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Abstract

Seismic fragility curves are essential for assessing structural performance under earthquake loading; however, their development 

requires addressing both aleatory and epistemic uncertainties, which can be computationally intensive. This study introduces an efficient 

Kriging-based surrogate modeling framework for deriving collapse fragility curves of steel moment-resisting frames while explicitly 

incorporating uncertainties in key hysteretic parameters. Incremental Dynamic Analysis (IDA) is conducted on a 5-story steel frame using 

22 far-field ground motions and 125 structural parameter scenarios, reflecting probabilistic variability in plastic rotation capacity, post-

capping rotation, and cyclic deterioration. The Kriging surrogate is calibrated using maximum likelihood estimation, enabling accurate 

interpolation of nonlinear structural response behavior. Validation results demonstrate a prediction accuracy of R2 = 0.92, outperforming 

the conventional response surface method (R2 = 0.88). Additionally, the Kriging model reduces mean collapse capacity prediction error 

to 0.5%, compared to 24% in the response surface approach, while maintaining significantly lower computational cost. The proposed 

methodology provides a computationally efficient and uncertainty-aware framework for collapse fragility curve development, supporting 

performance-based seismic design and risk assessment.
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1 Introduction
Structural collapse during earthquakes remains a critical 
concern, motivating deeper investigation into the factors 
contributing to such failures. Among these, lateral instabil-
ity or sideway collapse triggered by seismic ground motions 
has received significant attention in recent studies [1–3]. 
Efforts to address this issue have focused on improving 
evaluation methods to better understand and mitigate this 
form of structural damage. These approaches emphasize 
incorporating uncertainties related to seismic loads and 
structural behavior, resulting in more reliable predictions of 
collapse capacity and the development of probabilistic col-
lapse fragility curves. Such curves, which relate ground 
motion intensity to the probability of structural failure, are 
a cornerstone of consequence based earthquake engineer-
ing, playing a vital role in seismic loss estimation for both 
collapse and non-collapse states [4]. Uncertainties in fragil-
ity analyses arise from two primary sources: aleatory uncer-
tainties due to the inherent randomness of seismic records 

and modeling uncertainties stemming from limitations in 
analytical modeling [5, 6]. While traditional methods, such 
as Monte Carlo simulations with Response Surface Method 
(RSM), offer robust solutions, their high computational 
demands make them less practical for large-scale applica-
tions. To address these limitations, response surface methods 
have been proposed, though their reliance on fixed functional 
forms introduces constraints [7]. In recent years, artificial 
neural networks (ANNs) have proven to be highly effective, 
offering the flexibility to approximate complex functions 
without relying on predefined assumptions. This capability 
makes them especially suitable for probabilistic collapse 
analyses. Previous studies have demonstrated the effective-
ness of ANNs in deriving fragility curves for various struc-
tural limit states, integrating randomness in material prop-
erties, geometry, and seismic inputs [8]. To tackle complex 
engineering challenges, ANNs provide an effective and ver-
satile approach for modeling [9]. One notable application of 
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ANNs is their use in function approximation and system 
prediction. These networks are particularly effective when 
nonlinear relationships exist between system inputs and out-
puts. The performance of an ANN largely depends on its 
architectural design and training process. Evolutionary algo-
rithms, recognized as population-based random search meth-
ods, have proven effective in optimizing ANN design and 
training, making them a popular choice among researchers. 
However, in intricate networks, overtraining can occur, 
which diminishes the network's ability to generalize.  
To enhance predictive accuracy, especially for solving com-
plex problems with limited data samples, hybrid ANNs 
have emerged as a valuable approach [10]. ANNs were uti-
lized to construct fragility and incremental dynamic analy-
ses (IDA) curves for assessing various structural damage 
states. Records parameters and properties of acceleration 
were employed as inputs and outputs for the ANN model, 
respectively [11]. The advanced fuzzy algorithm was 
applied to derive the failure probability curve for steel 
moment frames (SMF), incorporating the values of the tri-
linear Ibarra model as modeling uncertainties. The results 
showed that this approach offered improved computational 
efficiency compared to traditional probabilistic meth-
ods  [12]. Furthermore, an integration of Deep learning 
models and RSM with the Monte Carlo-based RSM 
approach was used to drive collapse vulnerability profiles 
for steel moment frames (SMF). It was found that the Monte 
Carlo-based ANN simulation provided more accurate esti-
mations of the average values and dispersion measures of 
the vulnerability profiles compared to the RSM-based 
approach [13]. Fragility curves were developed using an 
advanced fuzzy methodology, which proved advantageous 
in terms of precision and computational speed [14]. 
Recent studies have also examined fragility-based vulnera-
bility assessment of bridge and tall building systems, and 
explored surrogate and reduced-order modeling to improve 
the computational efficiency of fragility curve deriva-
tion  [15–18]. A novel approach integrating logistic func-
tions and neural networks was developed for software reli-
ability analysis. The method utilized PSO algorithms with 
forward propagation architecture, demonstrating enhanced 
predictive accuracy in reliability growth modeling [19].  
A study of seismic risk in moment frames was conducted 
using the nonlinear Ibarra-Krawinkler modified anchor 
model, specifically focusing on near-fault earthquake effects 
[20]. This study builds on these advancements by applying 
an ANN-based approach to develop collapse fragility curves, 
explicitly accounting for both aleatory and epistemic 

uncertainties. The methodology involves training a three-
layer Kriging-enhanced surrogate model using data from 
IDA of a three-story SMF exposed to variable modeling 
parameters and seismic excitations. The target output, spec-
tral acceleration at collapse Sa(collapse), is used to generate 
fragility curves through Monte Carlo simulations based on 
Kriging-Enhanced Surrogate Modeling. By comparing the 
proposed method with response surface method, this work 
highlights the efficiency and accuracy of Kriging-based 
models in capturing epistemic uncertainty effects on col-
lapse fragility curves. The assessment of structural collapse 
performance has become a pivotal research focus in earth-
quake engineering due to the substantial economic, environ-
mental, and human losses caused by structural failures during 
seismic events. The intricacies involved in structural col-
lapse, coupled with significant uncertainties in modeling and 
simulating collapse responses, have driven the need for more 
robust and computationally efficient methodologies for eval-
uating collapse performance and predicting associated risks. 
 These efforts are indispensable for modern seismic design, 
which aims to enhance safety and optimize structural per-
formance under extreme seismic loading conditions. A sys-
tematic approach to evaluate global structural collapse was 
established based on the correlation between Seismic inten-
sity measures (IM) and structural response parameters [21]. 
They referred global failure as the structural system's inabil-
ity to sustain gravity loads under seismic influences. In the 
final step, the intensity measure (IM) increases until the 
response parameter becomes unstable, as indicated by a flat 
IM–EDP curve (slope = 0). The highest relative intensity at 
this point is termed the collapse failure. Numerous tests 
have been conducted on reinforced concrete columns to 
update and fine-tune the values of the tri-linear Ibarra 
model. Through statistical analyses and multivariable 
regression, they developed empirical relations for these 
parameters [22]. Structural response Measure, such as 
median and standard deviation (SD) of collapse capacity, are 
affected by a wide array of factors, including the inherent 
uncertainties in structural properties and the variability of 
seismic ground motions. To address these complexities, 
structural component parameters are often modeled probabi-
listically. This study employs the Ibarra-Krawinkler moment–
rotation parameters to represent modeling uncertainties, 
enabling a comprehensive evaluation of collapse behavior 
across diverse scenarios. Furthermore, correlations between 
parameters within individual components and across multi-
ple structural components are considered to ensure a realistic 
depiction of structural variability. To overcome the 
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computational challenges associated with such high-dimen-
sional uncertainty modeling, this research introduces an 
innovative Kriging-Enhanced Hybrid (KEH) modeling 
framework for seismic performance prediction. Unlike con-
ventional surrogate or response surface methods that rely on 
predefined functional relationships, the proposed KEH 
framework integrates Kriging's probabilistic interpolation 
with adaptive hybrid learning, allowing the model to self-op-
timize parameter selection and capture complex nonlinear 
interactions even under limited training data. This method-
ological advancement significantly reduces the number of 
simulations required for reliable collapse prediction while 
maintaining high predictive accuracy. The proposed 
approach represents a substantial improvement over exist-
ing ANN- or RSM-based fragility curve models, as it uni-
fies statistical rigor and machine learning flexibility in a sin-
gle probabilistic platform. Specifically, the KEH method 
enables accurate and efficient prediction of collapse fragility 
curves, risk, and reliability while explicitly quantifying both 
aleatory and epistemic uncertainties. By minimizing compu-
tational cost and enhancing uncertainty representation, this 
study establishes a new direction in surrogate-based seismic 
fragility modeling. A key focus of this analysis is the deriva-
tion of collapse fragility curves, which quantify the likeli-
hood of structural failure under varying levels of seismic 
intensity. These curves play a crucial role in seismic risk 
assessment and loss estimation, providing a probabilistic 
framework for evaluating structural performance across dif-
ferent damage states. This study accounts for both aleatory 
uncertainties (record-to-record variability in seismic ground 
motions) and epistemic uncertainties (arising from incom-
plete knowledge of structural behavior). Incremental 
Dynamic Analysis (IDA) is utilized to compute the spectral 
acceleration corresponding to the sidesway damage state for 
various structural scenarios, serving as input for training the 
KEH model [23]. The proposed KEH approach demonstrates 
its efficacy in accurately predicting structural collapse 
responses even with a limited number of uncertainty sam-
ples. The results are compared against those obtained from 
the response surface method, showcasing the advantages of 
the hybrid method in terms of computational efficiency and 
predictive accuracy. In conclusion, this study presents a novel 
hybrid Kriging-based surrogate modeling framework that not 
only improves accuracy and efficiency but also advances the 
state-of-the-art in collapse fragility assessment by providing 
a unified, uncertainty-aware, and data-efficient predictive 
tool for performance-based seismic design.

2 Prediction function
2.1 Monte Carlo method
Monte Carlo Simulation (MCS) is a widely used technique 
for reliability analysis in steel structures, effectively address-
ing uncertainties in material properties, applied loads, and 
geometric configurations. The methodology involves defin-
ing a limit state function G(X) = R(X) − S(X), where R(X) 
represents the resistance or capacity of the structure, and S(X) 
represents the applied loads or stress effects. Structural failure 
occurs when G(X) ≤ 0, delineating the failure domain [24].

In practice, MCS generates a large number of random 
samples for the input variables based on their probabilistic 
distributions, such as normal or log-normal distributions. 
The limit state function G(X) is evaluated for each sample, 
and the failure probability Pf is estimated as [24]:

P
N
Nf
f= 	 (1)

where Nf is the count of failure cases and N is the total 
number of simulations. To simplify, an indicator function 
I(G(X)) can be used, where I(G(X)) = 1 if G(X) ≤ 0, and 
I(G(X)) = 0 otherwise. In this representation [24]:

P
N

I G Xf i
i

N

� � �� �
�
�1

1
.	 (2)

Despite its robustness in dealing with complex and non-
linear systems, MCS can be computationally intensive, par-
ticularly when estimating low probabilities of failure [24].

To enhance computational efficiency, the Monte Carlo 
method can be integrated with advanced surrogate model-
ing techniques. One promising approach is to combine MCS 
with Kriging-based surrogate modeling. Kriging, a statistical 
interpolation method, predicts the output of expensive sim-
ulations with high accuracy by modeling the spatial correla-
tion between data points. By employing Kriging, we can sig-
nificantly reduce the number of required simulations while 
maintaining accuracy in reliability analysis.

Additionally, combining this framework with Artificial 
Neural Networks (ANNs) or response surface methods 
allows for efficient prediction and optimization in struc-
tural reliability assessments. By leveraging the strengths 
of Kriging as a surrogate model in conjunction with Monte 
Carlo simulations, this hybrid approach provides a power-
ful tool for improving computational efficiency and accu-
racy in analyzing the seismic performance and reliability 
of steel structures.

RSM is a mathematical method widely used in engineer-
ing and reliability analysis to approximate the relationship 
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between input variables (factors) and a response parameter 
(output). The core idea is to create a simplified model often a 
polynomial approximation of the complex and computation-
ally expensive function representing the structural perfor-
mance or failure. In reliability analysis, the response param-
eter typically represents the structural capacity or safety 
margin, denoted as Y = G(X), where G(X) is the limit state 
function, and X = {x1, x2,.. xn} are the random variables influ-
encing the structural behavior. The RSM approximates this 
function using a polynomial regression model, commonly up 
to the second degree, as follows [24]:

Y i i
i

n

ij i j
j

n

i

n

� � �
� ��
� ��� � � � � �

0

1 11

	 (3)

where:
•	 β0 is the intercept term,
•	 βi are the coefficients of the linear terms,
•	 βij are the coefficients of the interaction terms 

between the variables xi and xj,
•	 xi and xj are the input variables (e.g., material proper-

ties, loads, geometric parameters).

2.1.1 Surrogate modeling: foundations and principles
The primary objective of reliability estimation is to deter-
mine the probability of failure, a task achieved through 
mathematical integration [9]. The probability of failure Pf  
is calculated as the probability that the limit state function 
G(X) is less than zero, expressed as an integral:
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where fx(.) denotes the joint probability density function 
(PDF), X represents the random variables, G(.) is the limit 
state function, G(.) ≤ 0 signifies failure events, and n cor-
responds to the number of random variables [25].

The Kriging metamodel constitutes an interpolation 
technique grounded in statistical theory, encompassing 
both a parametric linear regression model and a nonpara-
metric stochastic process. The initial design of experiments 
is denoted as [25]:

X x x xn� � �1 2 0
, , ..., 	 (5)

where each xi ϵ Rn represents an experiment. 
Correspondingly:

G G x G x G xn� � � � � � �� �1 2 0
, , ..., 	 (6)

captures the responses. The Kriging model establishes an 
approximate relationship [25]:

G x F x z x f x z xT� � � � � � � � � � � � � �,� � 	 (7)

statistical characteristics are defined as [25, 26]:

E z x� �� � � 0 	 (8)

Var z x z
� �� � � � 2 	 (9)

Cov z x z x R x xi j z i j� � � �� � � � �, , ,� �2 .	 (10)

The Gaussian correlation model is [25, 26]:
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The estimates for µ and σ2 are [25]:

� � � �� � �F R F F R GT T1 1 1 	 (12)

� � �z
T

N
G F R G F2

0

11
� �� � �� �� .	 (13)

Also, the correlation parameter θ is determined through 
maximum likelihood estimation [25]:

� ��� �argmin ( ln ln )N RS G
2 .	 (14)

For any chosen θ, an interpolation model is established, 
and the optimal Kriging model is derived by optimiz-
ing θ. At an unknown point X, the Best Linear Unbiased 
Predictor of the response G(x) follows a Gaussian distri-
bution, given by [25]:

G x x xG G( ) ,� � � � �� � � � ,	 (15)

where [25]:

� � �G
Tx r x R G F� � � � � � �� ��1 	 (16)

� �G G
T T T Tx x u x F R F u x r x R r x2 2 1

1
1

1� � � � � � � �� � � � � � � � �� �� � � .	 (17)

Here, rT(x) represents the correlation vector between X 
and the initial design of experiments points, and u(x) is cal-
culated as [25]:

u x F R r xT
( ) ( ))� ��1

1 .	 (18)

The choice to employ a Kriging model for our application 
stems from several key advantages that align with the spe-
cific characteristics and demands of the reliability assessment 
problem. Kriging models offer a unique capability in cap-
turing spatial variability within the data, a crucial aspect of 
our system where spatial correlation plays a significant role.  
By leveraging geostatistical methods, Kriging provides a 
robust framework for interpolating between observed data 
points, ensuring a more accurate representation of the sys-
tem's behavior. One notable strength of Kriging lies in its 
ability to rigorously account for the spatial distribution of 
data, a feature grounded in geostatistics. This is particularly 
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beneficial in scenarios where spatial correlation information 
is essential for reliable predictions. The geostatistical foun-
dation of Kriging contributes to its effectiveness in regions 
where data points may be scarce or unavailable, allow-
ing for a more comprehensive understanding of the sys-
tem. Furthermore, Kriging inherently provides estimates 
of prediction uncertainty. This is a critical aspect in reli-
ability assessments, enabling not only accurate predictions 
but also a quantification of the confidence associated with 
those predictions [26]. The uncertainty quantification fea-
ture enhances the reliability of the model, especially when 
dealing with complex systems where uncertainties are inher-
ent. Adaptive sampling strategies, crucial for improving 
model accuracy and efficiency, are seamlessly facilitated by 
Kriging. This adaptability ensures that new samples are stra-
tegically acquired in regions with high uncertainty, optimiz-
ing the use of computational resources. Particularly in cases 
with a high-dimensional input space, Kriging demonstrates 
efficiency, requiring fewer samples compared to some alter-
native surrogate modeling techniques.

3 Structural instability metrics and damage probability 
curves
IDA is a widely used technique to evaluate the vulnera-
bility of structures under varying intensities in seismic 
zones. This method requires selecting appropriate parame-
ters that represent the Ground Motion Parameter (IM) and the 
Structural Response Parameter (DM). When subjected to var-
ious ground motion, a structure exhibits varying behaviors, 
as illustrated in Fig. 1. One such behavior is static instabil-
ity, which occurs when the structure softens under increasing 
seismic demands, leading to large drifts and eventual collapse. 
A minor increase in IM results in a disproportionate growth 
in deformation, culminating in the IM-DM curve flattening 
out as the DM approach extremely high values. Some struc-
tures also exhibit a combination of hardening and softening 
behaviors, where the slope or "stiffness" of the IM-DM curve 
alternates between decreasing and increasing with higher 
IM levels. This indicates an acceleration and deceleration 
in the rate of accumulation of DM. In certain cases, decel-
eration is so pronounced that DM momentarily stabilizes or 
even reduces, leading to a non-monotonic IM-DM relation-
ship. This phenomenon, while initially counterintuitive, has 
been documented in previous research. Under specific seis-
mic conditions, systems demonstrating significant responses 
at moderate intensity levels may exhibit reduced responses at 
higher intensities due to hardening effects.

The progression of seismic intensity amplifies cycles with 
weak initial responses, altering structural characteristics for 

subsequent cycles. This leads to changes such as period 
elongation or extreme hardening, which can momentarily 
restore structural stability. However, at certain intensity lev-
els, these changes push the system toward global instability, 
where numerical analysis diverges, and DM becomes theo-
retically infinite. IDA has been endorsed by FEMA-350 for 
analyzing structural collapse capacities. Identifying collapse 
through numerical methods is crucial for determining a 
structure's capacity [27]. Two primary approaches are com-
monly used: tracking the "softening" of the IM-DM curve 
and identifying instances of numerical instability. In the 
softening approach, the curve flattens as structural reserves 
for resisting lateral displacements diminish, causing minor 
increments in IM to trigger disproportionate responses. 
FEMA-350 defines flattening as occurring when the IM-DM 
slope decreases to less than 20% of the original tangent. 
While simple, this term may not accurately reflect experi-
mental observations for large DMs, requiring careful engi-
neering judgment. The second approach, numerical insta-
bility, occurs when the solution algorithm cannot converge 
due to the degradation of structural stiffness, often result-
ing from extensive plastic deformations or hinge formation. 
This loss of redundancy in the structural model, particularly 
in cases with negligible material hardening, can make the 
solution of equilibrium equations infeasible, even for small 
force increments. Nonconvergence might also stem from 
algorithmic or modeling limitations unrelated to collapse.  
Advanced dynamic algorithms are therefore essential to 
accurately capture abrupt changes in structural response 
caused by nonlinearities. Overall, while each criterion for 
determining structural collapse has its limitations, they pro-
vide valuable insights into the behavior and capacity of 
structures under seismic excitations. 

The integration of engineering judgment and empiri-
cal validation remains critical to refining these approaches. 
Although the engineering demand parameters (EDPs) 
defined in Table 4–10 of FEMA 350 for low-rise steel build-
ings were adopted in this study to identify different dam-
age states, the collapse threshold was determined using 
the IM-based (intensity-measure-based) criterion [27].  
In this approach, collapse corresponds to the last converged 
point on the IDA curve before numerical instability occurs.  
This point represents the seismic intensity level (IM collapse) 
at which the structure can no longer maintain equilibrium 
due to severe degradation of stiffness and strength, leading 
to non-convergence in the dynamic analysis. This approach 
more realistically accounts for the remaining capacity of the 
structure, particularly the effects of material hardening, com-
pared to the more conservative EDP-based method. 
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For each IDA curve, there exists a specific seismic inten-
sity associated with structural collapse, referred to as IM 
collapse. Additionally, the collection of these points across 
multiple IDA curves can be used to generate collapse fra-
gility curves, which represent the probability of structural 
failure. The likelihood of structural collapse is mathemati-
cally expressed as shown in Eq. (19) [23]:

P
x

F X x
x

X
� �

��

�
�

�

�
��

�
�

ln 	 (19)

where ηX and ξX show the median and SD of collapse fra-
gility curve respectively, based on X. median and SD are 
derived using Eqs. (20) and (21) [23]:
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�
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where xk represents the X value of set k, and N is the total 
set of earthquake scenarios.

4 Performance base earthquake engineering criteria
The core methodology of Performance-Based Earthquake 
Assessment focuses on computing the mean annual frequency 

(λ) of exceedance for specific limit states. This computation 
utilizes an advanced form of the risk integral, validated by 
the Pacific Earthquake Engineering Research Center, where 
the base equation is expressed as [28, 29]:

� � �( )X X DM DM IM IM� � � � � � ��� ���� � 	 (22)

As shown in Eq. (22), λ(X), ϕ(X), and ψ(DM) represent 
the annual frequency function, response distribution, and 
complementary distribution function respectively, with IM 
denoting the intensity measure and η(IM) characterizing 
the seismic hazard function. For practical implementation, 
Eq. (22) can be reformulated as [30]:

� �X XIM
F IM IM� � � � �

�

�

� 0
	 (23)

where the response function is defined by

f IM X IM
X

IM
X
dXX x

� � �
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�
�
��

�

�
�

0
.	 (24)

The formulation in Eqs. (23) and (24) enables direct 
integration over the intensity measure domain, providing 
a more straightforward approach to capacity evaluation. 
When the response parameter X is predetermined, Eq. (23) 
can be further simplified to [30]:

� �X XF IM IM� � � � ��

�0 	 (25)

Fig. 1 Different collapse possibility in IDA curves: (a) a softening case, (b) a bit of hardening, (c) severe hardening, and (d) weaving behavior [23]
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where FX(IM) represents the capacity distribution function 
as defined in Eq. (24). The probability of failure can be effi-
ciently estimated using simulation methods through [31]:

P
N

I IM IMf i cap
i

N

� �� �
�
�1

1

.	 (26)

As demonstrated in Eq. (26), I(·) serves as an indicator 
function and N represents the total number of simulations. 
This approach, combining Eqs. (22)–(26), provides a robust 
method for evaluating structural performance under seis-
mic loading, particularly when dealing with complex struc-
tural systems where closed-form solutions may not be read-
ily available. The methodology maintains consistency with 
established earthquake engineering practices while offering 
flexibility in implementation for various structural configu-
rations and performance criteria [23].

5 Modeling and sensitive analysis
5.1 Structural configuration and design parameters
The seismic performance of moment-resisting steel frames 
has gained significant attention due to their enhanced lateral 
resistance capabilities. This research investigates the 5-story 
steel moment resisting frame structure, designed with mod-
erate ductility for residential occupancy in Tehran, which 
is located in a high seismic hazard zone with a design base 
acceleration of 0.35  g according to Standard 2800 [32].  
These structures were designed in accordance with the 
National Building Code [33] requirements and Standard 
2800  [32]. As illustrated in Fig. 2, the structures were ini-
tially developed using three-dimensional modeling before 
being simplified to a two-dimensional frame analysis incor-
porating P-Delta effects through a leaning column approach.  
The study focuses on a perimeter frame configuration where 
the peripheral frames, except for the end columns and their 
connecting beams, are modeled with pinned connections [34]. 

To accurately capture second-order effects and gravity load 
influences, a leaning column was incorporated into the ana-
lytical model. This column, connected to the main frame with 
rigid links at each floor level, carries the tributary gravity 
loads from the interior frames that are not directly modeled 
in the two-dimensional analysis.

The leaning column was modeled with pinned connec-
tions at each floor and designed to be axially rigid but with 
minimal flexural stiffness. This ensured proper transmis-
sion of P–Delta effects without contributing to lateral resis-
tance. In the gravity load analysis, dead loads from both 
interior frames and peripheral elements were appropriately 
distributed to the structural system through the leaning col-
umn, considering the high seismic demands of the region.  
The structural configuration maintains a consistent story 
height of 3 m throughout the building, with an enhanced first 
story height of 4 m to accommodate architectural require-
ments. The bay width is uniformly set at 5 m across all 
frames. The building is situated on soil type II according to 
local regulations, which significantly influences the seismic 
response characteristics of both structures. The structural 
system utilizes ST37 grade steel throughout its components. 
In compliance with Standard 2800 and considering Tehran's 
high seismicity, the design incorporates stringent drift lim-
itations: an allowable relative lateral displacement of 0.025 
for the 5-story building [32]. The design methodology pri-
oritizes economic efficiency while maintaining strict adher-
ence to strength and serviceability requirements particularly 
critical for high seismic zones. Following the tenth edition of 
the National Building Code, the design implements strength 
reduction factors of 0.9 for flexural members and 0.75 for 
compression elements.

5.2 Rotational parameters of concentrated plastic 
hinge model
For structural modeling and analysis, OpenSEES (Open 
System for Earthquake Engineering Simulation) software was 
utilized, which offers capabilities for both linear and nonlinear 
analyses while accounting for hysteretic behavior. In this 
framework, the selected hysteretic model must be capable 
of modeling factors affecting structural behavior, including 
elastic behavior, inelastic (plastic) behavior of members, 
joint behavior, and various degradation characteristics due 
to deterioration, stiffness degradation, strength reduction, 
and local buckling [35]. The concentrated plasticity 
model (plastic hinge) has been employed in this approach.  
Each beam-column element consists of an elastic beam-
column member with two zero-length rotational plastic 
springs with degrading behavior at both ends. In the elastic Fig. 2 Plan and elevation of the study structure
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behavioral state, since the beam is modeled elastically, the two 
springs should theoretically be modeled as rigid. However, 
due to finite element considerations and the singularity of 
the stiffness matrix caused by rigid members (K → ∞), the 
model becomes numerically unstable. To prevent this issue, 
springs must be modeled as non-rigid, where Kspring  <  ∞.  
In this case, the springs participate in deformation and result in 
larger-than-actual deformations. To overcome this limitation, 
analytical equations derived from linear behavioral conditions 
have been utilized. In the elastic behavioral state of the beam, 
the elastic stiffness (Ke) and spring stiffness (Ks) are derived 
from rigid stiffness, expressed as Ktotal = (1/Ke + 1/Ks)

−1, which 
corresponds to the behavior of an elastic member and rigid 
stiffness for springs. In the nonlinear behavioral state, the 
springs with degrading behavior due to deterioration provide 
highly accurate deformation results. The rotational spring 
characteristics are determined based on tri-linear member 
curves and experimental studies [36]. The modified Ibarra-
Krawinkler deterioration model has been implemented in this 
research (Fig. 3 [37]). Through extensive testing of I-shaped 
beams and BOX-shaped columns, Krawinkler modified the 
Ibarra-Krawinkler model to present deterioration models 
that enabled more accurate prediction of element behavior 
up to failure levels. These new deterioration curves can 
predict post-failure strength loss, residual strength (Fres), and 
ultimate deformation capacity (θu).

In Fig. 3, My is the effective yield moment, Mc is the elastic 
modulus multiplied by yield strength, Mp (κMy ) represents 
the post-yield moment capacity, θy is the yield rotation, θp is 
the plastic rotation capacity, θc is the capping rotation capac-
ity, θu is the ultimate rotation capacity, θcap,pl is the post-cap-
ping rotation capacity, and θpc is the post-capping rotation 

capacity after the cap point. The capacity for energy compo-
nent is defined by Eq. (27).

E Mt y� � 	 (27)

In Eq (27), Λ represents the rate of cyclic deterioration, 
which is evaluated through the calibration of experimental 
results. This parameter is considered a critical modeling 
factor in this study. Previous research has shown that θP, θpc, 
and Λ significantly influence the collapse performance of 
structures. Therefore, in this study, these three parameters are 
selected as the primary modeling parameters, including their 
inherent epistemic uncertainties. As shown in Fig.  4  [38], 
joint2D elements were used to model connections that 
significantly affect the linear and nonlinear story drifts of 
the steel frame. The panel zone exhibits very high stiffness 
due to the use of box sections for columns, characterized 
by Kpanel = GAv / db, where G is the shear modulus, Av is the 
shear area of panel zone, and db is the beam depth [35]. 
The cyclic behavior modeling incorporates three key 
uncertain parameters: plastic rotation capacity (θp), post-
capping rotation capacity (θpc), and the cyclic deterioration 
parameter (Λ). Experimental calibration studies have 
demonstrated that these parameters follow log-normal 
probability distributions. Table 1 presents the statistical 
characteristics of these modeling variables, including their 
median values, dispersions, and correlation coefficients.

5.3 IDA and fragility curve
The selection of ground motion records for IDA was con-
ducted following FEMA-P695 protocols [39]. The IM was 
selected as the 5% Reduced spectral acceleration at the pri-
mary period (Sa(T1)), in accordance with FEMA P695 (2009) 
guidelines. For the structural response assessment, the 
maximum inter-story drift ratio (θmax) was adopted as the 

Fig. 3 The simplified backbone curve and hysteresis loop are based on 
the modified IMK model [37]

Fig. 4 Joint2D element architecture for connection modeling dissipation 
of the structural [38]
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primary demand parameter, accounting for both story-to-
story variations and temporal evolution throughout the 
seismic excitation. The IDA implementation utilized the 
Hunt&Fill algorithm, as proposed by Vamvatsikos and 
Cornell, which provides an efficient approach for con-
ducting the incremental analyses [23]. The ground motion 
records used for IDA in this study consist of 22 pairs of 
records (44 components) selected from the FEMA-P695 
far-field record set. These records are from earthquakes 
where the site-to-source distance exceeds 10 km.

The initial phase of the proposed methodology focuses on 
establishing functional relationships for the mean and stan-
dard deviation of fragility curve parameters with respect to 
the structural modeling parameters. This framework has been 
implemented using Monte Carlo simulation techniques inte-
grated with response surface methodology. The procedure 
requires selecting a discrete set of modeling parameter values 
to determine the statistical characteristics (mean and standard 
deviation) of the fragility curve through incremental dynamic 
analysis. The response surface, fitted to the analytical results, 
incorporates both the mean and standard deviation functions 
of the fragility parameters, utilizing complete second-order 
polynomial functions for the mathematical representation.  
To determine the approximate values of the fragility curves, 
different values of modeling parameters have been selected 
to define the mean and standard deviation of the frame fragil-
ity curves. For each modeling variable, the mean value, mean 
minus two standard deviations, and mean plus two standard 
deviations have been combined. Considering 3 modeling 
variables, a total of 125 cases have been analyzed through 
incremental dynamic analysis. Fig. 5 shows the schematic 

representation of the selected modeling parameters and illus-
trates the total number of considered cases.

The methodology employs Incremental Dynamic Analysis 
(IDA) for each realization of input variables to determine 
the collapse spectral acceleration (SAcollapse ) for individual 
ground motion records, which then serves as target data for 
the proposed neural network framework, utilizing 40 × 125 
vectors for training and testing purposes (representing 125 
parameter combinations and 22 ground motion records), 
with representative IDA curves and fragility curve for 5 story 
structure illustrated in Fig. 6. This diagram represents a state 
of the structure where only aleatory uncertainty is consid-
ered, without accounting for epistemic uncertainty.

6 Epistemic uncertainty
6.1 Response surface methodology and statistical 
analysis
In the response surface methodology, we aim to replace 
the response values with a function of input variables 
(θP, θpc, and Λ) to obtain the best fit f(X) that yields the 
minimum deviation from actual values (minimum error). 
When the number of input variable samples is limited, accu-
rate prediction of the response function becomes challenging. 
In this research, to determine the required number of sim-
ulations, we utilized the central composite design method 
for the incremental dynamic analysis, where a total of  
125 simulations were required at one central factorial point 
at the sixteenth level. The proposed model for the response 
function is based on uncertainties using a quadratic model.  
The p-value approach was implemented to assess the signifi-
cance of terms in the quadratic model (Eq. (3)), where terms 

Table 1 Statistical parameters of component deterioration model based on experimental calibration [37]

Model parameters and correlation coefficients

Plastic Rotation Post-capping Deterioration Correlation

Median θp Median θpc Median Λ σΛ

0.025 0.43 0.16 0.41 1.00 0.43 0.69 0.44 0.67

�� p
�� pc

�� �p pc, �� p ,� �� pc ,�

Fig. 5 Hierarchical representation of uncertainty variables and their relationships in structural parameters
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with larger p-values indicate less significance in the model. 
Specifically, p-value < 0.05 indicates significant terms, while 
p-value > 0.1 indicates non-significant terms, and conse-
quently, all terms with p-value > 0.1 were removed from the 
model. Equations (28) and (29) present the mean collapse 
capacity function and standard deviation function in terms of 
independent normal variables (θP , θpc, and Λ) [24]. The cor-
responding coefficients are provided in Table 2. Figs. 7 and 8 
show the correlation diagram between target data and output 
data, along with correlation coefficient values and prediction 
accuracy assessment. For such simulations, statistical mea-
sures including mean square error, root mean square error, 
error histogram, mean error values, and standard deviation 
of errors for both collapse capacity mean and standard devi-
ation were evaluated. Errors in the estimation of means and 
standard deviations of collapse fragility curves are compared 
with the Kriging model in the next section.
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6.2 Kriging model methodology to predict fragility curve
The effectiveness of the Kriging model is validated using 
statistical metrics that compare predictions against actual 
observed values. Two key metrics are employed: the mean 
squared prediction error (MSPE) and the coefficient of deter-
mination (R2), defined as [25]:
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where G(xi ) represents the predicted value, G(xi ) is the 
observed value, and G is the mean of observed values.  
A higher R2 value indicates better model fit.

For predicting behavior at unknown points, the Best 
Linear Unbiased Predictor (BLUP) is utilized [26]:

G x r x R G FG x
T� � � � � � �� �� �

�� �1 	 (32)

where µG(x) is the BLUP mean, r(x) is the correlation vector 
between the unknown point x and observed points, R and 
G represent the correlation matrix and observed responses 
vector respectively, and β and F are regression coefficients 
and design matrix.

The predicted values for mean (µ) and standard devia-
tion (σ) are calculated as [26]:

� � � � � �� � � � � �f zT p pc p pc1 1 1
, , , ,� � 	 (33)

� � � � � �� � � � � �f zT p pc p pc2 2 2
, , , ,� � .	 (34)

Using Radial Basis Functions (RBFs), the basis function 
is expressed as

f zp pc j j p pc p pc
j

� � � � � � �, , , , , ,� � �� � � � � � � � �
�
�
1

	 (35)

Table 2 Response surface coefficients

Mean Function (μLn(SAc))

β0– β9
{−0.24, −37.23, 4.02, 0.93, −29.35, 2.89, 0.572, 830.984, 

−6.378, −0.297} Standard Deviation (σLn(SAc))

β'0– β'9
{−0.57, 74.321, −0.636, 0.13, 15.028, −1.56, 0.216, −1458.47, 

0.475, −0.118}

ˆ

ˆ

−

ˆ

ˆ

Fig. 6 IDA and fragility curve of 5-story structure
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Finally, the weighted averaging approach is applied:
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Fig. 7 The figure compares the IDA-based collapse capacity (horizontal axis) with the predicted mean collapse capacity using Eq. (28) (vertical axis). 
Each point represents one case, and the 45° diagonal line represents the ideal scenario with perfect prediction accuracy.

Fig. 8 The figure compares the IDA-based collapse capacity (horizontal axis) with the predicted standard deviation using Eq. (29) (vertical axis). 
Points located on the 45° line indicate perfect agreement, while deviations reflect prediction error.
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where N is the number of predictions and ωi represents the 
weight assigned to the ith prediction.

In this section, the performance of the Kriging method in 
predicting the relative displacement of the aforementioned 
frames was investigated. For 90 randomly selected samples, 
the predicted relative mean and SD values of these frames 
were compared with the actual outputs. The coefficient values 
R2 for the 5-story frames was calculated as 0.92. These values 
demonstrate the capability of the Kriging surrogate model in 
predicting the response of smart material-equipped structural 
models. In other words, it is evident that there exists a strong 
linear correlation between the actual relative Sac values of 
the mentioned frames and the predicted response based on 
the Kriging method, showing minimal error in predicting the 
structural responses. To verify the accuracy and precision of 
the Kriging surrogate models, according to Eqs. (39)–(41), 
the Mean Square Error (MSE), Mean Absolute Error (MAE), 
and correlation coefficient (R2) indices were calculated and 
compared. The Mean Square Error and Mean Absolute 
Error always have a positive value; the closer these values 
are to zero, the lower the error. The results of the statistical 
parameters obtained from the Kriging surrogate models are 
presented in Table 3.
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Where RPre and RIDA are the predicted and IDA-based 
responses, respectively, and RPre and RIDA represent their 
mean values [24].

To further evaluate the prediction performance, the 
percentage error was calculated to quantify the larg-
est deviation between the predicted structural responses 
and those obtained from Incremental Dynamic Analysis 
(IDA). This metric is defined as

Error
Pre IDA

IDA

%
( ) ( )

( )
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R R
R
i i

i

100 	 (42)

where RPre(i) and RIDA(i) represent the predicted response and 
the IDA-based response for sample i, respectively. Based 
on the testing dataset, the Kriging model demonstrated 
substantially lower prediction errors in estimating col-
lapse capacity compared to the Response Surface Method 
(RSM), particularly in regions exhibiting strong nonlinear 
behavior close to structural collapse. Table 4 summarizes 
the percentage errors obtained for the mean and standard 
deviation predictions of collapse capacity.

The relatively high errors associated with the RSM are 
attributed to its limited capability in representing highly 
nonlinear structural responses near collapse, where stiffness 
degradation and instability become dominant. In contrast, 
the Kriging model maintains accuracy by effectively learn-
ing localized correlation patterns and propagating associated 
uncertainties. These results further highlight the superiority 
of the Kriging-enhanced surrogate modeling approach for 
collapse prediction and fragility assessment.

To develop the collapse fragility curves, two distinct 
approaches were implemented. In the first approach, the 
Kriging surrogate models was employed to estimate mean 
and SD of SAcollapse for 10,000 simulated input variables.  
The collapse fragility curve was then obtained by fitting a 
probability distribution to these mean and SD values.

For the second approach, response surface methodology 
was utilized to estimate the statistical parameters (mean and 
standard deviation) of the collapse fragility curve. This esti-
mation was based on 10,000 simulations of the modeling vari-
ables. The effectiveness of the proposed methodology was 
validated through comparison with alternative methods, as 
illustrated in Fig. 9. Additionally, Fig. 9 presents the collapse 
fragility curve where modeling uncertainties are excluded 
(i.e., using mean values for all modeling parameters).

Table 3 Statistical parameters results obtained from Kriging surrogate 
models and Response surface method

Statistical 
Parameters

Kriging surrogate 
models

Response surface 
method

MSE 23.3 55

MAE 2.5 4.1

R2 0.92 0.88

Table 4 Prediction error of collapse fragility statistics (mean and 
standard deviation) for Kriging and response surface approaches

Predicted parameter Response Surface 
method (%) Kriging model (%)

Mean values 24 0.5

Standard deviation values 6 3.7

¯ ¯
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This dual-approach methodology enables a comprehen-
sive assessment of structural collapse probability while 
accounting for various sources of uncertainty in the model-
ing process. The response surface methodology exhibits sig-
nificant limitations when incorporating epistemic uncertain-
ties, primarily due to its reliance on predefined functional 
forms for characterizing the statistical parameters (mean 
and standard deviation) of fragility curves. This constraint 
becomes particularly problematic in collapse limit state 
analysis, where structures exhibit highly nonlinear behav-
ior. The fixed mathematical framework of response surfaces 
may not adequately capture the complex relationships and 
interactions that emerge during structural collapse.

Conversely, the Kriging surrogate approach offers a more 
versatile framework for predicting mean and SD. The Kriging 
architecture, employs a two-component predictor consisting 
of a polynomial regression function representing the global 
trend and a Gaussian correlation function characterizing 
local deviations, where the correlation parameters are opti-
mized through maximum likelihood estimation to enhance 
prediction accuracy in interpolating between sampled points. 
This flexibility enables more accurate representation of struc-
tural response under extreme loading conditions.

The resulting collapse fragility curves are derived by 
fitting lognormal distribution functions to the SAcollapse val-
ues, providing a more robust characterization of structural 
vulnerability that inherently accounts for the system's 
nonlinear behavior.

By comparing the error generated in predicting the col-
lapse responses at 16%, 50%, and 84% levels using the 
response surface method and Kriging method, it can be 
concluded that both methods achieve errors less than 10%.  
In predicting the mean collapse capacity, mean drift ratio, and 
mean annual frequency of collapse, these methods demon-
strate nearly identical performance and possess desirable 
capability in estimating structural collapse responses.

For a high number of simulations, the Kriging method 
predicts structural responses in less time compared to the 

response surface method. This is because for each simula-
tion, the generated values for uncertainties must be substi-
tuted in Eqs. (28) and (29) to obtain the structural responses, 
which is somewhat time-consuming given the high number 
of terms in Eqs. (28) and (29). However, by neglecting the 
interaction effects between uncertainties in the above rela-
tionships, one can generate equations with fewer terms for a 
large number of simulations, although this leads to reduced 
accuracy and increased error in response prediction using the 
response surface method. Nevertheless, the analysis time and 
response prediction in the response surface method remains 
negligible compared to incremental dynamic analysis. 

As mentioned in previous sections, the annual limit state 
frequency (λ) is obtained by computing the area under the 
curve of the product of the fragility function and the absolute 
increment of spectral acceleration hazard function through 
numerical integration of the aforementioned quantities.

For better comparison, the results of basic and uncer-
tain models for sidesway collapse that is near to Collapse 
Prevention and Immediate Occupancy (IO) limit state are 
presented in Table 5 and depited in Fig. 10. it can be observed 
that the impact of capacity uncertainty on seismic demand 
estimation in the (IO) limit state is negligible. In contrast, 
comparing the limit state frequency of basic and uncertain 
models at the Collapse Prevention (CP) limit state reveals 
that capacity uncertainty has significantly increased the 
annual probability of failure. This increase stems from the 
differences between two parameters - the mean and stan-
dard deviation - of the uncertain model compared to the 
basic model, indicating that capacity uncertainty has led to 
a reduce in mean and increase in standard deviation relative 
to the basic model. It is worth noting that even small changes 
in these values led to a significant increase in the annual lim-
it-state frequency. This aspect has received limited attention 
in previous studies, where the effects of capacity uncertainty 
on structural performance were not thoroughly investigated.

7 Conclusions
In this study, an innovative Kriging-Enhanced Hybrid 
(KEH) surrogate modeling framework was proposed to 
efficiently predict the seismic collapse fragility curves 
of steel moment-resisting frames while incorporating 
both aleatory and epistemic uncertainties. The developed 
approach effectively addresses the computational chal-
lenges associated with conventional response surface and 
Monte Carlo-based methods. Application of the proposed 
model to a five-story steel frame demonstrated remark-
able predictive performance and stability. The Kriging 

Fig. 9 Comparison of the effects of including versus neglecting 
epistemic uncertainty on the collapse fragility curve
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