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1. Introduction

Carbon Fiber Reinforced Polymer (CFRP) composites are gaining recognition for their exceptional
mechanical properties, including high strength-to-weight ratios and superior fatigue resistance, making
them highly suitable for reinforcing structural elements exposed to seismic forces. Aljabbri [1] examines
the numerical modeling of beam-column joints strengthened with CFRP, demonstrating that specific
configurations can enhance structural performance under seismic loads. The study highlights the
significance of reinforcement details and the application of external CFRP layers, which can significantly
affect the seismic behavior of structural joints. Similarly, Kang et al. [2] report that CFRP grid reinforcement
can greatly improve energy dissipation capacity, a key factor in mitigating seismic forces during
earthquakes.

The orientation of CFRP fibers plays a crucial role in determining their mechanical performance. Medeghini
et al. [3] emphasize that fiber orientation relative to the loading direction profoundly impacts the residual
tensile strength of fiber-reinforced composites. This finding is especially pertinent for seismic applications,
where the direction of applied forces can vary significantly. The ability to control fiber orientation through
advanced manufacturing techniques allows for customized mechanical properties that can be optimized
using machine learning algorithms to predict performance under various loading conditions.

Machine learning techniques provide a powerful tool for analyzing extensive datasets generated from
experimental and simulation studies, enabling the identification of optimal CFRP configurations.
Metaheuristic algorithms, for instance, can systematically explore design parameters such as CFRP
thickness and fiber orientation. These methods facilitate the development of predictive models that inform
design decisions, ultimately enhancing structures' seismic performance. Integrating these computational
techniques with experimental validation ensures optimized designs are practical and effective in real-world
applications.

Furthermore, structures' seismic resilience can be significantly enhanced by adopting hybrid systems that
combine CFRP with other materials. Li [4] investigates the performance of steel-PVA hybrid fiber
cementitious composites within concrete-filled steel tubes (CFST), demonstrating that increasing core
concrete strength and adjusting the axial compression ratio improve the seismic performance of composite
columns. This finding suggests that hybridization and optimized CFRP configurations can significantly
enhance structural resilience.

Advanced numerical methods, such as finite element analysis (FEA), play a critical role in optimizing CFRP
applications. Wang et al. [5] demonstrate that FEA, incorporating fiber elements, can accurately simulate
the complex interactions in reinforced concrete structures under seismic loading. By integrating CFRP into
these models, researchers can simulate various scenarios to assess the influence of CFRP thickness and
fiber orientation on structural performance. This approach provides a deeper understanding of how CFRP
configurations can be optimized for specific seismic conditions.

Experimental studies are pivotal in validating theoretical predictions derived from numerical models.
Golias et al. [6] provide empirical evidence supporting the effectiveness of X-shaped CFRP ropes in
improving the hysteretic behavior and energy dissipation of beam-column joints under cyclic loading. Such
validations are crucial for refining optimization algorithms and ensuring that the proposed designs meet
performance criteria.

The growing body of research on fiber-reinforced concrete (FRC) and its seismic performance further
supports the application of machine learning and metaheuristic algorithms in optimizing CFRP thickness
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and fiber orientation. Studies have demonstrated that fibers can significantly enhance the ductility and
energy absorption capacity of concrete structures [7,8]. Leveraging these insights, researchers can develop
machine learning models to predict optimal fiber configurations, facilitating the design of more resilient
structures.

Additionally, the integration of distributed sensing technologies, such as fiber optic sensors, offers real-
time monitoring of structural health during seismic events. These data are invaluable for refining
optimization algorithms and improving the predictive capabilities of machine learning models. Lindsey et
al. [9] explore distributed acoustic sensing (DAS) for seismic monitoring, which enhances the
understanding of structural responses to seismic forces and informs future design improvements.

Studies have shown that CFRP retrofitting can substantially increase peak load capacity, initial stiffness,
and ductility in reinforced concrete (RC) structures. For example, Zhou demonstrated that CFRP retrofitting
led to a 43.89% increase in peak load, a 39.27% increase in initial stiftness, and a 30.1% improvement in
ductility in RC frames subjected to seismic loading [10]. This improvement is primarily due to the high
strength-to-weight ratio of CFRP, which effectively confines concrete elements, enhancing their load-
bearing capacity and energy dissipation during seismic events [11].

Optimizing CFRP thickness and fiber orientation is essential for maximizing the benefits of retrofitting.
Jafari and Mahini explored various CFRP configurations at structural joints and revealed that specific
arrangements enhance the seismic fragility capacity of RC frames [12]. Strategic placement of CFRP can
improve energy dissipation and lateral capacity, both critical for maintaining structural integrity during
earthquakes.

Incorporating machine learning techniques, such as LightGBM, into the optimization process provides a
data-driven approach to determining the most effective CFRP configurations. LightGBM, well-suited for
large datasets, efficiently models complex relationships between CFRP parameters (e.g., thickness and fiber
orientation) and structural performance metrics (e.g., load capacity and ductility). By training models on
experimental data, researchers can predict the performance of various CFRP configurations and identify
optimal solutions for maximizing seismic resilience [13].

The Whale Optimization Algorithm (WOA) complements the machine learning approach by offering a
robust optimization framework. WOA, inspired by whale hunting behavior, effectively explores the
solution space to identify optimal CFRP retrofitting parameters. When applied to optimizing CFRP
configurations, WOA helps identify the best combinations of thickness and fiber orientation, yielding
significant performance improvements in seismic scenarios. The synergy between WOA and LightGBM
leads to more efficient and effective retrofitting strategies, ultimately enhancing the safety and durability
of RC structures. Experimental validations further support the theoretical and computational findings. For
instance, Laseima et al. demonstrated significant improvements in the shear efficiency and overall seismic
performance of RC beam-column joints retrofitted with CFRP sheets [14]. These findings underscore the
importance of CFRP configuration, as variations in orientation and thickness significantly affect structural
performance. Beyond performance enhancements, CFRP retrofitting addresses existing structural
deficiencies. Hejazi's research on flange-bonded CFRP sheets highlights their role in relocating plastic
hinges in beam-column joints, improving stability and load capacity in retrofitted frames [15]. This is
particularly valuable for older structures that may not meet contemporary seismic design standards.

As the field of structural engineering evolves, the combination of advanced materials, computational
techniques, and real-time monitoring will play a critical role in optimizing CFRP applications for seismic
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resilience. Ongoing research underscores the importance of interdisciplinary collaboration, uniting
materials science, structural engineering, and data science to address seismic challenges. Despite the
substantial advancements in CFRP applications for seismic retrofitting, previous studies have either focused
on simulation-based optimization or experimental validations of individual parameters such as thickness or
orientation. The novelty of this study lies in the dual-level integration of a machine learning model
(LightGBM) with the Whale Optimization Algorithm (WOA), allowing for a simultaneous and data-driven
optimization of CFRP thickness and fiber orientation. This combination not only improves predictive
accuracy but also significantly reduces computational time, providing a more efficient, scalable, and
intelligent framework for structural retrofitting design. Additionally, the use of a large, synthetically
generated dataset that covers diverse seismic and structural conditions enhances the generalizability and
applicability of the proposed approach to real-world scenarios.

While numerous studies have explored the use of CFRP in enhancing seismic resilience—either through
finite element simulations [1,5] or experimental validation of specific configurations [6,10,14]—most of
these works address parameter effects in isolation and lack integrated optimization strategies. Moreover,
existing machine learning applications in this context are often limited to predictive modeling [20-23]
without exploring metaheuristic-enhanced design frameworks. This reveals a critical knowledge gap in the
simultaneous, data-driven optimization of CFRP retrofitting parameters under varying seismic conditions.
Motivated by this gap, the present study proposes a combined Light GBM-WOA framework that not only
predicts structural performance with high accuracy but also determines optimal CFRP configurations that
minimize seismic damage indicators such as inter-story drift and base shear. Integrating experimental
validation, numerical modeling, and real-time monitoring is crucial for developing effective optimization
strategies. Future research should focus on refining these approaches and exploring new materials and
configurations to further improve the seismic performance of reinforced structures.

The novelty of this research lies in its dual-focus methodology: it not only leverages the predictive strength
of LightGBM but also incorporates the optimization power of WOA to provide a holistic design solution.
Unlike earlier studies, this integrated framework enables simultaneous prediction and optimization of CFRP
parameters, resulting in a retrofitting approach that is both adaptive to diverse seismic demands and efficient
in resource utilization. This study aims to optimize CFRP thickness and fiber orientation through machine
learning and metaheuristic algorithms and offers a promising avenue for enhancing structural resilience
under seismic loads.

To guide the reader through the study, the remainder of this paper is structured as follows: Section 2 presents
the dataset description, including the synthetic generation methodology and parameter ranges used in the
simulations. Section 3 outlines the methodology, detailing the integration of the LightGBM model with the
Whale Optimization Algorithm (WOA) and the evaluation metrics used. Section 4 discusses the results,
including predictive performance, optimization outcomes, and comparative analysis. Section 5 provides an
in-depth discussion highlighting the advantages, limitations, and practical implications of the proposed
framework. Finally, Section 6 concludes the study with a summary of key findings, contributions, and
suggestions for future research directions.

2. Research methodology

2.1. Dataset description

The dataset used for this regression forms the backbone of the entire development process, as it guides in
the development of the machine learning model through optimization. The dataset has been carefully
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designed to encompass a wide range of parameters essential for understanding the structural behavior of
RC frames during seismic events. The dataset consists of over 10,000 synthetic data points considering
several structural configurations, material properties, seismic demand parameters, and retrofitting strategies
[16]. The synthetic dataset was generated using a parametric simulation framework that integrates
probabilistic modeling of structural dimensions, material properties, and seismic demand variables. Latin
Hypercube Sampling (LHS) was employed to ensure uniform coverage across the multidimensional
parameter space, maintaining realistic correlations between features. The data reflect plausible physical
configurations based on code-compliant ranges derived from existing literature and engineering standards
[17,18]. Several key feature groups form the structure, each giving insight into multiple features of the RC
frame seismic response.

It comprises two categories: the first relates to Structural Features that describe the geometry and the
material properties of the RC frame. These vary between the frame height, which falls between 10 and 30
meters, and the number of stories, which range between 3 to 10. Further refinement gives a story height
range of 2.5 to 3.5 meters and a span length ranging between 5 to 10 meters, giving a fine view of the
general structure. Furthermore, beam widths and depths, as well as column widths and depths, represent an
important dataset regarding the load-carrying elements of the structure, while properties characterizing the
resistance of concrete in the range of 25 to 50 MPa—and rebars in the range of 400 to 600 MPa—represent
critical material properties, along with the reinforcement ratio ranging between 1% and 4%, influencing the
structural stiffness and capacity to resist seismic forces.

It represents the second group, consisting of the CFRP features that are the central optimization parameters
in the study. The most common retrofitting materials are CFRP, and under seismic loads, their performance
is highly dependent on two major variables: the CFRP material's thickness and the fiber's orientation. The
dataset contains variations in the thickness of the CFRP materials from 1 to 5 mm, along with variations in
fiber orientation angles from 0° to 90°. These parameters directly influenced how the CFRP strengthened
the RC frame, and indeed, different configurations offered differing degrees of enhancement to the seismic
resilience of the structure.

The third set would be the Seismic Demand Parameters, representing a quantity characterizing the external
forces imposed on the structure due to the earthquake. It includes PGA, representing the maximum ground
motion of the earthquake in terms of gravitational acceleration in the range between 0.1g and 1.0g, and
spectral acceleration in the range between 0.5g and 3.0g, indicating the structure's response at specific
frequencies. Magnitude of the earthquake (Richter scale) ranges from 5.0 to 8.0, indicating a broad measure
of the overall severity of the earthquake; ground motion duration ranges from 10 to 60 seconds, and
frequency content is categorized as either low or high.

Other seismic features of importance include the damping ratio, between 2% and 7%, a measure of the
dissipative ability of the structure, as well as distance to fault, from 5 up to 50 km, related to the intensity
of the seismic load experienced by the structure. The condition of the soils can be either soft, medium, or
rock to take into account the amplification of the ground motion.

The Damage Indicators group focuses on two important metrics related to the structural response due to
seismic events: inter-story drift ratio and base shear force. Inter-story drift ratio defines the relative
displacement of adjacent floors and is a more important indicator; higher values will imply greater potential
damage. Other significant measures of the structure's capacity to resist seismic loads include base shear
force, which is defined as the total lateral force at the base. Both of these parameters will be considered
important for assessing different CFRP configurations in the effectiveness of seismic damage mitigation.
The key outcome variable that the machine learning model trains to predict corresponds to the Optimization
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Target, representing the corresponding reduction in inter-story drift due to specified configurations of CFRP
thickness and fiber orientation. By optimizing this target, the model should be able to find the properties of
CFRPs which minimize seismic damage, hence a powerful tool for guiding retrofitting strategy in RC
structures. The dataset is, in fact, designed to be a rich starting point for the training of machine learning
and the realization of the optimization process. The features, related to the detailed structural, CFRP
properties, seismic demand parameters, and damage indicators, ensure the proper modeling of the complex
interactions among these variables to offer appropriate and efficient seismic retrofitting solutions.

2.2. Feature engineering

Feature engineering is one of the most crucial steps for any model development in machine learning, as it
forms the direct basis of a model's capability to understand and make predictions. In this analysis, the
prepared raw dataset had to be surveyed judiciously so that any model may learn something from the input
data efficiently. It consisted of a series of steps in order: normalization, handling missing value, feature
selection; all these together gave the final dataset used for training the model, LightGBM [19,20].

Normalization has been done on the dataset to ensure features from different units and scales do not
disproportionately affect model learning. For example, the structural dimensions were measured in mm and
seismic demand parameters included Peak Ground Acceleration, measured in terms of g-gravitational
acceleration. As most of these features will be continuous in nature, they needed normalization into a
standard range-usually 0 to 1 using min-max scaling [18,21].

This step did not allow any one feature to be out-weighing the others because of its numerical scale and
allowed a model to learn the relative importance of each variable without bias. Handling missing values in
this dataset proved to be another important approach to feature engineering. Since this was a synthetically
generated dataset that was very complete, whatever missing or wrong values were found needed detection
and treatment to avoid bias or error in the model. Whatever needed it, simple imputations were used:
missing value imputation with the median or mean of the respective feature. This helped retain integrity in
the dataset while keeping enough variability for model training. Meanwhile, feature selection played the
most important role in refining the dataset for optimal model performance. Several structural, seismic, and
CFRP-related features are not contributing equally to the prediction of the reduction in inter-story drift.
Therefore, a few strategies were enforced based on the correlation analysis and feature importance ranking
from preliminary machine learning models. These methods therefore captured those features most strongly
related to the optimization target of reduced inter-story drift, while minimizing noise from less-informative
features [22].

Based on the selection, the most critical features identified for the study were CFRP thickness and fiber
orientation. Thickness in CFRP, which ranges from 1 to 5 millimeters, directly influences the stiffness and
strength in the RC frame. Greater reinforcement with thicker layers of CFRP usually reduces structural
deformation during seismic events. However, for greater thickness, the gain in performance is usually at a
diminishing rate and also more costly; optimization will therefore be imperative to derive the right balance
between effectiveness and practicality. Orientation of the fibers, from 0° to 90°, affects how CFRP fibers
interact with seismic forces.

Different orientations alter the mechanical and behavioral performance of the reinforced concrete. Where
other angles may provide better resistance to lateral forces, the angle of fiber alignment can enhance
structural ductility and energy dissipation, reducing the possibility of brittle failure under a strong seismic
event. Besides the CFRP-related features, a number of seismic demand parameters have also been selected
due to their considerable influence on the structural response. In this respect, the study directly included as



A. Salama et al. Journal of Soft Computing in Civil Engineering 10-3 (2026) 1980

factors the direct indicators of seismic event intensity PGA and spectral acceleration. These parameters are
critical because they define the magnitude of the forces acting on the structure; hence, they determine the
effectiveness of the applied reinforcement with CFRP. Other parameters to retain for investigation included
earthquake magnitude, ground-motion duration, and soil conditions, including these factors in the dynamic
response modification of the RC frame.

The structural features also included beam and column dimensions, concrete strength, and rebar strength
on feature selection because they are related to the inherent seismic resilience of the RC frame. Such a
combination of structural properties with the CFRP parameters enables modeling to acquire how different
configurations of material properties and geometries interact with seismic load, hence normally developing
a more holistic understanding of the retrofitting process. In this respect, preparation of the data for training
the LightGBM model was done by selecting and engineering features that capture the core interactions
between the properties of CFRP, structural characteristics, and seismic forces. Also, such a process of
normalization, missing data handling, and feature selection has been done with cares, ensuring the proper
prediction of the model on inter-story drift reduction to guide the optimization of CFRP thickness and fiber
orientation in seismic retrofitting.

2.3. Machine learning model: lightGBM

This study selected the LightGBM (Light Gradient Boosting Machine) algorithm as the core machine
learning model due to its ability to handle large datasets with multiple features and its efficiency in
performing complex optimization tasks. LightGBM is a gradient-boosting framework that utilizes decision
trees as base learners, allowing it to effectively model non-linear relationships between features. It excels
in scenarios with high-dimensional data and large datasets, making it ideal for predicting complex outcomes
such as the seismic performance of reinforced concrete (RC) frames, where interactions between CFRP
properties and seismic demand parameters are intricate and multi-faceted [17].

LightGBM offers several key advantages that make it suitable for this study. First, it is highly efficient in
terms of both memory usage and computational speed. It implements a leaf-wise tree growth strategy, which
allows for deeper trees and better accuracy compared to level-wise growth strategies used by other gradient-
boosting frameworks. This approach helps capture intricate patterns and relationships between features like
CFRP thickness, fiber orientation, and seismic demand parameters. Additionally, LightGBM can handle
categorical data, missing values, and highly skewed feature distributions, making it robust for real-world
applications like seismic retrofitting optimization [23].

Furthermore, LightGBM uses gradient-based one-sided sampling (GOSS) and exclusive feature bundling
(EFB) to handle large datasets more efficiently. GOSS helps in sampling instances that contribute more to
the gradient, while EFB bundles features with low mutual information to reduce the dimensionality of the
feature space. Both improve computational efficiency without sacrificing predictive accuracy [24].

The primary task of the LightGBM model in this study is to predict the optimization target, which is the
reduction in inter-story drift ratio due to different CFRP configurations. This reduction is a function of
CFRP thickness, fiber orientation, and other structural and seismic parameters. LightGBM is trained to
model the non-linear relationship between these inputs and the optimization target. The training process
minimizes a loss function that measures the error between the predicted and actual values of the reduced
drift [25].

The objective function for LightGBM in regression tasks (such as predicting reduced inter-story drift) is
typically based on minimizing the Mean Squared Error (MSE) [24,26], defined as Eq. (1).
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1 A
MSE = -3y (O — 9i)° (1)
Where:

e y; is the actual reduced drift for the i™ observation,
e ¥, is the predicted reduced drift for the i™ observation,
e 7 is the number of observations in the dataset.

In each iteration of the training process, LightGBM updates its decision trees to minimize the MSE by
following the gradient of the loss function. The gradient boosting approach ensures that the model improves
iteratively, with each new tree correcting the residuals (errors) from the previous iteration. The model also
learns the importance of features by calculating how much each feature contributes to reducing prediction
errors. Features such as CFRP thickness and fiber orientation are expected to have high importance scores
because they are the primary parameters affecting the structural response during seismic events [27].

2.4. Dataset splitting and cross-validation

The dataset is divided into training and testing sets to ensure the model can generalize well to unseen data.
The training set is used to fit the LightGBM model, allowing it to learn the relationships between the
features and the target variable. The testing set held during training is then used to evaluate the model’s
predictive performance on new, unseen data [28]. This study split the dataset into training and testing sets
using an 80/20 split. This means that 80% of the data was used for model training, while the remaining 20%
was reserved for testing. This ensures that the model’s performance can be evaluated regarding its ability
to predict reduced drift for data it has not seen before, providing an unbiased assessment of its generalization
capacity.

To further improve the model's robustness and avoid overfitting, k-fold cross-validation was applied during
the training process [29]. Cross-validation involves dividing the training data into k subsets (folds), training
the model on k-1 folds, and validating it on the remaining fold. This process is repeated k times, with each
fold used exactly once for validation. The final model performance is averaged over all folds, ensuring that
the model is not overly sensitive to any particular subset of the data.

Mathematically, cross-validation for the MSE can be represented as Eq. (2).

1 1 n: . e 2
CV-MSE ==3%, 237 (9 - 37) )

n]- =1
where:
e [ is the number of folds,
e n; is the number of observations in the j h fold,
o yi(j ) and j/l.(j ) are the actual and predicted reduced drift for the i observation in the j fold.

This approach enhances the model’s ability to generalize by ensuring that it performs well across different
subsets of the data, making it more robust and reliable for real-world applications.

2.5. Whale optimization algorithm (WOA)

The Whale Optimization Algorithm (WOA) is a nature-inspired metaheuristic optimization technique that
simulates the social hunting behavior of humpback whales. Humpback whales use a unique hunting method
known as "bubble-net feeding," where they create spiral-shaped bubbles around their prey. WOA mimics
this spiral movement and is designed to solve optimization problems by iteratively improving a candidate
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solution [30-32]. In this study, WOA plays a crucial role in hyperparameter tuning for the LightGBM model
and in optimizing the key variables—CFRP thickness and fiber orientation—to minimize inter-story drift
and base shear forces in RC frames subjected to seismic loads.

2.5.1. Overview of WOA
The WOA operates by modeling the hunting strategy of humpback whales, which can be mathematically

simplified into three main phases:

1. Encircling prey: In this phase, the algorithm assumes that the optimal solution is the target (prey) and
the whale's position is updated iteratively to move closer to the optimal solution.

2. Bubble-net attacking: This represents the exploration phase where the whales search for better solutions,
inspired by the spiral-shaped bubbles they create.

3. Search for prey: This is the exploitation phase, where the whales attempt to locate the prey by updating
their positions based on the global best solution found so far.

The position of a whale in the solution space is represented by candidate values for the variables being
optimized. In this study, those variables are the CFRP thickness and fiber orientation.

2.5.2. Mathematical model of WOA
WOA uses the following mathematical equations to simulate the encircling and spiral updating behaviors:

1. Encircling prey: Whales move toward the best solution found so far. The position of each whale is
updated according to Eq. (3).

—

D=|

C-X'®-X@) 3
Xt+1)= D

X*(t)-4-D
where:

e t is the current iteration,

e X (t) is the position of the whale at iteration t,

e X *(t) is the position of the current best solution,

e A and C are coefficient vectors,

e D is the distance between the whale and the best solution found so far.

The coefficient vectors A and € are computed as Eq. (4).
A=2-d-7-d, C=2-7 (4)

where d is a linearly decreasing vector from 2 to 0 over the course of iterations, and 7 is a random vector
in the range [0,1].

2. Spiral updating: The spiral behavior is simulated by creating a helix-shaped movement toward the prey,
given by Eq. (5).

X(t+1)=D"-eb - cos (2ml) + X*(¢) (5)
Where:

o D'=|X"(t)-X®)|
e b is a constant defining the shape of the spiral,
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e [is arandom number in the range [—1,1].

Exploration and exploitation: WOA switches between exploitation (searching around the best solution) and
exploration (searching new areas of the solution space) based on a probability p. This dynamic balance
between exploration and exploitation allows WOA to effectively avoid local minima and search the entire
space.

2.5.3. WOA for hyperparameter tuning in lightGBM

WOA is applied in this study to perform hyperparameter tuning for the LightGBM model. LightGBM has
several hyperparameters that influence its performance [33—-35], such as:

e Learning rate: Determines the step size during the gradient descent update.
e Max depth: Controls the maximum depth of each decision tree.

e Number of leaves: Limits the number of leaves in each tree.

e Subsample: The fraction of data used to build each tree.

e Feature fraction: The fraction of features used in each iteration.

These hyperparameters significantly affect the model's ability to capture the relationship between CFRP
parameters and seismic performance. WOA optimizes these hyperparameters by minimizing a predefined
loss function (such as Mean Squared Error or Root Mean Squared Error) on the validation set. WOA
optimizes LightGBM’s hyperparameters by representing each whale as a candidate hyperparameter
configuration. The whales search the hyperparameter space by updating their positions according to the
WOA equations. The best hyperparameter set found during this process is used to train the final LightGBM
model, ensuring optimal performance.

2.5.4. WOA for optimizing CFRP parameters

In addition to hyperparameter tuning, WOA 1is used to search for the optimal combination of CFRP
thickness and fiber orientation that minimizes inter-story drift and base shear forces. Each whale represents
a candidate solution, i.e., a specific combination of CFRP thickness (between 1 and 5 mm) and fiber
orientation (between 0 and 90). The objective is to find the combination that minimizes seismic damage
indicators.

The optimization process works as follows:

e The fitness function is the combination of inter-story drift ratio and base shear force. The fitness
function to be minimized is:

Fitness = a Drift Ratio + Base Shear Force

where a and 8 Are weights that control the relative importance of reducing inter-story drift and base shear
force.

e WAOA iteratively adjusts the values of CFRP thickness and fiber orientation based on the equations
described above, continuously updating the candidate solutions toward the optimal configuration.

e Ateach iteration, the LightGBM model evaluates the structural performance based on the current CFRP
parameters, and the WOA refines the search for better configurations.

The WOA provides an efficient method for tuning the LightGBM model's hyperparameters and optimizing
the critical CFRP parameters for seismic retrofitting. Combining these techniques, the study identifies the

10
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best CFRP configurations that minimize inter-story drift and base shear forces, ensuring enhanced seismic
resilience for RC frames [33,36,37].

2.6. Model training and optimization process

In this study, the model was trained and optimized using a structured pipeline that integrated data
preprocessing, model training, hyperparameter tuning, and optimal performance evaluation using
LightGBM with the WOA. The careful design of this pipeline maximizes CFRP thickness and fiber
orientation for the minimum inter-story drift and base shear forces normally considered critical for
improving seismic resiliency within RC frames [38].

The first step was the dataset preprocessing, ensuring that the raw data is prepared for training by a machine
learning model. This includes normalization of the features to ensure parameters at different units-for
example, millimeter-thick CFRP and seismic force in g are on comparable scales. The missing values had
either imputation by median values or removal of incomplete rows, depending on the nature of the missing
data. Then, features relevant to the optimization target of reduced inter-story drift were identified: structural
properties, seismic demand parameters, and CFRP properties, including thickness and fiber orientation.

With the dataset thus prepared, training of the LightGBM model has been carried out to predict the
optimization target. The reason for using LightGBM is its efficiency in handling large datasets that come
with multiple features and capture complex nonlinear relations of structural, seismic, and CFRP parameters.
This training most often involved splitting the data into training and testing in a balanced, usually 80-20, in
order to ensure the model was capable of generalizing well over data it had not seen. Cross-validation at
training had been done to avoid overfitting, but mostly to ensure the model was stable across different
subsets of the data. It does this through the use of k-fold cross-validation, where the training data is divided
into k-subsets or folds, where for each of these folds, the model is trained using k-1 folds and validated on
the remaining fold. This process is repeated k times, and its performance is averaged across all iterations.

After preliminary training, WOA was used to optimize the hyperparameters of the LightGBM model. WOA
was used to identify the best set of hyperparameters, including learning rate, max depth, and number of
leaves, that would result in maximum predictive bounds by the model. The inspiration for the WOA
algorithm comes from the social hunting mannerisms of humpback whales, where continuous updating of
these hyperparameters aims to minimize the error between predictions made by the model and the actual
optimization target. In every iteration of the WOA, LightGBM had to train the model using candidate
hyperparameters and measure the error against a validation set. Results from those were used by WOA to
refine its search and progressively home in on the optimal configuration of hyperparameters.

Similarly, after tuning the LightGBM model, WOA is used to optimize the CFRP thickness and fiber
orientation. In this optimization process, each whale is now a candidate solution representing exactly a
combination of CFRP thickness and fiber orientation. Thus, the CFRP thickness iterates from 1 to 5 mm,
and the fiber orientation is from 0° to 90°. WOA adjusts the parameters of the CFRP in each loop of the
optimization, and the LightGBM model determines the effect of these parameters on the optimization target,
which means the reduction in inter-story drift and base shear forces.

This was a continuous loop until WOA converged on the best CFRP thickness and fiber orientation
combination that minimized seismic damage. The optimized fitness function has been a weighted
combination of inter-story drift and base shear forces; hence, both should be included in the optimization
process. To quantify model uncertainty, a 10-fold cross-validation scheme was employed across multiple
random splits of the dataset. The standard deviation of the MAE and R? scores across folds was used to
evaluate the model’s stability and robustness. In addition, a localized sensitivity analysis was conducted by
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perturbing the two most influential features—CFRP thickness and fiber orientation—within +10% of their
mean values to assess the variability in model predictions. These steps provided statistical evidence of the
model’s reliability under realistic fluctuations in input parameters.

2.7. Evaluation metrics

Several evaluation metrics were employed to assess the LightGBM model's performance and optimization
results. These metrics provided insights into the model's accuracy, the extent of prediction errors, and the
relative importance of different features in predicting seismic performance [39-45].

e Mean Absolute Error (MAE): MAE is the average of the absolute differences between the predicted and
actual values of the optimization target (reduced inter-story drift). It provides a straightforward measure
of prediction error and is given by the Eq. (6).

1 .
MAE = — i=1 lyi = il (6)
where y; is the actual value of reduced drift, y; is the predicted value, and n is the number of observations.

¢ Root Mean Squared Error (RMSE): RMSE measures the square root of the average squared differences
between predicted and actual values, placing a higher penalty on larger errors. It is defined as Eq. (7).

RMSE = \/%2;-21 i — 90)? (7

RMSE is useful for emphasizing large prediction errors and providing a more sensitive measure of model
performance.

e R? Score (Coefficient of Determination): The R? score represents the proportion of the variance in the
optimization target that can be explained by the model. It is a measure of the model's overall accuracy
and is calculated as Eq. (8).

Yiz, 0i=9)?

21—
R =15 0w ®)

where ¥ is the mean of the actual values. An R? score close to 1 indicates that the model explains most of
the variance in the target variable, whereas an R? score closer to 0 suggests a weaker model.

e Feature Importance: Feature importance scores were calculated by LightGBM to identify which input
features had the greatest impact on predicting reduced inter-story drift and base shear forces. Light GBM
computes feature importance by evaluating how much each feature contributes to reducing the
prediction error in the decision trees. Features like CFRP thickness and fiber orientation were expected
to have high importance scores, as they directly influence the structural response during seismic events.
In contrast, other features, such as seismic demand parameters (e.g., Peak Ground Acceleration, spectral
acceleration), were also anticipated to rank highly in importance due to their strong impact on the forces
acting on the RC frame.

Using these evaluation metrics, the LightGBM model's performance and the WOA's effectiveness in
optimizing CFRP parameters were rigorously assessed. The combination of MAE, RMSE, and R? provided
a comprehensive view of prediction accuracy. At the same time, feature importance scores offered valuable
insights into which variables played the most significant role in minimizing seismic damage.
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3. Results and discussion

3.1. Model performance

The performance of the LightGBM model in predicting the reduction of inter-story drift and base shear
forces is a critical factor in assessing the effectiveness of the proposed optimization approach. Three key
metrics were employed to evaluate the model’s accuracy: Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and the coefficient of determination, R? Score. These metrics were analyzed before and after
applying the Whale Optimization Algorithm (WOA), used to fine-tune the model's parameters.

Before optimization, the LightGBM model exhibited an MAE of 0.005 and an RMSE of 0.007, indicating
a relatively low error level in predicting seismic damage indicators such as inter-story drift. The R? score
of 0.89 suggests that the model could explain 89% of the variance in the target variable. However, despite
these promising results, there was room for improvement, particularly in minimizing prediction error and
enhancing the model's overall accuracy.

After the WOA optimization, notable improvements were observed across all evaluation metrics. The MAE
decreased to 0.004, reflecting a more precise prediction of the reduced drift ratio. Similarly, the RMSE
dropped to 0.006, indicating that the model's predictions became more accurate after optimization. Most
significantly, the R* score increased to 0.92, meaning the optimized model explained 92% of the variance
in the seismic damage indicators. This improvement highlights the effectiveness of WOA in fine-tuning the
model's hyperparameters, leading to more accurate predictions of inter-story drift and base shear forces.

Table 1 compares the MAE, RMSE, and R? scores before and after WOA optimization. The data
demonstrates the enhancement in the model’s performance after the optimization process. These results are
visually reinforced in Figure 1, which provides a bar chart comparing the MAE, RMSE, and R? Score before
and after optimization. The reduced error metrics and increased R? score visually illustrate the benefits of
applying WOA to improve the LightGBM model's predictive accuracy.

Figure 1 demonstrates the impact of optimization using the Whale Optimization Algorithm (WOA). The
Mean Absolute Error (MAE) decreased from 0.005 to 0.004, and the Root Mean Squared Error (RMSE)
improved from 0.007 to 0.006. Although these numerical reductions may appear marginal, they are
significant in the context of seismic prediction, where even small improvements contribute to more stable
and reliable structural response forecasting. Moreover, the R? score increased from 0.89 to 0.92, indicating
an enhanced correlation between the model’s predictions and the actual output, thus confirming a more
accurate and generalizable model behavior.

Table 1
Predictive Accuracy of the Model (Before and After Optimization).
Metric Before Optimization After Optimization
MAE 0.005 0.004
RMSE 0.007 0.006
RA? Score 0.89 0.92

Compared to traditional finite element-based optimization techniques reported in recent literature, the
proposed LightGBM—WOA framework not only achieved comparable prediction accuracy but did so with
significantly reduced computational cost (as will be discussed in Figure 7). Previous studies such as [16],
[20], and [23] reported MAE values within the 0.005-0.006 range using simulation-based calibration
methods, whereas our approach achieves similar accuracy using a machine learning-based surrogate model,
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thus offering substantial time efficiency without sacrificing performance. This confirms the dual advantage
of the proposed method in both predictive quality and optimization effectiveness.

Before Optimization
B After Optimization

0.8

0.6
w
]
=
b
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0.0 MAE RMSE R? Score

Metrics

Fig. 1. Comparison of MAE, RMSE, and R? values before and after optimization. The overall performance.

improvements achieved through WOA optimization emphasize the importance of hyperparameter tuning in
machine learning models, especially when predicting complex, non-linear relationships between structural,
CFRP, and seismic parameters. The reduction in MAE and RMSE indicates that the model can more reliably
predict the optimal configurations of CFRP thickness and fiber orientation, contributing to a more effective
seismic retrofitting strategy for RC frames.

3.2. Optimization results

Applying the Whale Optimization Algorithm (WOA) significantly enhanced the predictive capability of the
LightGBM model, particularly in optimizing critical structural parameters such as CFRP thickness and fiber
orientation. These parameters are pivotal in mitigating seismic damage, as reflected in key indicators like
inter-story drift and base shear forces. By fine-tuning these variables, WOA effectively minimized seismic
vulnerability and contributed to the development of more resilient reinforced concrete (RC) frames.

The effectiveness of WOA is evident through a comparative analysis of inter-story drift and base shear
forces before and after optimization. As presented in Table 2, the inter-story drift was initially recorded at
0.035, indicating considerable lateral deformation during seismic loading. Post-optimization, this value
decreased to 0.029, demonstrating a measurable improvement in structural behavior. This reduction
underscores WOA’s capacity to identify optimal CFRP configurations that effectively control deformation.

Similarly, base shear force—a key indicator of the total lateral load experienced by a structure—was
reduced from 2200 kN to 1950 kN after optimization. This 11.4% reduction reflects a more efficient force
redistribution enabled by the optimized CFRP setup, which improves energy dissipation and overall
structural resilience during seismic events.

Additionally, the reduction in inter-story drift and base shear is visualized independently in Figure 2, which
highlights the separate impacts of the optimized CFRP configurations. The upper chart demonstrates that
the inter-story drift decreased from 0.035 m to 0.029 m, reflecting improved lateral stiffness and
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displacement control under seismic loading. This improvement contributes to reduced structural damage
and greater post-event stability. The lower chart illustrates a corresponding drop in base shear from 2200
kN to 1950 kN, confirming that the optimized design enables more effective redistribution of seismic forces
throughout the structure. These reductions not only validate the predictive power of the LightGBM model
but also offer practical implications for safer and more efficient retrofitting strategies.

Inter-Story Drift Comparison
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Fig.2. Independent Comparison of Inter-Story Drift and Base Shear Before and After Optimization Using WOA—
LightGBM.

Visual representations further support these results. Figure 3 illustrates the inverse relationship between
CFRP thickness and inter-story drift, confirming that increased thickness generally correlates with
enhanced stiffness and reduced deformation. Figure 4 explores the impact of fiber orientation on drift
reduction, highlighting that angles between 45° and 60° yield superior seismic performance due to enhanced
ductility and stress redistribution. Figure 4 emphasizes the substantial reduction in base shear forces after
optimization, reinforcing the critical role of WOA in seismic performance enhancement.
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In summary, WOA-driven optimization not only improved model predictions but also translated into
tangible improvements in structural behavior. The clear reductions in inter-story drift and base shear forces
demonstrate the practical viability of using Al-based optimization for seismic retrofitting. By linking
simulation outputs with physical performance indicators, this approach offers a robust framework for data-
informed decision-making in structural engineering.

Table 2
Comparison of Seismic Damage Indicators (Before and After Optimization).
Metric Value
Inter-story Drift (Before) 0.035
Inter-story Drift (After) 0.029
Base Shear Force (Before) 2200
Base Shear Force (After) 1950

Several visualizations were created to further explore the relationships between CFRP thickness and fiber
orientation with seismic performance. Figure 3 presents the relationship between CFRP thickness and drift
reduction before and after optimization. This figure demonstrates that thicker CFRP layers lead to greater
reductions in inter-story drift, with the optimized configurations providing consistently better results than
the pre-optimization state. As the CFRP thickness increases, the structure's ability to resist lateral movement
improves, leading to reduced drift.

0.032¢+ Before Optimization
—e— After Optimization

0.031¢
0.030
0.029

0.028

Inter-story Drift Reduction

0.027

0.026

0.025¢

1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
CFRP Thickness (mm)

Fig.3. CFRP Thickness vs. Drift Reduction.

A similar trend is observed in Figure 4, which illustrates the effect of CFRP fiber orientation on drift
reduction. Different fiber orientations directly impact how seismic forces are absorbed and distributed
across the structure. The figure reveals that certain fiber orientations, particularly around 45° to 60°, result
in more efficient seismic performance, with optimized configurations outperforming the non-optimized
counterparts. The scatter plot indicates that fiber orientation plays a critical role in enhancing the structure’s
ductility and overall response to seismic forces.
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Fig.4. CFRP Fiber Orientation vs. Drift Reduction.

A similar scatter plot or line graph depicting how different fiber orientations affect the drift reduction before
and after optimization. Finally, Figure 5 showcases the reduction in base shear forces before and after WOA
optimization. This bar chart emphasizes the positive impact of the optimized CFRP configurations,
demonstrating a substantial decrease in base shear after optimization. The lower base shear after
optimization suggests that the optimized structure is better equipped to withstand seismic loads without
compromising its integrity.

2000

1500

1000

Base Shear Force (kN)

500

Before Optimization After Optimization

Fig.5. Base Shear Force Comparison (Before and After Optimization).

The results from WOA optimization clearly show that by fine-tuning CFRP thickness and fiber orientation,
seismic damage indicators such as inter-story drift and base shear forces can be significantly reduced. This
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highlights the potential for WOA to be used as a powerful tool for optimizing retrofitting strategies,
providing a more data-driven and effective approach to seismic resilience in RC structures.

3.3. Feature importance analysis

Understanding which features have the most significant impact on the model's predictions is crucial for
interpreting how various structural and seismic parameters influence the reduction of inter-story drift and
base shear forces. The LightGBM model provides feature importance scores that indicate the relative
contribution of each feature to the model’s predictive performance. These scores help us identify the key
variables driving the model's accuracy, allowing for a more informed approach to optimizing CFRP
properties and improving seismic resilience.

In this analysis, CFRP thickness and CFRP fiber orientation emerged as the most influential features in
predicting the reduction of inter-story drift and base shear forces. As shown in Table 3, CFRP thickness has
an importance score of 0.25, making it the most critical feature in determining seismic performance. This
finding is expected, as CFRP thickness directly affects the stiffness and strength of the retrofitted RC frame,
helping it resist lateral movements during seismic events. Similarly, CFRP fiber orientation, with an
importance score of 0.22, plays a vital role in how seismic forces are absorbed and distributed, with certain
orientations enhancing the structure's ductility and reducing the likelihood of failure.

Among the seismic demand parameters, Peak Ground Acceleration (PGA) and Spectral Acceleration were
the most significant, with importance scores of 0.18 and 0.15, respectively. These parameters describe the
intensity and frequency characteristics of seismic events and are key drivers of the forces that act on the
structure. The model’s reliance on these parameters underscores the critical role that seismic demand plays
in influencing structural response, particularly in how CFRP reinforcement interacts with earthquake-
induced forces.

In addition to CFRP properties and seismic parameters, Earthquake Magnitude and Soil Condition also
showed moderate importance, with scores of 0.10 and 0.05, respectively. Earthquake magnitude provides a
broad measure of the earthquake’s overall severity, while soil conditions influence ground motion
amplification, particularly for softer soils that tend to increase structural displacement during seismic
events.

Structural features such as Story Height and Frame Height had lower importance scores (0.03 and 0.02,
respectively) but still contributed to the overall model performance. These features primarily affect the
geometry of the building and, in turn, how it behaves under seismic loading. While their relative importance
is lower compared to CFRP properties and seismic parameters, they remain important considerations in any
comprehensive retrofitting strategy.

The Feature Importance Chart presented in Figure 6 provides a visual representation of the importance
scores, illustrating the relative impact of each feature on the model’s predictions. The prominence of CFRP-
related features in the chart further emphasizes the critical role that material properties play in enhancing
seismic resilience. These findings suggest that optimizing CFRP thickness and fiber orientation should be
the primary focus when developing retrofitting strategies, supported by careful consideration of the seismic
demand parameters.

Table 3 provides a detailed ranking of the features based on their importance scores. The ranking clearly
shows the dominance of CFRP properties and seismic demand parameters in influencing the model's ability
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to predict seismic damage reduction. This feature importance analysis highlights the key variables that drive
the model’s performance and provides valuable insights into the most effective avenues for seismic
retrofitting and damage mitigation in RC structures.

CFRP Thickness f

CFRP Fiber Orientation f
Peak Ground Acceleration |
Spectral Acceleration |
Earthquake Magnitude
Soil Condition F

Story Height |

Frame Height|

0.00 0.05 0.10 0.15 0.20 0.25
Importance Score

Fig.6. Feature Importance Chart.

Table 3
Feature Importance Rankings.
Feature Importance Score
CFRP Thickness 0.25
CFRP Fiber Orientation 0.22
Peak Ground Acceleration 0.18
Spectral Acceleration 0.15
Earthquake Magnitude 0.1
Soil Condition 0.05
Story Height 0.03
Frame Height 0.02

3.4. Interpretation of results

The Whale Optimization Algorithm (WOA) optimization results provide insightful conclusions regarding
the optimal configurations of CFRP thickness and fiber orientation for seismic retrofitting. These results
have practical implications for retrofitting strategies to minimize inter-story drift and base shear forces in
reinforced concrete (RC) frames subjected to seismic loads. By fine-tuning CFRP thickness and fiber
orientation, the study demonstrates how specific configurations can significantly enhance the seismic
resilience of these structures.

The optimization results suggest that increasing the CFRP thickness generally leads to greater reductions
in inter-story drift, as thicker CFRP layers provide enhanced stiffness and strength to the retrofitted
structure. However, further increases in thickness yield diminishing returns beyond a certain point, both in
terms of seismic performance and cost-effectiveness. The Whale Optimization Algorithm identified the
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thickness ranges where these diminishing returns begin to occur, allowing for more informed decisions
about the optimal level of reinforcement required to achieve the desired seismic performance without

unnecessary material costs.

Likewise, CFRP fiber orientation is critical in determining how seismic forces are absorbed and
redistributed across the structure. The optimization revealed that specific fiber orientations, particularly
those between 45° and 60°, offer the best performance in reducing inter-story drift. These orientations
enhance the structure's ductility, allowing it to deform gracefully under seismic loading without
experiencing catastrophic failure. The ability of WOA to fine-tune fiber orientation configurations enables
the identification of these optimal angles, ensuring that the retrofitting strategy maximizes both the material
efficiency and structural performance.

Figure 7, a 3D surface plot, illustrates the combined effects of CFRP thickness and fiber orientation on
inter-story drift reduction. This visualization demonstrates the interaction between the two parameters,
showing how specific combinations can substantially improve seismic performance. The 3D plot reveals
that optimal performance is achieved when the right balance between thickness and orientation is found,
with moderate thickness levels and fiber orientations around 45° to 60° providing the best overall reduction
in drift. The visual representation helps to clarify how both variables work in tandem to influence structural
behavior, offering a more intuitive understanding of the optimization process.
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Fig.7. 3D Surface Plot of CFRP Thickness and Fiber Orientation Impact on Drift Reduction.

In practical terms, the insights gained from this optimization can be directly applied to real-world
retrofitting projects. By leveraging these findings, engineers and designers can develop more efficient and
cost-effective retrofitting strategies that use CFRP materials optimally. Instead of applying overly
conservative designs, which may result in unnecessary costs or inefficient material use, the optimization
allows for targeted reinforcement, focusing on the configurations that provide the greatest seismic
protection. This enhances the structure's safety and resilience and contributes to more sustainable
retrofitting practices by minimizing resource usage.

In summary, the WOA-optimized configurations of CFRP thickness and fiber orientation significantly
improve seismic performance by reducing inter-story drift and base shear forces. The 3D surface plot in
Figure 7 highlights the interaction between these parameters, offering valuable insights into how seismic
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retrofitting can be optimized for both performance and efficiency. These findings have important practical
applications, helping to guide the development of retrofitting strategies that balance structural safety with
material and cost considerations. The generalizability of the proposed framework is supported by the
breadth of the synthetically generated dataset, which encompasses a wide range of structural geometries,
material properties, seismic intensities, and soil conditions. This diversity allows the model to capture
nonlinear interactions under various realistic scenarios. However, future validation using real-world
experimental data or field measurements is recommended to further substantiate the framework’s
applicability across different construction practices, regional seismic codes, and building typologies.

3.5. Comparison with traditional methods

The optimization process in this study, which combined the LightGBM model with the Whale Optimization
Algorithm (WOA), offers a clear advantage over traditional simulation-based methods in terms of both
computational efficiency and predictive accuracy. Traditional methods of optimizing CFRP configurations
for seismic retrofitting often rely on extensive finite element analyses or iterative manual procedures, which
are not only time-consuming but also computationally expensive. These approaches typically demand a
large number of simulations runs, each requiring significant processing time to assess the effects of different
configurations. In contrast, the proposed machine learning-based framework streamlines the optimization
task, allowing rapid exploration of the design space with fewer computational resources.

Moreover, the LightGBM model's ability to model complex nonlinear relationships among structural,
seismic, and CFRP variables reduces dependence on repetitive simulations. This, coupled with the WOA's
efficiency in global search, enables the model to converge on optimal solutions more quickly. However, a
notable limitation of this ML-based strategy lies in its dependency on high-quality, diverse, and sufficiently
large datasets. In real-world engineering contexts, such datasets may not always be available, which could
hinder the generalizability and robustness of the model’s predictions.

The comparison of optimization time is particularly revealing. Traditional simulation-based methods may
take up to 24 hours to explore the solution space thoroughly, whereas the WOA-LightGBM framework
accomplished this in just 3 hours (Figure 8). This gain in time does not compromise the accuracy, as the
optimized configurations provided by WOA were as effective, if not more so, than those obtained using
conventional methods. This is especially significant in large-scale engineering projects where design
timelines are tight and computational resources are limited.

While the WOA-LightGBM method offers significant advantages—speed, accuracy, and scalability—it is
not without drawbacks. The model's effectiveness depends heavily on the quality and representativeness of
training data. Additionally, some machine learning models may be less interpretable than conventional
physics-based models, potentially making it difficult for stakeholders to fully understand the optimization
rationale. Nonetheless, the proposed framework demonstrates a highly efficient and accurate data-driven
alternative for seismic retrofitting design, representing a meaningful advance toward faster, more informed,
and more sustainable structural interventions.

Additionally, the machine learning-based optimization demonstrates superior accuracy in predicting the
impact of CFRP configurations on seismic performance. Traditional methods may rely heavily on trial-and-
error approaches, often leading to suboptimal solutions or the need for overly conservative designs to ensure
safety. In contrast, the machine learning approach provides a more targeted optimization process, as the
model is trained to predict the precise configurations that will minimize inter-story drift and base shear
forces. This allows for a more refined and efficient retrofitting strategy, reducing the need for excessive
material usage or unnecessary complexity in the design.
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Fig .8. Comparison of Optimization Time: WOA vs. Traditional Simulation Methods.

In summary, the use of WOA and LightGBM represents a significant improvement over traditional
simulation-based methods in terms of both computational efficiency and accuracy. The machine learning-
based approach reduces optimization time from 24 hours to just 3 hours, as depicted in Figure 8, while also
delivering more precise predictions of seismic performance. This data-driven approach not only enhances
the efficiency of the retrofitting process but also ensures that the optimal CFRP configurations are identified
quickly and accurately, leading to more effective and sustainable seismic retrofitting strategies.

4. Conclusion

This study proposed an integrated framework that combines LightGBM with the Whale Optimization
Algorithm (WOA) to optimize CFRP thickness and fiber orientation for the seismic retrofitting of
reinforced concrete (RC) frames. The optimization approach led to measurable improvements in predictive
performance, as evidenced by a reduction in Mean Absolute Error (MAE) from 0.005 to 0.004, a decrease
in Root Mean Squared Error (RMSE) from 0.007 to 0.006, and an increase in the R? score from 0.89 to
0.92. These results demonstrate the model’s enhanced ability to capture complex patterns in seismic
response data and to predict critical damage indicators with greater accuracy.

Beyond prediction, the optimization process yielded meaningful structural improvements. Inter-story drift
was reduced from 0.035 to 0.029, and base shear forces decreased from 2200 kN to 1950 kN. These
reductions reflect the effectiveness of the optimized CFRP configurations in enhancing structural stability
and minimizing deformation during seismic events.

The novelty of this work lies in its dual focus on prediction and optimization within a unified machine
learning—metaheuristic framework, addressing a critical gap in previous studies that typically treat these
components separately. Moreover, the study demonstrates a practical pathway for deploying intelligent,
data-driven strategies in the design and retrofitting of seismic-resistant structures, offering a scalable
solution that aligns with both performance and economic considerations.

For future research, it is recommended to validate the proposed framework through experimental testing
under varying seismic intensities and to explore its applicability to other retrofitting materials such as GFRP
or hybrid composites. Integrating real-time monitoring systems and expanding the optimization parameters
to include cost-benefit analysis may further enhance the practical impact of this methodology.
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5. Study limitations and future work

The current study relies entirely on a synthetically generated dataset constructed through probabilistic
modeling and Latin Hypercube Sampling (LHS) techniques. While this approach allows for a
comprehensive representation of realistic structural and seismic conditions within code-compliant ranges,
it inherently abstracts the irregularities and uncertainties present in real-world structural behavior. This
dependence on synthetic data limits the direct applicability of the findings without additional empirical
validation, particularly when dealing with nonlinear structural responses or localized failure mechanisms.

Given this limitation, future studies should incorporate experimental or field-based validation to enhance
the credibility and robustness of the proposed optimization framework. Laboratory-scale shake-table testing
or real-time structural monitoring data from retrofitted RC frames can provide critical insights into the
actual performance of optimized CFRP configurations. Such validation efforts would also allow for
calibration of the machine learning model under real seismic excitations, increasing its generalizability
across various structural typologies and seismic intensities.

Moreover, the optimization strategy developed in this study focuses exclusively on Carbon Fiber
Reinforced Polymer (CFRP) as the retrofitting material. Although CFRP is widely recognized for its high
strength-to-weight ratio and durability, other fiber-reinforced composites such as Glass Fiber Reinforced
Polymer (GFRP), Basalt Fiber Reinforced Polymer (BFRP), or even hybrid systems may offer distinct
advantages in terms of cost, flexibility, or environmental performance. Future research should explore the
extension of the LightGBM—-WOA framework to encompass a broader range of materials and design
alternatives, thereby enhancing its practical relevance in retrofitting projects with diverse technical and
economic constraints.

Finally, while this study optimizes CFRP thickness and fiber orientation to minimize seismic damage
indicators, it does not account for economic, constructability, or long-term durability factors that are critical
in practical retrofitting decisions. Future work could integrate multi-objective optimization frameworks that
jointly consider structural performance, lifecycle costs, ease of application, and maintenance requirements.
Incorporating these aspects would ensure a more comprehensive and realistic decision-making model,
contributing to the development of performance-based, sustainable retrofitting strategies for vulnerable
structures.
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