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Abstract

Urban infrastructure in seismic zones demands efficient and scalable tools for damage
prediction. This study introduces an attention-integrated progressive transfer learning
(PTL) framework for the seismic vulnerability assessment (SVA) of reinforced concrete
(RC) frame buildings. Traditional simulation-based vulnerability models are computa-
tionally expensive and dataset-specific, limiting their adaptability. To address this, we
leverage a pretrained artificial neural network (ANN) model based on nonlinear static
pushover analysis (NSPA) and Monte Carlo simulations for a 4-story RC frame, and ex-
tended its applicability to 2-, 8-, and 12-story configurations via PTL. An attention mech-
anism is incorporated to prioritize critical features, enhancing interpretability and classi-
fication accuracy. The model achieves 95.64% accuracy across five damage categories and
an R? of 0.98 for regression-based damage index predictions. Comparative evaluation
against classical and deep learning models demonstrates superior generalization and
computational efficiency. The proposed framework reduced retraining requirements
across varying building heights, shows potential adaptability to other structural typolo-
gies, and maintains high predictive fidelity, making it a practical Al solution for structural
risk evaluation in seismically active regions.

Keywords: reinforced concrete frame; seismic vulnerability assessment; progressive
transfer learning; attention mechanism; capacity spectrum-based method; structural
damage prediction; nonlinear static pushover analysis

1. Introduction

Earthquakes remain one of the most unpredictable natural disasters, with their in-
tensity and impact on structures heavily influenced by factors such as soil type and fault
distance [1,2]. Historically, researchers have endeavored to predict the behavior of struc-
tures under seismic loads, beginning with Kendy’s pioneering work in 1980 on the lateral
behavior of nuclear power plants [3]. Over the decades, studies have expanded to assess
the seismic vulnerability and fragility of individual and grouped building structures,
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particularly in the wake of catastrophic events like the Bhuj, Tarkey, and Nepal earth-
quakes. These disasters have underscored the need for accurate prediction models to mit-
igate the loss of life and infrastructure. In response, funding agencies such as FEMA [4]
and ATC [5] have increasingly focused on reducing uncertainties, such as epistemic un-
certainty, in structural behavior predictions. Open application programming integration
advancements in structural software like CSI (https://www.csiamerica.com, 2 January
2025), Dlubal (https://www.dlubal.com/en, 2 January 2025), and MIDAS
(https://www.midasuser.com/en, 2 January 2025), have enabled more precise modeling of
material behavior. However, the true leap forward has come with the integration of arti-
ficial intelligence (AI) and machine learning (ML) algorithms. These models, particularly
ANNSs, are now capable of processing vast datasets, identifying patterns, and adapting to
new data through techniques, i.e., transfer learning and fine-tuning.

Traditional ML models often struggle with performance where extensive task-spe-
cific datasets are required, or data acquisition is costly or limited. Additionally, the ability
of traditional models to generalize across varying structural scales and environmental
conditions remains constrained, therefore limiting their practical applicability in the real
world [6-8]. Leveraging knowledge from pretrained models on similar tasks on new do-
main-specific tasks, transfer learning (TL) has emerged as a powerful approach to enhance
performance, generalization, and adaptability [9,10]. The combination of advanced struc-
tural software and ML techniques represents a significant step forward in SVA.

In recent years, a substantial international research effort has focused on applying
deep learning, transfer learning, and hybrid Al frameworks to seismic vulnerability as-
sessments and post-earthquake damage recognition. Numerous studies have demon-
strated the use of convolutional neural networks, multi-feature fusion, and deep transfer
learning to detect structural damage from remote sensing, UAV imagery, and field pho-
tographs, significantly improving the speed of post-event reconnaissance in varied seis-
mic regions [11-13]. Parallel developments have explored the use of data-driven models
to predict nonlinear seismic responses, soil-structure interaction effects, and the time-his-
tory behavior of RC and steel structures, highlighting the increasing capability of ML-
based approaches to capture complex structural phenomena traditionally addressed us-
ing computationally intensive numerical simulations [12-15]. TL is increasingly recog-
nized for its ability to adapt pretrained models in cases where task-specific labeled da-
tasets are scarce [16-18]. TL exploits the ability to retain learnt generic feature representa-
tions which can be then fine-tuned for a specific target domain. By using pretrained mod-
els to transfer knowledge, TL accelerates training without requirement of extensive target-
domain data. Studies by Abdi et al. (2021) [19] and Dogan et al. (2023) [20], utilizing multi-
feature fusion and deep transfer learning, respectively, signify the efficacy of TL in dam-
age detection for tackling complex structural damage patterns and insufficient domain-
specific data. Similarly, Xu et al. (2022) [21] and Jena et al. (2023) [22] demonstrated trans-
fer learning’s use for time-history predictions in structural systems and earthquake risk
assessments. Further by leveraging a pretrained model’s domain-invariant features, Lin
etal. (2022) [23] illustrated how TL frameworks can improve the task of damage detection.

The integration of attention mechanisms with TL frameworks enriches the model’s
capability to focus on salient features present in complex data. In structural damage as-
sessments, attention mechanisms allow models to prioritize critical regions. As demon-
strated by Jena et al. (2023) [22] and Lin et al. (2022) [23], this approach is propitious while
dealing with heterogeneous data sources or identifying subtle damage patterns. Moreo-
ver, attention layers effectively capture intricate feature relationships, such as inter-story
drift and stress distribution, which are essential for accurate damage predictions in taller
structures [6,7,24]. TL frameworks, when integrated with attention mechanisms, improve
a model’s interpretability and robustness with high-dimensional and temporally
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dependent data. In the context of structural damage prediction, several gaps persist de-
spite these advancements in the ML techniques. Existing works primarily focus on adapt-
ing pretrained models in a single transfer step, which may lead to challenges such as cat-
astrophic interference (CI). Cl is a phenomenon where a fine-tuned model loses its ability
to generalize from source domain knowledge to target domain knowledge. Moreover,
other traditional methods used for the assessment assume homogeneity between the
source and target datasets, which may fail with real-world scenarios where domain shifts
are prevalent.

To address these limitations, a promising alternative is offered through PTL, a spe-
cialized subset of TL [15,25,26]. PTL provides a novel way where knowledge transfer is
performed from simpler tasks or structures to more complex ones. To adapt task-specific
features, the model’s general representation is fine-tuned incrementally. This gradual ad-
aptation ensures effective generalization across diverse target datasets and mitigates CI.
PTL works well in scenarios where data availability is limited or when datasets are highly
specialized. This reduces the need for extensively labeled datasets without compromising
performance.

The precise and dependable forecasting of structural damage relies on two essential
types of uncertainty: epistemic and aleatoric [27-30]. The uncertainties are shaped by fac-
tors including the accuracy of structural models, comprehensive structural specifications,
and the accessibility of historical earthquake ground-motion data. The challenges of un-
certainty quantification are particularly pronounced in areas such as India, where there is
substantial variation across various parameters [31-33]. The complexity of this issue is
particularly evident in RC structures, where the spatial variability in material properties,
such as differences in concrete strength, rebar distribution, and bond conditions, make it
challenging to develop accurate and reliable predictions of structural performance under
seismic loads. Whereas many prior CNN-based or hybrid deep models (often remote-
sensing-driven) primarily address aleatoric variability for post-event classification, the
present work advances mechanics-consistent SVA by coupling progressive transfer learn-
ing with an attention mechanism in a multi-configuration transfer setting and by tying
predictions to fragility functions and standard damage-state thresholds used in HAZUS
(https://www .fema.gov/flood-maps/products-tools/hazus, 10 October 2025) workflows.

This study focuses on implementing PTL to extend the capabilities of an existing
ANN model that currently predicts structural damage for four-story RC frame buildings
designed according to Indian seismic standards [32]. The primary objective is to scale up
this model to accurately assess seismic vulnerability across a wider range of building
heights, specifically 2-story, 8-story, and 12-story RC building frames, while maintaining
the fixed bay width and number of bays across all building configurations. The study em-
ploys both classification-based models to categorize damage levels (No-damage, Slight,
Moderate, Severe, and Complete) and regression-based models to provide continuous
damage index predictions. By leveraging the hierarchical structure of PTL integrated with
attention mechanisms, the research aims to establish a methodology where knowledge
from the pretrained four-story building model is progressively transferred and adapted
to buildings of varying heights. This approach addresses the limitations of conventional
TL methods by minimizing CI while efficiently utilizing the limited available data for dif-
ferent building configurations. The study particularly emphasizes the application of these
enhanced models in Indian regions, where material heterogeneity and regional seismic
disparities present unique challenges for accurate structural damage prediction.
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2. Proposed PTL-Based SVA Approach

The conceptual workflow of the proposed PTL-based framework is first outlined, fol-
lowed by the corresponding implementation details. Figure 1 shows the proposed PTL-
based framework, incorporating an attention mechanism to forecast structural damage
levels in buildings of different heights (2-story, 4-story, 8-story, and 12-story) that adhere
to Indian standards. This section offers an in-depth examination of the data preprocessing
pipeline, model architecture, design rationale, training methodology, fine-tuning strategy,
and hyperparameter optimization.

Figure 1. Architecture of the proposed progressive transfer learning (PTL) framework with attention

mechanism for seismic damage prediction of RC frames.
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The PTL framework systematically modifies an ANN model that has been trained on
a foundational dataset (such as a four-story RC frame) to forecast damage levels across
various building configurations. This organized modification facilitates effective
knowledge exchange while preserving predictive precision. The fundamental elements of
the base model consist of the following:

¢ Aninput layer alongside a bottleneck layer designed for effective feature extraction.

e Incorporating dropout layers and attention mechanisms to enhance generalization
and focus on task-specific learning.

e A specialized output layer designed for predicting structural damage.

The model is subjected to a methodical enhancement procedure, which includes the
strategic freezing and unfreezing of layers to create tailored models for various building
categories. This approach utilizes a structured hierarchy of grandparents, parents, and
child elements, enabling the model to effectively generalize seismic damage evaluations
while preserving essential knowledge.

The PTL framework facilitates effective transfer learning through layer-wise selective
training, keeping the early layers frozen to preserve essential knowledge while allowing
the higher layers to gradually adjust to new tasks. The latent space, located following the
bottleneck layer, acts as a common feature representation, enabling smooth knowledge
transfer among various building types. The process of adaptation is carried out in a sys-
tematic manner:

1. Initial layers (frozen) to secure essential representations, guaranteeing the preserva-
tion of knowledge.

2. Latent spaces (partially unfrozen) are progressively adjusting to heightened com-
plexities through the selective unlocking of layers.

3. Output layers designed for specific tasks (completely trainable) are customized to
predict structural damage in new types of RC frames.

Attention-based inter-task dependencies improve knowledge sharing across tasks,
enhancing model adaptability, effectively maintaining relevant structural interactions
while accommodating new features. Modifications tailored to specific tasks take place at
the output layer, enabling accurate predictions for novel structural configurations. In the
process of transitioning between tasks, the freezing—unfreezing mechanism plays a crucial
role in facilitating fine-tuning while preventing CI, a prevalent challenge in TL where the
acquisition of new information can interfere with previously established knowledge. The
attention mechanism enhances latent space representations, allowing for adjustments
based on specific task features while preserving previously acquired knowledge. This or-
ganized enhancement guarantees that every new assignment solely highlights the most
pertinent characteristics while maintaining essential structural patterns. The present
study maintains a consistent bay width and number of bays, while altering the story
height. To broaden the model’s capabilities to include more architectural features, certain
higher latent space layers can be strategically unfrozen, facilitating a dynamic adjustment
to increasingly intricate structures. The bottleneck layer modifies its compression ratio to
adapt to increased variability in structural configurations.

In the context of extensive feature expansions, the implementation of batch normali-
zation serves to reweight domain-specific features, ensuring stability during the fine-tun-
ing process. This avoids redundant updates and guarantees that only relevant layers are
trained according to the task’s complexity. In cases where the model needs additional
scalability, one can implement a hierarchical attention-based freezing strategy that focuses
on feature-level adaptations while allowing for dynamic adjustments in the upper layers.
The PTL framework in the present study, incorporating attention mechanisms, facilitates
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effective TL for predicting seismic damage by preserving critical knowledge, avoiding CI,
and flexibly adjusting to new structural characteristics.

3. Data Collection and PTL-Based Model

This section outlines the generation of an SVA dataset for 2-, 4-, 8-, and 12-story RC
frame buildings using a probabilistic SVA methodology, as proposed by Gondaliya et al.
(2022) [33]. In a subsequent study, Gondaliya et al. (2024) [32] developed an ML model
trained on the probabilistic outputs of a four-story RC frame structure designed in accord-
ance with Indian seismic codes. To further enhance the assessment, the capacity spectrum-
based method is employed to derive seismic fragility curves, enabling a robust evaluation
of the structural vulnerability of the selected RC building configurations.

3.1. Mathematical Modeling of RC Building Frames

The structural configurations and reinforcement detailing for the selected RC build-
ings, which include 2-, 4-, 8-, and 12-story special moment-resisting frames, are depicted
in Figure 2 and summarized in Table 1. The model is based on M25 grade concrete, Fe500
grade reinforcement bars, and a modulus of elasticity of 200 GPa. A Monte Carlo simula-
tion approach is utilized to address uncertainties in material strength properties, employ-
ing established probabilistic techniques to assess variability in mechanical properties. Ma-
terial property limits were established by utilizing a 95% confidence interval in accordance
with IS 456 (2000) [34] guidelines, reflecting the intrinsic variability in the characteristics
of the concrete and steel sample datasets listed in Appendix A. Parameters, including the
modulus of elasticity of concrete, were obtained through established empirical relation-
ships, specifically Ec = 5000 ,/f;, ensuring consistency across simulations. The model in-
corporated the influence of infill wall mass, distributed uniformly across each floor level.
To evaluate seismic fragility, a representative frame from each building type was chosen
to establish damage state thresholds and produce corresponding fragility curves. The
structural dimensions and load combinations adhered to the Indian design standards IS
875: Part-I and Part-II (1987), IS 1893: Part-I (2016), and IS 13920 (2016) [35-38]. The model
incorporated slabs, internal walls, and external masonry walls with thicknesses of 125
mm, 115 mm, and 230 mm, respectively. Superimposed loads of 3 kN/m? for occupied
floors and 0.75 kN/m? for roof levels were implemented to represent realistic usage sce-
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Figure 2. Plan and elevation of the selected RC frame buildings.
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Table 1. Rebar detailing of the selected RC frame buildings in the present study.

Width Depth

Frame Member  Floor Effective Section *
(mm)  (mm)
Beams 1 230 400 6-12 @ (top) +2-12 @ (bottom)
2-Storey Columns 1 300 300 8-16 ©
Beams 2 230 400 3-16 @ (top) +2-12 @ (bottom)
Columns 2 300 300 4-16 ©+4-12 O
Beams 1-2 230 450 4-16 @ (top) +2-16 ® (bottom)
4-Storey Columns 1-2 350 350 12-20 0
Beams 34 230 400 4-16 @ (top) + 2-16 ® (bottom)
Columns 3-4 300 300 12-16 ©
Beams 1-4 300 450 2-20 © +1-16 @ (top) + 220 P (bottom)
8-Storey Columns 1-4 500 500 4-25 9 +8-20 0
Beams 5-8 250 450 4-16 @ (top) +2-16 ® (bottom)
Columns 5-8 350 350 12-25
Beams 1-4 300 550 2-20 O (top) +2-16 © (bottom)
Columns 1-4 550 550 4-25D+8-20®
12-Storey Beams 5-8 250 500 3-20 @ (top) +2-16 @ (bottom)
Columns 5-8 450 450 4-25 D +8-200
Beams 9-12 250 450 3-16 @ (top) +2-16 @ (bottom)
Columns  9-12 400 400 8-16 ®

Note. * @ represents the diameter of the rebar. Rebar is uniformly distributed in the column.

3.2. Capacity Spectrum-Based Method (CSM)

The CSM, as outlined in the HAZUS-MH MRS guidelines, is employed to evaluate
structural capacity and derive fragility curves that account for both epistemic and aleato-
ric uncertainties [39,40]. Widely adopted in performance-based seismic assessment, the
CSM offers a robust approach to estimate the expected lateral deformation of RC building
structures [41-43]. Gondaliya et al. (2023) [44] reviewed several SVA methodologies to
derive the seismic fragility curves for the RC frame buildings. In the current study, the
NSPA is performed using a gravity load combination of dead load (DL) plus 0.25 times
the live load (LL), with lateral forces applied incrementally. The potential formation of
plastic hinges is evaluated using the empirical relation [45], using Equation (1):

Lp=0.08 L +0.022 fy x db 1)

where L is the member length, fy is the yield strength of reinforcement (MPa), and d» is
the diameter of the longitudinal reinforcement (mm). For this study, plastic hinge loca-
tions are estimated to form at half the plastic hinge length from the structural member
ends, aligning with expected flexural behavior patterns. The pushover curve is trans-
formed into a capacity spectrum using SAP2000 (v25) [46], following ATC-40 and HAZUS
guidelines [4,5].

The intersection point of the demand spectrum and capacity curve, termed the per-
formance point, is determined via the equivalent linearization method (Procedure-A), re-
flecting the structure’s expected seismic response under a specific ground motion level. In
this study, the spectral displacement, S4, used in the fragility formulation is obtained from
a continuous set of performance points. This continuous treatment is adopted to better
capture aleatoric uncertainty in seismic demand and to avoid instability associated with
fitting fragilities from a small number of discrete intensities. The fragility curves express
the conditional probability of exceeding a particular damage state DSk at a given spectral
displacement (S4), modeled using a lognormal distribution by Equation (2).
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Probability of Exceedance

Probability of Exceedance

=

P (S) = PDS > DSy | Sa = <1>[ik In(=L)] @

Sd,ds

Saas represents the mean spectral displacement at which a building reaches a speci-
fied damage state threshold. S« denotes the standard deviation of the natural logarithm of
spectral displacement corresponding to the kth damage state and @ is the cumulative dis-
tribution function (CDF) of the standard normal distribution. Figure 3 shows the derived
seismic fragility curves of the eight-story RC frame building with probabilistic SVA meth-
odology. The statistical parameters used to generate these fragility curves, including un-
certainty ([3 values) and corresponding damage state deformation limits, are summarized

in Table 2.
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Figure 3. Seismic fragility curves are derived from various damage states for the 8-story RC frame

building.

The weighted mean damage index, denoted as DSw, serves as a single representative
metric to indicate the expected damage condition of the building. This index corresponds
to the discrete damage states and damage thresholds that are outlined in Table 3. Different
hazard representations, demand—capacity models, and probability constructions can shift
the resulting px and DSw [47]. Accordingly, our damage probability matrix is constructed
analytically at the performance point, which can be affected by the definitions of damage
indices. The discrete probability px [N, d] quantifies the likelihood that a structure sub-
jected to seismic demand d, and characterized by structural parameters N, will experience
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the kth level of damage, categorized as the following: No-damage (k = 0), Slight (k = 1),
Moderate (k = 2), Severe (k = 3), or Complete (k = 4). The most probable damage state is
quantified using Equation (3). If DS = 2.0, it falls within the 1.5-2.5 interval [See Table 3].
Therefore, the Moderate damage state is expected in the RC frame building.

DSy = Xizok pilN,d] ®)

Table 2. Statical parameters of the collected simulation data for selected RC frame buildings.

Parameters Mean STD Min Max
[1 (Slight) 0.65 0.020 0.59 0.69
2 (Moderate) 1.17 0.050 1.01 1.28
[33 (Severe) 0.91 0.030 0.82 0.97
(34 (Complete) 0.48 0.001 0.47 0.48
Slight Damage State (mm) 35.64 1.28 30.87 44.53
Moderate Damage State (mm) 50.92 1.82 44.10 63.62
Severe Damage State (mm) 192.42 9.63 162.98 245.09
Complete Damage State (mm) 333.92 18.52 276.51 426.56

Table 3. More likely damage states, corresponding mean damage index, and damage threshold in-

tervals.
Mean Damage Index Intervals More Likely Damage State (ML Class) Damage Threshold
0.0-0.5 No-damage (Class 3) —
0.5-1.5 Slight (Class 5) Sa1 =0.7D,,
1.5-2.5 Moderate (Class 4) Saz =Dy
2.5-35 Severe (Class 2) Saz =Dy, +0.25 (D, — Dy)
3.5-4.0 Complete (Class 1) Sas = Dy

Note. Mean damage index intervals thresholds are the deterministic criteria for class assignment.

3.3. Transfer Learning-Based ML Model for SVA

The transfer learning framework utilizes an attention mechanism and begins with
training on a four-story dataset. The dataset was first randomly partitioned into 80% de-
velopment and 20% held-out test. Within the development set, 20% was used as a valida-
tion subset for hyperparameter tuning; the test set was not used for model selection. Fol-
lowing this, the pretrained model was fine-tuned using 2-story, 8-story, and 12-story da-
tasets to evaluate its ability to generalize across different structural configurations. To ad-
dress potential domain shift and ensure proper feature alignment across datasets,
MinMax normalization was applied. The entire process is organized into the following
main parts:

e  Data processing;

e  Base model;

e  Progressive transfer learning;

e  Attention mechanism;

e  Hyperparameter optimization and fine-tuning.

3.3.1. Data Preprocessing

Several preprocessing steps are applied on the dataset to ensure the efficiency and
stability of model. Preprocessing involves categorical encoding and feature scaling to en-
sure consistent and normalized data. For computational suitability, qualitative variables
are converted into numerical representations using categorical encoding. For effective op-
timization and model stability, Standard Scaling is applied to normalize all numeric
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features to have a mean of 0 and a standard deviation of 1. Scaling parameters are calcu-
lated from the training set to prevent data leakage and then applied to the validation sets.

3.3.2. Base Model

Based on the ANN, the architecture is designed for structural health predictions
across different building configurations. The base model utilizes a fully connected ANN
with 128 neurons in the input layer. This design choice stems from the need to efficiently
capture high-dimensional input features. The architecture of the model starts with an in-
put layer configured to accept multi-dimensional input features. A feature vector x € R,
with d number of features, is fed to the input layer. Dense layers with 128 and 64 neurons
are used as hidden layers. Hidden layers have dense layers with ReLU activation func-
tions. The ReLU activation function is applied to introduce nonlinearity and ensure effec-
tive learning of intermediate representations. A dense layer with a 128-neuron layer is
designed to extract high-dimensional feature interactions that balance the model’s com-
plexity and generalization. This layer is followed by dropout layer with probability p to
prevent overfitting.

This layer is followed by dropout to prevent overfitting. A dense layer with 64 neu-
rons combined with a dropout forms a bottleneck layer that condenses task-specific fea-
tures and retains critical information while reducing redundancy. Finally, the output layer
is configured to classify structural damage into four categories: Complete, Severe, Mod-
erate, and Slight. The output layer uses the SoftMax activation function for probabilistic
output given by Equation (4). P (yi: = k|xi) denotes the probability of inputs that belong to
class k. Wk and bx are the weight of vector and bias corresponding to class k. The term
Yjexp(Wijh + b;) performs summation over all possible classes that normalize the prob-
ability, ensuring a total of one. K is a set of classes: k € {Complete, Severe, Moderate, and
Slight}. For the model to perform regression tasks for severity prediction, linear activation
is used by modifying the final dense layer as per Equation (5). Wout and bout are the weight
and bias of the output layer.

exp(W,h + by)

P(yi = k|xi) = S exp(Wih + b)) 4)

y= Wout-h + bout (5)

The base model contains approximately 20,000 trainable parameters. This architec-
ture strikes a balance between computational efficiency and model complexity. With these
modular components, this model allows for the seamless integration of progressive trans-
fer learning.

3.3.3. Progressive Transfer Learning (PTL)

The PTL approach is adapted to improve performance across multi-story building
datasets by progressively transferring learned representations. The progressive transfer
learning framework fine-tunes the model incrementally to ensure smooth knowledge
transfer from the source to target domain. The base model is pretrained on a comprehen-
sive four-story building damage dataset to capture generic feature representations, as per
Equation (6). L is a loss function (Sparse Categorical Cross-Entropy). This loss function
L(y, y') is defined by Equation (7). y is a true label, y' is the predicted probability for class
i, and C is total number of classes. For the case in regression task, this loss function is
replaced with mean squared error (MSE), provided by Equation (8), where N is the num-
ber of observations in the dataset. The initial layers, which capture fundamental features,
remain frozen by Equation (9). Deeper layers are fine-tuned for the new task by Equation
(10). This unfreezing of layers is performed progressively using an annealing function
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(AF) controlling layer 1 given by Equation (11). Lo is the initially frozen layer count. o is
the sigmoid function for smooth transitions. t is the temperature parameter that controls
the unfreezing rate. The annealing function starts with a high temperature (explore solu-
tion space) and gradually reduces it to refine the solution. Temperature determines how
the probabilities are distributed and controls randomness or exploration. A higher tem-
perature produces more uniform probabilities.

0; =arg mino L(f(x; 0), y) 6)

Ly, y) = — X vilog(y'y) @)
LMSE = % N (yi—y')? 8)

05 = Ofrozen 9)

Otrainable = arg minoe L(f(X; Owainable, Ofrozen),y) (10)
AF = o (=X (11)

T

Starting with the deeper layers, fine-tuning is performed gradually, unfreezing ear-
lier layers. Layer freezing ensures that the core knowledge is preserved while allowing
for incremental adaptation. This hierarchy in learning gradually refines feature extraction,
avoiding drastic changes to the model’s underlying knowledge. During this stage, the at-
tention mechanism is refined to optimize the importance assigned to key features of the
new dataset. The dense layer of 64 neurons with dropout acts as a new classification head
to adapt the model to the new damage-classification task.

3.3.4. Attention Mechanism

Following the hidden layers, an attention mechanism is integrated to dynamically
weigh the importance of the input features. The task of this layer is to enhance the inter-
pretability and robustness of the model. Given extracted feature hexracted, attention score
Aattention is calculated as per Equations (12) and (13).

Ei=vT tanh(Wa hextracted + ba) (12)
exp(e;)
attention Zj exp(ej) ( )

Aatention determines the importance of the features. Wa and ba are learnable parame-
ters. Output features from the frozen layer are used as inputs to the attention mechanism.
The attention mechanism operates on these extracted features and assigns higher weights
to critical inputs. This higher weight ensures that relevant structural attributes receive
more focus. This in turn, refines the features dynamically, reduces redundant information,
and improves feature extraction quality, improving adaptability to more complex da-
tasets. Refined feature representation hat is given by Equation (14). The output of the at-
tention layer is then fed into the newly added classification head. The last dense layer with
64 neurons and ReLU is adapted as new classification head.

— N
Hatt - Zattention:lAattentionhextracted (14)

3.3.5. Hyperparameter Optimization and Fine-Tuning

To optimize performance, the learning rate is selected as 0.001, with a decay factor of
0.1 every 10 epochs, as defined in Equation (15). To balance efficiency and prevent over-
fitting, a batch size of 32 and a dropout rate of 0.2 are used. The multi-head attention
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mechanism consists of eight heads to capture diverse feature relationships. Experiments
are conducted with Adam, RMSprop, and SGD optimizers to determine the best optimi-
zation strategy. RMSprop (Root Mean Square Propagation) adjusts learning rates based
on recent gradients to stabilize training. Stochastic Gradient Descent (SGD) updates
weights using individual samples to reduce computational costs, requiring careful tuning
of the learning rate. To ensure adaptive learning, the Adam optimizer is used, provided
by Equation (16). O: denotes the current model’s parameters at time t, O+1 denotes the
model’s parameters at the next time stamp, 1) is the learning rate, and € is a small constant
added to the denominator to prevent division by zero. Adaptive Moment Estimation
(Adam optimizer) maintains a separate learning rate for each parameter. This optimizer
uses estimates of the first and second moments of the gradients and computes individual
adaptive learning rates for various existing parameters. mtand vt are the first- and second-
moment estimates. The biased first-moment estimate (m:) is an exponentially weighted
moving average of the gradients defined by Equation (17). g is the gradient of the loss
function at time step t. p1 controls how much past gradients influence the current step.
The biased second-moment estimate (vt) is the exponentially weighted moving average of
squared gradients with (32, which controls how much past squared gradients influence the
update by Equation (18). Fine-tuning used a smaller learning rate of 0.0001. The attention-
enhanced classification head has a rate of 0.3. The base model is trained on 50 epochs and
the PTL fine-tuning process is conducted for 20 epochs. For multi-class classification,
Sparse Categorical Cross-Entropy loss is used.

Ne=10-0.1110 ()0 = 0.001) (15)
Or1=0t—1 Zi - (16)

mt = [3’1 me1+ (1 - [31) gt (17)
ve= B2 v+ (1 - B2) g (18)

The proposed architecture uses the discussed ANN as a base model. For the complex
task of predicting data for multi-story buildings, sequential learning via fine-tuning is en-
abled to implement progressive transfer learning combined with attention mechanisms.
The approach begins with a base ANN model that contains an input layer of 128 neurons
to process high-dimensional interactions among the input data. This enables them to cap-
ture the complex relationships between features and capabilities to learn intricate pat-
terns. For feature compression and refined task-specific features, a bottleneck layer with
64 neurons was included. The integration of the bottleneck layer with dropout avoids
overfitting and regularizes the network, therefore enabling generalized and efficient learn-
ing. Attention is incorporated by prioritizing critical features (e.g., material and load dis-
tribution) to enhance performance on task-specific features. To emphasize the load distri-
bution of taller buildings with higher layers, attention weights shift based on story com-
plexity. Initially, this model was trained on four-story data, saving its learned embeddings
and weights.

The total loss incorporates the loss terms for both the base model and the progres-
sively transferred knowledge model and attention. For base model loss Lbase, Sparse Cate-
gorical Cross-Entropy loss is used for multiclass classification, and it is replaced by MSE
in severity score. Progressive transfer loss is given as Equation (19). a controls knowledge
retention. Attention regularization is given by Equation (20). This ensures the stability of
attention weights. A'atention is the mean attention weight across samples. Finally, the total
loss function is given by Equation (21); A1, A2, and As are balancing hyperparameters.

Lpa = — X1 yilog(y'D) + allBnew — Ootal (19)
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Lat‘t: | | Aattention - A'attentionl | (20)

Ltotat =A1Lbase + AZLptl + AsLat (21)

The gradient-based adaptation provided via attention dynamically learns to weigh
structural features. This step ensures that highly relevant features receive stronger up-
dates while redundant information receives less. The gradient-based update for attention
is given in Equation (22).

aLtotal — N A aLtotal (22)

- attention=1‘'attention
0Wq OXattention

The implementation of the PTL framework with attention mechanisms was carried
out using a suite of Python-based (v3.13) libraries. Data preprocessing and transformation
were performed using Pandas (v2.3.3) for data handling, NumPy (v2.3.4) for numerical
computations, and Scikit-learn (v1.7.2) for scaling (StandardScaler), label encoding (La-
belEncoder), and dataset partitioning. Neural network models were developed using Ten-
sorFlow (v2.20.0) and Keras (v3.12), leveraging both Sequential and Functional APIs to
construct flexible architectures. Core components such as Dense layers, Dropout (for reg-
ularization), BatchNormalization (for training stability), and MultiHead Attention (for fea-
ture prioritization) were integrated into the model. KerasTuner (v1.4.8) was employed for
automated hyperparameter optimization, while Lambda layers ensured compatibility be-
tween custom input-output transformations and attention mechanisms. For performance
evaluation, Scikit-learn’s metrics—mean squared error (MSE), R? score, classification re-
port, and confusion matrix —were used to assess regression and classification outcomes.
Finally, Principal Component Analysis (PCA) was applied to visualize class-wise separa-
bility in reduced dimensions, and Matplotlib (v3.10.7) and Seaborn (v0.12.0) supported
the generation of performance plots and visual analytics. The algorithmic breakdown of
the purposed present approach is presented in Algorithm 1.

Algorithm 1: Structural Damage Prediction using Progressive Transfer Learning and
Attention Mechanism

Input:
1. Preprocessed dataset Dsource = {Xs, Ys};
Target dataset Drarget= {Xs, Yi};
3.  Where X represents structural parameters and Y denotes damage levels; base
model frase; learning rate 1; Epochs E; Batch size B.
Output:
1. Final Trained model final for structural damage classification and damage index
prediction.
Step 1: Base Model Definition and Training
1. Define an ANN architecture:
(1) Inputlayer ho € R%;
(2) Dense layers: 128 and 64 neurons, with ReLU activation;
(3) Dropout layers to mitigate overfitting;
(4) Output layer: SoftMax for classification and linear activation for regression.
2. Compile the model:
(1) Use Sparse Categorical Cross-Entropy loss for classification;
(2) For regression, replace with MSE (Equation (5)).
3. Train the base model fvase on a four-story dataset Dsource fOr Ebase epochs.
Step 2: Progressive Transfer Learning (PTL)

—_

Load the pretrained base model frase and freeze initial layers: 85 = Otrozen;
2.  Fine-tune deeper layers on the target dataset Drarger: (Equation (7));
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3. Knowledge Retention Loss (progressive transfer loss Lpu): To ensure that trans-
ferred knowledge is retained: Lpu (Equation (16));
4. Implement an AF to gradually unfreeze layers: AF = 0(%), where Lo is the initially

frozen layer count and o is the sigmoid function;
5. Train for Epn epochs with a reduced learning rate npu.
Step 3: Attention Mechanism Integration
Extract latent features hextracted from shared layers;
Compute attention scores and distribution (Equations (9) and (10));
Generate refined feature representations: hat (Equation (11));
Attention Regularization Loss Lax (Equation (17));

Ok W

Pass refined features to the new classification head (dense layer with 64 neurons,
ReLU activation, and dropout).

Step 4: Total Loss Function and Gradient-Based Adaptation

Define total loss (Equation (15)); A1, A2, and As are balancing hyperparameters.

N o=

Update attention weights dynamically to focus on critical features (Equations (13)-
(15).
Step 5: Hyperparameter Optimization and Fine-Tuning
1.  Set learning rate decay: (Equation (12));
Use Adam optimizer for weight updates: (Equation (13));
3. Train for an additional Esinal epoch.

4. Results and Discussion

The proposed PTL framework, combined with attention mechanisms, was evaluated
for its effectiveness in predicting the seismic damage of RC frame buildings with varying
heights (2-, 4-, 8-, and 12-story). The model was initially trained on a four-story dataset
using a SVA approach, incorporating Monte Carlo simulation, NSPA, and the CSM, the
model was subsequently fine-tuned for other building configurations through transfer
learning.

Figure 4a presents the training, validation, and fine-tuning loss trends. The training
loss (blue) rapidly decreases and stabilizes, while the validation loss (orange) remains
consistently lower, indicating that the model generalizes well without overfitting. The flat
and low fine-tuning loss curve (green) reflects successful adaptation to new structural
configurations, suggesting that minimal additional learning was required. The regression
phase of the model, aimed at predicting the damaged index, demonstrated high precision.
As shown in Table 4, the PTL model achieved an MSE of 0.0002 and an R?2 value of 0.98,
indicating highly accurate predictions with near-complete variance capture. This is visu-
ally confirmed by Figure 4b, where predicted and actual values show near-perfect corre-
lation, validating the model’s robustness.

Subsequently, the continuous damage index was discretized into five ordinal catego-
ries—No-damage, Slight, Moderate, Severe, and Complete—via label encoding, trans-
forming the regression output into a classification problem. Table 5 summarizes the pre-
cision, recall, and F1-scores. Furthermore, Figure 5 illustrates the confusion matrix reflect-
ing the classification performance across various damage categories. Our new PTL-based
model demonstrates strong performance in correctly identifying “Complete” damage
cases, with 20,620 instances accurately classified. Similarly, the “No-damage” category
shows high accuracy, with 4523 correct classifications. The model also performs reasona-
bly well for “Slight” damage (2419 correct classifications), “Moderate” damage (1674 cor-
rect classifications), and “Severe” damage (1670 correct classifications). However, several
misclassification patterns are evident. Notably, 76 instances of “Complete” damage were
incorrectly classified as “No-damage”, which could have significant implications in
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disaster-response scenarios where complete structural failures might be overlooked. The
model also misclassified 114 “Moderate” damage cases as “Severe” and 104 as “Slight”,
indicating difficulties in distinguishing between adjacent damage severity levels. For “Se-
vere” damage, the model incorrectly classified 155 instances as “Complete” and 95 as
“Moderate”, suggesting a tendency to either overestimate or underestimate damage in
borderline cases. Similarly, 209 “Slight” damage cases were misclassified as “No-dam-
age”, and 91 as “Moderate”, revealing challenges in detecting minimal structural damage.
Precision was highest for the “Complete” category (0.993), vital for post-earthquake inter-
ventions where accurate identification of total collapse is critical. However, the “Moder-
ate” (0.900) and “Severe” (0.899) categories exhibited lower precision, reflecting occasional
mislabeling. Recall followed a similar trend: “Complete” and “No-damage” achieved
0.996 and 0.989, respectively, while “Severe” had the lowest recall at 0.871, indicating
some under-detection of significant damage. F1-scores ranged from 0.885 (“Severe”) to
0.994 (“Complete”), providing a balanced view of classification reliability. The macro-av-
eraged precision, recall, and F1-scores were all 0.945, indicating excellent overall perfor-
mance. The implications of misclassifications between certain categories (e.g., “Severe”
classified as “Moderate”) warrant careful consideration in the context of practical appli-
cations, where such errors might influence resource allocation and response planning in
post-disaster scenarios.
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Figure 4. (a) Training, validation, and fine-tuning loss curves; (b) predicted vs. actual damage index

from regression model.

Confusion Matrix
-20,000

Complete

- 17,500

- 15,000

- 12,500

- 10,000

No-damage Moderate

True Labels

7500

Severe

5000

2500

Slight

Complete Moderate No-damage Severe Slight
Predicted Labels

Figure 5. Confusion matrix shows the classification performance of the PTL model across five struc-

tural damage categories.
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Table 4. Comparative evaluation of ML models with mean squared error (MSE), R? score perfor-

mance metrics, and regression model.

Model Mean Squared Error (MSE) R? Score
Progressive TL with Attention 0.002 0.98
Traditional Deep Learning 0.005 0.92
Basic Transfer Learning 0.002 0.94
Random Forest Regression 0.010 0.89
Gradient Boosting 0.007 091
Linear Regression 0.050 0.75

Table 5. Precision, recall, and F1-score metrics derived from the confusion matrix for each damage

category.

Structural Damage Precision Recall F1-Score
Class 1 —Complete 0.98 0.99 0.99
Class 2—Severe 0.89 0.90 0.89
Class 3—No-damage 0.94 0.99 0.97
Class 4 —Moderate 0.89 0.84 0.86
Class 5—Slight 0.95 0.86 0.90

Figure 6 demonstrates the correlation between actual and predicted damage classes,
indicating minor discrepancies, especially within the “Slight” and “Moderate” categories.
Figure 7 presents a PCA-based 2D projection that explains the classification behavior of
the proposed model. Reducing the high-dimensional feature space to two principal com-
ponents effectively visualizes class separability. In the plot, blue dots represent correctly
classified samples, whereas red “X” marks indicate misclassifications. The “Complete”
damage category constitutes a distinct and closely clustered region, thereby affirming
high model accuracy and feature separability. The “Slight” damage class exhibits a greater
density of misclassifications, presumably resulting from overlapping features with adja-
cent classes. Instances of “moderate” damage are notably more dispersed, particularly
around the central low-variance area, underscoring the difficulty in identifying subtle in-
ter-class distinctions. The “Severe” category demonstrates a lower rate of misclassifica-
tions and maintains clearer boundaries, suggesting improved feature representation. Sim-
ultaneously, the “No-damage” class exhibits significant overlap with low-damage states,
indicating challenges in distinguishing it from early stage damage patterns. PCA visuali-
zation indicates that the model successfully captures dominant decision boundaries.
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Figure 6. Comparison between actual and predicted class distribution of structural damage states

using PTL classifier.
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Figure 7. Principal Component Analysis (PCA) plot for visualizing correct and incorrect classifica-

tions of damage states.

To evaluate the relative effectiveness of the proposed model, a comparative analysis
was conducted against a range of traditional and deep learning-based approaches, as
summarized in Table 6. Classical ML algorithms —Random Forest (RF), Gradient-Boosted
Trees (GBT), and Support Vector Machine (SVM)—achieved classification accuracies of
70.82%, 75.18%, and 65.02%, respectively, indicating moderate performance in seismic
damage classification. In contrast, deep learning models demonstrated substantial im-
provements, with a standard Convolutional Neural Network (CNN) achieving 85.11% ac-
curacy. The application of basic TL to the CNN further improved accuracy to 90.25%. The
proposed PTL model, augmented with attention mechanisms, achieved the highest
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classification accuracy of 95.64%, underscoring its superior capacity to extract and gener-
alize complex patterns from structural data.

Table 6. Comparative analysis of different ML models on the given dataset in terms of accuracy (%)

for a given classification task of identifying the structural damage.

Model Accuracy (%) of Classification
RF 70.82
GBT 75.18
SVM 65.02
CNN 85.11
CNN with basic TL 90.25
Progressive TL with attention 95.64

Furthermore, the influence of optimization algorithms on model performance was
evaluated, as presented in Table 7. Among the tested optimizers—Adam, RMSprop, and
SGD — Adam yielded the best performance across both classification and regression tasks.
Specifically, it achieved the lowest MSE of 0.0002, the highest R? score of 0.99, and the peak
classification accuracy of 95.64%. RMSprop followed closely, delivering a classification
accuracy of 93.12%, an MSE of 0.0003, and a higher classification loss of 0.1725. In contrast,
SGD demonstrated the least effective performance with a classification accuracy of
88.65%, a higher MSE of 0.0004, and a loss of 0.2201, indicating slower convergence and
reduced learning efficiency. Figure 8 shows through SHAP analysis that the spectral dis-
placement at the performance point (Su) is the dominant driver of predicted damage index,
consistent with fragility formulations that express exceedance probabilities as functions
of displacement demand. Higher ductility and lateral stiffness yield predominantly neg-
ative SHAP values, reducing predicted damage, because ductile members dissipate hys-
teretic energy and adequate stiffness limits inter-story drift, the primary damage proxy
[25]. Similarly, low ductility or insufficient stiffness shifts predictions toward higher dam-
age states. Strength parameters (fy and f«) also reduce predicted damage, aligning with
mechanics-based expectations, though their effect sizes are smaller than those of S, duc-
tility, and stiffness. The comparatively minor contributions of story and material type,
after conditioning on S« and mechanical properties, indicate that the learned representa-
tion prioritizes demand—capacity interactions at the performance point over nominal con-
figuration labels, coherent with the PTL + attention architecture’s focus on task-salient
features. Overall, these attributions align with capacity—design principles and prior obser-
vations for RC frames, underscoring the importance of ductile detailing and drift control
for damage mitigation. To assess the contribution of different fine-tuning schedules and
attention mechanisms, a comprehensive ablation study was performed. Table 8 summa-
rizes the comparative performance of several configurations in terms of the mean squared
error (MSE), coefficient of determination (R2), and overall classification accuracy. The PTL
+ attention configuration outperforms all baselines, attaining an MSE of 0.002 and R? of
0.98, with an overall classification accuracy of 95.64%. Compared with single-head atten-
tion or conventional transfer learning, the proposed scheme improves accuracy by up to
3-5%, confirming the benefit of progressive unfreezing coupled with feature-level atten-
tion regularization.

The present study improves the precision of structural damage prediction and pro-
vides a scalable, adaptable method for evaluating various types of RC building frames.
The findings validate that the proposed PTL framework, combined with attention mech-
anisms, provides a data-efficient and reliable method for predicting seismic damage, in
accordance with Indian seismic design standards. The proposed PTL-attention approach
offers clear advantages in terms of scalability and computational efficiency, as a model
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trained on a single four-story configuration can be progressively adapted to other build-
ing heights with minimal retraining, while the attention mechanism enhances interpreta-
bility by prioritizing structurally meaningful features. At the same time, the methodology
has notable limitations, as it relies entirely on simulation-based fragility data and does not
yet include validation against irregular configurations, diverse structural typologies, non-
linear time-history analyses, or real post-earthquake observations. A broader and more
heterogeneous dataset, together with real-world validation, will therefore be essential to
establish the generalizability and practical applicability of the framework.

Table 7. Adam, RMSprop, and SGD optimizers performance to predict the output as structural
damage (classification-based) and damage index (regression-based).

Ovtimizer Classification Ac- Loss (Sparse Categorical Cross-En- Regression Loss (MSE—Regres-
P curacy (%) tropy: Classification Based) (R?) sion Based)
Adam 95.64 0.1353 0.9970 0.0002

RMSprop 93.12 0.1725 0.9920 0.0003

SGD 88.65 0.2201 0.9850 0.0004
(a) (b)
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Figure 8. SHAP plot of input features for damage index detection dataset. (a) Mean |SHAP valuel.
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Table 8. Comparative evaluation of transfer learning and attention configurations for SVA damage
state prediction.
Category Model Hyperparameters MSE R? Accuracy (%)
Head-only fine-tune LR head =0.001, Adam  0.0012 0.960 88.50
Last block unfrozen LR base =0.0001 0.0050 0.975 91.20
f ‘AF Schedul
Unfreeze/AF Schedule Full retrain (no TL) LR =0.0001, Adam 0.0090  0.970 90.40
Random unfreeze same LR 0.0150 0.962 89.00
No attention LR head =0.001, Adam 0.0450 0.974 90.80
Attention Attention without PTL LR head = 0.0001, Adam 0.0060 0.969 89.60
Single-head attention LR head =0.001, Adam  0.0028 0.978 92.30
Proposed present study PTL + attention LR head =0.001, Adam  0.0020 0.980 95.64

5. Conclusions

This study introduces a comprehensive and scalable methodology for assessing the
seismic vulnerability of RC frame buildings, employing a PTL approach integrated with
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attention mechanisms. The study employed probabilistic techniques, including Monte
Carlo simulation, the CSM, and NSPA, and various structural responses to various seis-
mic hazard demands accounting for epistemic and aleatoric uncertainties. An initial ANN
model developed for four-story RC frames was systematically refined to include 2-, 8-,
and 12-story configurations, resulting in enhanced prediction accuracy and reduced com-
putational demands. The incorporation of attention mechanisms enhanced both model
interpretability and performance across diverse structural typologies. Based on the de-
tailed analysis and observed model performance, the following are the key findings of the
proposed PTL-based seismic damage prediction framework:

e The proposed PTL framework effectively generalizes learned features from the
source model (four-story RC frame) to target domains (2-, 8-, and 12-story RC frames)
without requiring extensive retraining.

e  The classification model achieved 95.64% accuracy with strong Fl-scores across all
damage states, while the regression model reached an R? of 0.98 with a minimal MSE
=0.0002.

e  Attention mechanisms improved the model’s focus on critical input features (e.g.,
stiffness, material strength, and ductility), boosting performance and reducing mis-
classification.

e  The model was able to distinguish between damage classes (No-damage to Com-
plete) effectively, though minor confusion was observed in borderline cases of the
explicitly moderate vs. severe damage states.

e  Comparative evaluation confirmed the superiority of the PTL-based model over tra-
ditional ML techniques (e.g., RF and SVM) and basic TL approaches.

The present study establishes a foundation for extending SVA models beyond the
tested regular RC frames with uniform bay configurations, using a PTL-attention frame-
work that shows promising scalability across different building heights. However, the
current results are conditional on several modeling assumptions. First, all frames are reg-
ular in plan and elevation with fixed bay configurations; irregular layouts, vertical dis-
continuities, and soft-storey systems are not yet represented and may exhibit different
transferability behavior. Second, the damage probabilities, pr, and mean damage index,
DS, are computed from an analytically constructed damage probability matrix at the ca-
pacity-spectrum performance point using deterministic damage thresholds derived from
a bilinear idealization. Different choices of hazard representation, demand-capacity mod-
eling, and damage-index definitions would inevitably shift the resulting pr and DSw, and
this sensitivity is an inherent limitation of the present framework. Third, the dataset is
fully simulation-based and has not yet been calibrated against real seismic recordings,
field damage surveys, or monitoring data. Within these bounds, the proposed PTL archi-
tecture remains modular and adaptable, and the attention mechanism provides a flexible
way to reweigh features when moving towards more complex applications, including ir-
regular plan geometries, alternative materials, and soil-structure interactions. This ap-
proach shows potential for incorporating soil-structure interaction effects and adjusting
to diverse seismic code requirements in various geographic areas. These directions pre-
sent considerable potential for enhancing the model’s generalizability and impact, facili-
tating the development of a comprehensive, scalable solution for seismic risk assessments
in complex urban environments.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN Artificial Neural Network

ADRS Acceleration-Displacement Response Spectra
ATC Applied Technology Council

CSM Capacity Spectrum-Based Method

CI Catastrophic Interference

cM Confusion Matrix

DL Dead Load

DSm Weighted Mean Damage Index

FEM Finite Element Method

GBT Gradient-Boosting Trees

HAZUS  Hazards U.S. Multi-Hazard Methodology
LL Live Load

MAE Mean Absolute Error

ML Machine Learning

MSA Multiple Stripe Analysis

MSE Mean Squared Error

NSPA Nonlinear Static Pushover Analysis
OAPI Open Application Programming Interface

PCA Principal Component Analysis
PTL Progressive Transfer Learning
ReLU Rectified Linear Unit

RF Random Forest

SCS Structural Control Systems

SVA Seismic Vulnerability Assessment
SVM Support Vector Machine

TL Transfer Learning

Appendix A

Data collection is a crucial step in the implementation of a purposeful knowledge
transfer approach to assess seismic vulnerability. In Table Al, a few sample datasets are
presented, which will be utilized to train the progressive transfer learning (PTL) model.
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Table Al. Forty data points are shown randomly from eight hundred ninety-three thousand, one

hundred six data points.

Sr. Ne  Story Material Structural fy fex Ductility Stiffness Sa Damage
Type State
1 8 RC SMRF 2453 45244 5.13 6029.91 59 Moderate
2 8 RC SMRF 25.77  494.00 5.10 6033.48 59 Moderate
3 8 RC SMRF 25.04  510.94 5.23 5992.86 59 Moderate
4 8 RC SMRF 2421 51224 5.06 6005.80 59 Moderate
5 8 RC SMRF 2475  487.05 5.22 5934.82 59 Moderate
6 8 RC SMRF 2539  515.68 5.32 6070.54 59 Moderate
7 8 RC SMRF 2456  513.04 5.02 6147.77 59 Moderate
8 8 RC SMRF 2496  479.66 5.06 5959.38 59 Moderate
9 8 RC SMRF 2494  509.66 5.05 6091.52 59 Moderate
10 8 RC SMRF 2273  511.29 5.23 5895.54 59 Moderate
11 8 RC SMRF 26.05  507.04 5.15 6232.59 59 Moderate
12 8 RC SMRF 2541 49478 5.20 5994.64 59 Moderate
13 8 RC SMRF 2392 463.92 5.08 6022.77 59 Moderate
14 8 RC SMRF 2394  491.37 5.26 5991.52 59 Moderate
15 2 RC SMRF 2451 47744 5.33 5979.02 75 Severe
16 2 RC SMRF 2431  469.85 5.33 5913.39 75 Severe
17 2 RC SMRF 25.02  523.37 5.09 5937.50 75 Severe
18 2 RC SMRF 25.16  496.55 5.27 5985.71 75 Severe
19 12 RC SMRF 2511  507.52 5.00 6161.61 128 Complete
20 12 RC SMRF 2438  517.14 4.99 5942.41 128 Complete
21 12 RC SMRF 25.33 52454 5.03 5920.09 128 Complete
22 8 RC SMRF 24.67  504.15 5.07 6073.66 28 Slight
23 8 RC SMRF 2492  477.09 5.14 6014.29 28 Slight
24 8 RC SMRF 2468  516.32 5.07 6225.00 28 Slight
25 8 RC SMRF 2410  490.70 5.14 6020.09 28 Slight
26 8 RC SMRF 25.81 491.24 5.07 6105.80 28 Slight
27 8 RC SMRF 2538  487.27 5.25 6084.82 28 Slight
28 8 RC SMRF 25.58  500.08 5.01 6297.77 28 Slight
29 8 RC SMRF 2525  491.25 5.04 6205.80 28 Slight
30 8 RC SMRF 2526  489.74 5.13 6175.89 28 Slight
31 8 RC SMRF 25.89 54948 493 6222.77 28 Slight
32 8 RC SMRF 2414 47744 5.33 5979.02 28 Slight
33 8 RC SMRF 2431  469.85 5.33 5913.39 28 Slight
34 8 RC SMRF 25.02  523.37 5.09 5937.50 28 Slight
35 2 RC SMRF 2490  489.12 4.98 6037.05 8 No-damage
36 2 RC SMRF 2521  490.92 5.13 6159.82 8 No-damage
37 2 RC SMRF 2448  520.70 5.10 6233.93 8 No-damage
38 2 RC SMRF 25.08  505.25 5.77 5949.55 8 No-damage
39 2 RC SMRF 2576  511.70 5.25 5832.14 8 No-damage
40 2 RC SMRF 2499  496.73 5.00 6026.34 8 No-damage
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