The practical implications of this research are far-reaching, particularly in
enhancing seismic risk management and promoting sustainable design practices.
The proposed XAI-based framework improves seismic risk assessment by providing
transparent and interpretable models for retrofitting and design optimization. The
use of CFE allows engineers to identify minimal changes needed to achieve desired
performance goals, leading to more efficient retrofitting strategies. The Seismo-XAI
web-based tool, which integrates XAI techniques, empowers engineers to evaluate

21



building performance under seismic conditions and make informed decisions. This
tool has practical applications in retrofitting of structures, especially in earthquake-
prone regions. Additionally, ViT model’s high classification accuracy (93.8%) and
F1-score (91.8%) enable rapid, reliable screening of concrete microstructures for
damage susceptibility, reducing the reliance on computationally intensive FE
simulations for initial assessments. The alignment of ViT attention maps with FE
damage patterns allows engineers to quickly identify critical zones prone to failure,
facilitating targeted inspections, maintenance, and potentially reducing costs and
downtime in infrastructure management.

6.3 Validity and reliability discussion

The validity and reliability of the research findings are supported by the rigorous
methodology employed throughout the study. A data-driven approach was utilized,
leveraging large datasets of structural systems and seismic events to train and
validate AI models. Techniques such as NLTHA, extreme value analysis, and fuzzy
inference systems were used to ensure the accuracy and reliability of the results.
The framework was validated on benchmark structures and real-life case studies,
confirming its practical applicability. The integration of XAI techniques ensures
transparency and interpretability, addressing the "black-box" nature of traditional
Al models and enhancing trust in Al-driven predictions. The incorporation of PIs
and fuzzy evaluation ratios provides a robust method for quantifying uncertainties
in seismic performance assessment, improving the reliability of risk assessments by
capturing tail-end events and extreme values more accurately than traditional
methods. Moreover, the ViT’s superior performance over CNN benchmarks (93.8%
vs. 63.8% true positive rate for Class-A) underscores its reliability in classifying
damage states. The probabilistic nature of ViT attention maps, while correlated with
physical damage, does not establish definitive causality, necessitating further
validation and real-world variability in concrete compositions may require
additional testing to confirm robustness.

6.4 Further research ideas

While this research has laid a strong foundation for the integration of XAI in
structural engineering, several avenues for further exploration remain. Future
research could focus on optimizing the computational efficiency of XAI techniques
for real-time applications, such as structural health monitoring and early warning
systems, addressing the trade-off between interpretability and computational
complexity. The framework’s principles could also be extended to other civil
engineering domains to demonstrate its versatility. Integration with emerging
technologies like digital twins and internet of things could enhance the framework’s
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capabilities for real-time monitoring and decision-making. Additionally, the
development of more user-friendly XAI tools that cater to engineers and
stakeholders with varying levels of technical expertise would facilitate broader
adoption.

In conclusion, this research demonstrates the transformative potential of XAI in
enhancing the safety, sustainability, and efficiency of structural engineering
practices. By addressing the challenges of interpretability, uncertainty
quantification, and damage assessment, the proposed framework paves the way for
more resilient and sustainable urban infrastructure. Embedding mechanical
principles directly into AI models through physics-informed neural networks
(PINNSs) could enhance causal interpretability. Future research should build on
these foundations to further advance the integration of Al in civil engineering and
related fields, ensuring the continued evolution of infrastructure systems in
response to emerging challenges.
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Appendices

Appendix 1. Key terms of the doctoral thesis

e Explainable artificial intelligence (XAI)
e Performance-based design

Appendix 2. Abstract of published SKKU doctoral thesis

Abstract of the doctoral monograph thesis, titled “Automated Expert System for
Damage Assessment of Reinforced Concrete Beams using Digital Image Correlation
and Computer Vision

33






OOoO0OobOooOoobooooobooooboood

TIETEEN TERMIPANKKI
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Téllé kiasitteella ei ole otsikon muodostavia nimityksii.

Definition selitettdvissi oleva tekodly (XAI) viittaa menetelmien, mallien ja prosessien joukkoon,
joiden avulla tekodlyjarjestelmien paatokset ja tulokset tehdaan ymmarrettaviksi ihmisille. Toisin
kuin perinteinen "musta laatikko" -tekoily, joka toimii lipindkyméattomasti, XAl tarjoaa nakemysta
siitd, miten tekodlyjarjestelma péétyy johtopaatoksiinsd, varmistaen vastuullisuuden, luottamuksen ja
eettisen vaatimustenmukaisuuden

Definition (en) explainable artificial intelligence (XAI) refers to a set of techniques, models, and
processes that make the decisions and outputs of artificial intelligence (AI) systems understandable to
humans. Unlike traditional "black box" AI, which operates without transparency, XAI provides
insights into how an Al system arrives at its conclusions, ensuring accountability, trust, and ethical
compliance

Explanation

Tekodlyjarjestelmit, erityisesti syvaoppimismallit, toimivat usein tavoilla, joita on vaikea tulkita. XAI
ratkaisee timéan:

» Lisdamalla lapinakyvyytta: Paljastamalla tekodlyn paatosten taustalla oleva logiikka (esim. mitka
tekijat vaikuttivat ennusteeseen)

= Parantamalla luottamusta: Auttamalla kayttdjia, saantelijoita ja sidosryhmia vahvistamaan
tekoélyn tulokset ennen niiden kayttoa

= Varmistamalla vaatimustenmukaisuuden: Tayttdmalla lakisaateiset ja eettiset vaatimukset aloilla
kuten terveydenhuolto, rahoitus ja tekniikka

Keskeisid XAI-menetelmii:

= Ominaisuuksien merkitys: Tunnistetaan, mitkd syotteet vaikuttavat eniten tekoalyn paatdksiin
= Local Interpretable Model-agnostic Explanations (LIME): Selitetaan yksittaisia ennusteita

= SHapley Additive exPlanations (SHAP): Kvantifioidaan kunkin ominaisuuden osuus
lopputulokseen

= Individual Conditional Expectation (ICE): Visualisoidaan, kuinka mallin ennuste muuttuu
yksittdisessa tapauksessa, kun ominaisuutta muutetaan

= Partial Dependence Plots (PDP): Naytetdan yhden tai kahden ominaisuuden vaikutus mallin
ennusteisiin koko aineistossa

= Counterfactual Explanations (CFE): Tarjotaan "mita-jos" -skenaarioita, jotka nayttavat, kuinka
sybtemuutokset vaikuttavat tekoalymallin tulokseen

= Anchors: Tarkat sdantopohjaiset selitykset, jotka kuvaavat ehdot, joilla ennuste pysyy ennallaan

Explanation (en)

Al systems, particularly deep learning models, often function in ways that are difficult for humans to
interpret. XAI addresses this by:
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= Enhancing Transparency: Revealing the logic behind Al decisions (e.g., which features influenced
a prediction)
= Improving Trust: Helping users, regulators, and stakeholders validate Al outputs before relying on
them

= Ensuring Compliance: Meeting legal and ethical requirements in fields like healthcare, finance,
and engineering

Key methods in XAI include:

= Feature Importance: Identifying which inputs most affect the Al's decisions
= Local Interpretable Model-agnostic Explanations (LIME): Explaining individual predictions
= SHapley Additive exPlanations (SHAP): Quantifying each feature’s contribution to the outcome

= Individual Conditional Expectation (ICE): Visualizing how a model's prediction changes for a single
instance when a feature is varied

= Partial Dependence Plots (PDP): Showing the marginal effect of one or two features on the
model's predictions across a dataset

= Counterfactual Explanations (CF): Providing "what-if" scenarios to show how changes in input
features would alter the Al model's output

= Anchors: High-precision rule-based explanations that describe conditions under which a prediction
remains stable

Additional Information
Sovellusalueet:

= Terveydenhuolto: Diagnostisen tekoalyn suositusten perusteleminen lagkareille
= Rahoitus: Luottoluokituksen tai petosten tunnistuksen paatosten selittdminen

= Rakennustekniikka ja korjausrakentaminen: Rakenteiden arviointi, suunnittelu ja korjaus
datavetoisen tekodlymallin perusteella

Lihde:

David Gunning, Eric Vorm, Jennifer Yunyan Wang, Matt Turek (2021). DARPA's explainable AI (XAI)
program: A retrospective. Applied AI Letters, 2(4). https://doi.org/10.1002/ail2.61

Additional Information (en)
Application scenarios

= Healthcare: Justifying diagnostic Al recommendations to doctors
= Finance: Explaining credit scoring or fraud detection decisions

= Structural Engineering & Retrofitting: To assess, design, and retrofitting of structures based on
data driven Al models

Reference:

David Gunning, Eric Vorm, Jennifer Yunyan Wang, Matt Turek (2021). DARPA's explainable AT (XAI)
program: A retrospective. Applied Al Letters, 2(4). https://doi.org/10.1002/ail2.61
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Tilla kisitteelli ei ole otsikon muodostavia nimityksii.

Definition suorituskykyyn perustuva suunnittelu on rakennus- ja arkkitehtuurimenetelma, joka
keskittyy rakenteen tai jarjestelmén tiettyjen, mitattavien suorituskykyvaatimusten saavuttamiseen
ennalta méiarittyjen sddntojen noudattamisen sijaan. Toisin kuin perinteiset suunnittelumenetelmait,
jotka seuraavat standardoituja sdéntdja, suorituskykyyn perustuva suunnittelu arvioi, miten rakennus
tai infrastruktuuri toimii erilaisissa todellisissa olosuhteissa (kuten maanjaristyksissa, tulipaloissa tai
aarimmaisissa sddolosuhteissa) varmistaen turvallisuuden, kestdvyyden ja toiminnallisuude

Definition (en) performance-based design (PBD) is an engineering and architectural methodology
that focuses on achieving specific, measurable performance objectives for a structure or system, rather
than strictly adhering to prescriptive code requirements. Unlike traditional design approaches that
follow standardized rules, PBD evaluates how a building or infrastructure will perform under various
real-world conditions (e.g., earthquakes, fires, or extreme weather) to ensure safety, resilience, and
functionality

Explanation

Perinteinen suunnittelu perustuu usein ennalta maaritettyihin koodeihin, jotka eivit valttdmatta ota
huomioon ainutlaatuisia projektin vaatimuksia tai uusia riskeji. Suorituskykyyn perustuva
suunnittelu tarjoaa ratkaisun tahén:

= Ra&taloidyt ratkaisut: Rakenteet suunnitellaan paikkakohtaisten riskien ja suorituskykytavoitteiden
perusteella (esimerkiksi seisokkiajan minimointi maanjaristyksen jalkeen)

= Turvallisuuden ja kestavyyden parantaminen: Rakennukset tayttavat halutut turvallisuustasot
(kuten henkien suojelu tai romahtamisen estaminen) aaritapahtumissa

= Kustannusten optimointi: Joustavuus materiaalien ja menetelmien valinnassa turvallisuuden ja
taloudellisuuden tasapainottamiseksi

Suorituskykyyn perustuvan suunnittelun keskeiset menetelmit:

Todennakoisyyspohjainen riskianalyysi: Vian todennakdisyyden ja seurausten kvantifiointi
Suorituskykymittarit: Hyvaksyttavien raja-arvojen maarittely (kuten taipumarajat tai vauriotilat)
» Adrillisalkeismallinnus: Jannitysten, muodonmuutosten ja vauriotilojen ennustaminen

= Skenariopohjainen testaus: Suorituskyvyn arviointi tulipalo-, réjahdys- tai tuulikuormien alla

= Moniriskianalyysi: Maanjaristysten, tulvien tai muiden riskien yhdistettyjen vaikutusten arviointi

Explanation (en)

Traditional design often relies on predefined codes that may not account for unique project
requirements or emerging risks. PBD addresses this by:

» Tailoring Solutions: Designing structures based on site-specific hazards and performance goals
(e.g., minimizing downtime after an earthquake)

= Enhancing Safety & Resilience: Ensuring buildings meet desired safety levels (e.g., life protection,
collapse prevention) under extreme events
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= Optimizing Costs: Allowing flexibility in materials and methods to balance safety with economic
efficiency
Key Methods in PBD:

= Probabilistic Risk Assessment: Quantifying the likelihood and consequences of failure

= Performance Metrics: Defining acceptable thresholds (e.g., drift limits, damage states)

= Finite Element Modeling: Predicting stress, deformation, and failure modes

= Scenario-Based Testing: Evaluating performance under fire, blast, or wind loads

= Multi-Hazard Analysis: Assessing combined effects of earthquakes, floods, or other hazards

Additional Information
Sovellusalueet:

= Maanjaristystekniikka: Rakennusten suunnittelu kestdmaan seismisia voimia sailyttaen
toiminnallisuus

= Paloturvallisuustekniikka: Turvallinen evakuointi ja rakenteellinen eheys tulipalon aikana

= Tuulitekniikka: Pilvenpiirtajien optimointi hurrikaaneja tai taifuuneja vastaan

= Jalkiasennus: Vanhojen rakenteiden paivittdminen nykyaikaisiin kestavyysvaatimuksiin

= Tekoalyyn perustuva jalkiasennus: Suorituskykyyn perustuvan suunnittelun yhdistaminen
selitettdvaan tekodalyyn suunnittelun ja korjausstrategioiden optimoimiseksi

Liahde:

Ahmed Ghobarah (2001). Performance-based design in earthquake engineering: state of
development, Engineering Structures, Volume 23, Issue 8, Pages 878-884, ISSN 0141-0296,
https://doi.org/10.1016/S0141-0296(01)00036-0

Additional Information (en)
Application scenarios:

» Earthquake Engineering: Designing buildings to withstand seismic forces while maintaining
functionality
= Fire Safety Engineering: Ensuring safe evacuation and structural integrity during fires
= Wind Engineering: Optimizing skyscrapers for hurricane or typhoon resistance
= Retrofitting: Upgrading older structures to meet modern resilience standards
= Artificial Intelligence-Data Driven Retrofitting: Combining PBD with explainable artificial
intelligence to optimize design and retrofitting strategies
Reference: Ahmed Ghobarah (2001). Performance-based design in earthquake engineering: state of
development, Engineering Structures, Volume 23, Issue 8, Pages 878-884, ISSN 0141-0296,
https://doi.org/10.1016/S0141-0296(01)00036-0
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Abstract

Automated expert system for damage assessment of
reinforced concrete beams using digital image

correlation and computer vision

Natural disasters like earthquakes and hurricanes pose significant threats to
civil infrastructure, necessitating rapid and accurate damage assessment to
ensure structural safety and inform disaster response efforts. Traditional
manual inspection methods, such as those outlined in the ATC-20 manual, are
limited by their subjectivity and slow processing times, particularly during
large-scale disasters, as seen in the aftermath of the 2023 Southern Turkey
earthquake. These limitations highlight the need for automated and scalable
post—disaster inspection systems. Although recent advancements in 2D image
recognition and damage detection have improved the process, they often rely
on additional technologies like laser scanners or LiDAR to capture 3D structural
data, increasing both complexity and cost. Furthermore, existing studies
primarily focus on damage classification based on residual crack width without
adequately linking observed damage to the actual structural performance after a
disaster. This research addresses these gaps by integrating digital image
correlation (DIC) with fragility curve development to quantify structural damage
more effectively.

This study proposes an end-to—end methodology for assessing damage in

reinforced concrete (RC) structures, combining DIC-based crack quantification



with advanced 3D modeling techniques, such as Structure from Motion (SfM)
and Neural Radiance Field (NeRF) technology. Using DIC, crack width
measurements are captured and processed to develop fragility curves, which
categorize the structure’s damage state. In a scaled-down proof of concept in
the laboratory setting, the methodology is applied to RC beams to demonstrate
the feasibility of the proposed framework. This approach can be extended to
other structural components and entire buildings, allowing for comprehensive
structural assessment using advanced computer vision techniques. The results
show promise iIn enhancing post—disaster inspection accuracy, reducing
inspection time, and offering a cost—effective solution for disaster management.
Future research will focus on expanding this methodology to other structural

elements and refining the accuracy of the damage assessment process.

Keywords: Damage state assessment, digital image correlation, 3D computer

vision, structure from motion, neural radiance field, RC beam
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