Earthquakes and Structures, Vol. 30, No. 6 (2026) 835-858 Techno-Press
https://doi.org/10.12989/eas.2026.30.6.835

A near-fault ground-motion prediction equations for constant-
strength relative input energy based on machine learning

Juanjuan Gao', Qinghui Lai*', Hui Chen', Daehyeon Kim?

"Wenzhou Key Laboratory of Intelligent Lifeline Protection and Emergency Technology for Resilient City,
Wenzhou University of Technology, Wenzhou 325035, China
2Department of Civil Engineering, Chosun University, Gwangju, 61452, Republic of Korea

(Received January 5, 2026, Revised April 15, 2026, Accepted June 9, 2026)

Abstract. Input energy is the critical theoretical foundation for performance-based seismic design, as it directly
reflects the energy demands imposed on structures during seismic events, thereby offering more physically
meaningful metrics for structural performance assessment and design. However, relatively little attention has been
devoted to the development of ground motion prediction equations (GMPEs) for near-fault elastoplastic input energy.
Based on the NGA-West2 ground motion database, this study selects moment magnitude (3,,), average velocity of
shear waves in the uppermost 30 m (¥s30), fault type, and rupture distance as key characteristic variables. A machine-
learning-based support vector regression (SVR) framework is employed to predict constant-strength relative input
energy, with model hyperparameters globally optimized using the particle swarm optimization (PSO) algorithm.
These methodological choices aim to enhance the generalization capability and prediction accuracy of PSO-SVR
machine-leaming-based GMPEs. The rationality of the PSO-SVR machine-learning-based GMPEs fitting was
verified through residual analysis and the influence of explanatory variables on the prediction results. The results
show that the PSO-SVR machine-leaming-based GMPEs for constant-strength relative input energy proposed
demonstrates higher accuracy and stability in the prediction of near-fault ground motion data. The findings provide
reliable references for performance-based seismic design and contribute valuable insights to the application of
machine learning methods in earthquake engineering,

Keywords: constant-strength relative input energy; constant-strength; ground-motion prediction equations;
machine learning; near-fault ground motions

1. Introduction

Compared to far-field ground motions, near-fault ground motion typically exhibit greater
destructiveness due to the combined effects of rupture propagation and fault geometric
characteristics. This type of ground motion is characterized by short duration, concentrated energy,
and pronounced velocity pulses, which can readily induce strong dynamic responses in
engineering structures [1-2]. However, despite its significant engineering importance, existing
studies indicate that systematic research on near-fault ground motions remains relatively limited,
and the corresponding models and design methodologies have not yet been fully established [3-4].
In near-fault regions, pulse-type ground motions warrant particular attention. These ground
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motions are typically characterized by prominent velocity pulses and release their energy over a
short duration. The structural impact they induce is significantly greater than that of non-pulse
ground motions [5-6], potentially amplifying the displacement and energy demands of structures
and thereby reducing the design safety margin [7-8]. Therefore, compared to far-field ground
motions, near-fault ground motions impose more stringent seismic design requirements on
buildings and engineering structures.

Under strong earthquake loading, the structural response is essentially a continuous process of
energy input and dissipation. The input energy not only comprehensively accounts for the
frequency content, duration, and amplitude of ground motion, but also reflects the energy
dissipation characteristics within the structure, thereby enabling a more comprehensive assessment
of the destructive potential of ground motion [9-10]. Compared to a single intensity measure, input
energy provides a more direct link between seismic action and the structural damage process.
Therefore, in structural seismic design and seismic risk assessment, it is considered one of the
most rational indicators of potential damage [11-12].

In recent years, numerous scholars have devoted themselves to developing energy demand
models to advance energy-based seismic design methodologies. In the early stage, Decanini and
Mollaioli [13] proposed an input energy prediction equation based on 296 ground motion records
and developed a simplified design expression. Subsequently, several researchers [14-15]
conducted in-depth studies on related issues. Cheng et al. [16] theoretically established the
relationship between the input energy spectrum and the pseudo-acceleration spectrum and
proposed a corresponding prediction equation. Cheng et al. [17] developed constant-strength and
constant-ductility input energy spectra and refined the existing models. The research results
indicate that, except for extremely short periods, the difference between elastic and inelastic
strength spectra is small and further decreases as the damping ratio increases. Research on special
ground motions remains relatively limited, with only a few studies addressing pulse-type, near-
fault, and mainshock-aftershock sequences. Alict and Sucuoglu [18] proposed an attenuation
model for near-fault ground motions and analyzed the effects of damping and intensity on energy
dissipation. Zhai et al. [19] investigated the input energy spectrum characteristics of both near-
fault and mainshock-aftershock ground motions and explored the influences of key parameters—
such as period, magnitude, rupture distance, damping ratio, and stiffness—on the energy factor.
These studies not only theoretically reveal the intrinsic connection between energy demand and
ground motion characteristics, but also provide several methodological suggestions for translating
energy-based theories into engineering applications [20-21].

Meanwhile, the energy spectrum, as a tool capable of quantifying energy demands across
different periods, has gradually gained recognition and application within the engineering
community. For instance, the Japanese seismic code has officially incorporated the energy
spectrum [22] and applied it to guide seismic design practices. Apart from Japan, other countries
and regions are also making efforts to incorporate energy spectra into building codes, thereby
promoting the gradual engineering implementation and standardization of energy-based design
methods [23-25]. These explorations indicate that input energy and its related indicators not only
hold significant theoretical value but also possess broad application potential in practical seismic
design and code development. As a foundation for performance-based seismic design, the input
energy-based ground motion model has attracted growing attention. Decanini et al. [13]
investigated the attenuation relationship of input energy with focal distance and found that
assessments based on peak input energy (EI) yielded significantly different results compared to
those derived from peak ground acceleration and peak ground velocity. Yang et al. [26] developed
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a GMPE incorporating horizontal and vertical elastic input energy using a deep learning approach;
Hu and Tan [27] established an elastic input energy model for ground motions in the Sagami Bay
offshore region of Japan. Cheng et al. [17] developed an empirical elastoplastic input energy
prediction equation. Although some progress has been made, research on input energy-based
GMPEs remains limited compared to traditional parameters such as response spectra. Therefore,
developing a GMPE incorporating elastoplastic input energy is essential for advancing
performance-based seismic design.

NGA-West2 ground motion database is employed in this study, and key characteristic
variables—including moment magnitude (M), average velocity of shear waves in the uppermost
30 m (Vs30), fault type, and rupture distance (R.p)—are selected to develop an elastoplastic input
energy prediction model. Methodologically, machine-learning-based support vector regression
(SVR) is adopted to establish the predictive framework, while the particle swarm optimization
(PSO) algorithm is applied to globally optimize the PSO-SVR machine-learning-based GMPE’s
hyperparameters, thereby enhancing its generalization capability and prediction accuracy. Finally,
the PSO-SVR machine-learning-based GMPE’s rationality is validated through residual
distribution analysis and examination of explanatory variables, and the influence of major
explanatory variables on prediction performance is discussed, providing a reference for improving
energy prediction models for near-fault ground motions and advancing performance-based seismic
design.

2. Near-fault ground motion database

The near-fault ground motion records used in this study are screened from the NGA-West2
database, which was developed by the Pacific Earthquake Engineering Research Center. The
NGA-West2 project represents a large-scale, interdisciplinary collaborative research program
encompassing seismology, engineering, and statistics, with the primary objective of developing
GMPE:s for shallow crustal earthquakes [28]. Compared with earlier ground motion databases, the
NGA-West2 database represents significant improvements in data volume, data quality, and
structural comprehensiveness. It contains a large number of ground motion records that have
undergone strict baseline correction and filtering, while systematically providing source
parameters (e.g., earthquake magnitude, focal mechanism), site conditions, and several source-to-
site distance metrics (e.g., epicentral distance, hypocentral distance and rupture distance). Since its
release, the NGA-West2 database has become a fundamental resource in international earthquake
engineering research due to its comprehensiveness and high data quality. It is widely used in the
analysis of ground motion characteristics, the development of GMPEs, and the assessment of
structural seismic responses.

In this study, to develop a PSO-SVR machine-learning-based GMPEs of constant-strength
relative input energy suitable for near-fault regions, a total of 1,785 near-fault ground motion
records from 99 earthquake events (1190 stations) with a rupture distance Rnp<30 km were
selected from the NGA-West2 database. Meanwhile, the moment magnitude Mw ranges of the
selected earthquake events from 4.00 to 7.62, covering typical earthquake scenarios from small to
large earthquakes, thereby ensuring the statistical representativeness of the near-fault ground
motion database and the reliability of developed PSO-SVR machine-learning-based GMPEs. Fig.
1 shows the distributions of Mw versus Ry, and the Vs3o versus Ry, for the selected near-fault
ground motion database, respectively. The selected 99 earthquake events were classified based on
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Figure 1. Near-fault ground motion database

the fault mechanism as follows: strike-slip SS (56), normal fault NF (13), thrust fault TF (30). The
selected near- fault ground motion records have a Vs3 value ranging from approximately 100-2100
m/s, with merely 10% of entries exceeding 600 m/s. Moreover, 112 pulse-like ground motion
records account for 6.3% of the near-fault ground motion database in this study. This near-fault
ground motion database will be used for the subsequent development of PSO-SVR machine-
learning-based GMPEs for constant-strength relative input energy in this study. The ground
motion records were randomly divided into a training set and a testing set at a ratio of 7:3 [29].

3. Development of ground motion prediction equations
3.1 Calculation of constant-strength relative input energy

Under seismic loading, the equation of motion for a single-degree-of-freedom system (SDOF)
is given by Eq. (1) [30].

Jmidv + [ cvdv + [ fydv = —[ mij,dv, (1)

m is the mass of SDOF, c is the viscous damping coefficient, f; is the restoring force, ¥ is the
absolute acceleration, v is the absolute velocity, v is the absolute displacement, and ¥, is the
relative acceleration of ground motion.

The term on the right side of Eq. (2) represents the relative input energy, that is:

E=—/ migdvm 2)

Here, Ei1 represents the relative input energy.

It should be pointed out that the equivalent velocity here is the maximum input energy during
the seismic action process. The reason is that when studying the input energy of ground motion, if
the energy at the end of the seismic action is selected, it usually leads to an underestimation of the
input energy [31-32]. To eliminate the influence of mass, the equivalent velocity Vg is usually
adopted instead of the input energy [21, 30, 33], and the transformation equation is shown in Eq.
(3). Therefore, the equivalent velocity is also used instead of the input energy for analysis.
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Figure 2. Bilinear hysteresis curve

Vg = /2E;/m (3)

3.2 Constitutive relation

For the development of PSO-SVR machine-learning-based GMPEs based on constant-strength
relative input energy, the rational selection of the structural constitutive relationship is of crucial
significance, as it not only determines the force-displacement behavior of the structure under
seismic loading, but also directly influences its energy dissipation capacity and ductility demands
[17]. In existing research, hysteretic skeleton curves are commonly used as the fundamental
framework to characterize the force-displacement relationship of structures under cyclic loading.
They effectively capture the stiffness evolution of structures from the elastic to the plastic stage
and provide essential mechanical parameters for energy input and dissipation analyses.

This study adopts the bilinear model as the primary form of the hysteretic skeleton curve (see
Fig. 2). This model concisely captures the initial stiffness, yield point, and post-yield stiffness
characteristics of the structure through an idealized bilinear relationship, and effectively
reproduces the fundamental hysteresis behavior under strong seismic excitations. While ensuring
computational efficiency, the bilinear model also meets the accuracy requirements for developing
a PSO-SVR machine-learning-based GMPE for constant-strength relative input energy. Therefore,
it is selected as the main constitutive relationship representation in this study.

3.3 Ground motion prediction model based on PSO-SVR

Support Vector Regression (SVR), a supervised learning regression algorithm, exhibits strong
generalization capability and is capable of efficiently handling high-dimensional data and
nonlinear relationships. Its core principle involves mapping input features into a high-dimensional
feature space through a kernel function, and subsequently finding a linear regression hyperplane
that allows for a specified range of tolerance (Eq. (4)), thereby addressing nonlinear problems in
the original feature space [34]. Assume that the training subset used to develop the PSO-SVR
machine-learning-based GMPE for constant-strength relative input energy in this study is denoted
as (X, yi), =1, 2, 3, ..., n. X is a vector composed of multiple characteristic parameters, such as
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Mw, Rup, and Vszo, which represent the key influencing factors of the constant-strength relative
input energy, including source, path, and site conditions. y; denotes the actual value of the
constant-strength relative input energy, computed from the i-th near-fault ground motion record.

fX,w)=wT-X+b 4)

where w represents the weight vector; b is the intercept.

In SVR, classical loss functions (e.g., absolute error or squared error) are not used. Instead, the
e-insensitive loss function L(y, f{x, w), €) (Eq. (5)) is introduced to minimize the prediction error of
the regression model [35].

—elyi—fxr,w)| > ¢

yi— fOow)| < e )

i —f(x,w
L fGw),e) = {1~ )
where ¢ is the tolerance error.
In addition, to account for training sample data that fall outside the e-insensitive zone, the slack
variable ¢ is introduced in SVR, enabling the transformation of the hyperplane optimization
problem into a convex quadratic programming problem, as shown in Eq. (6).

) fr,w)—y; < e+
mwifnglla)ll2 +CY G+ E)sti yi—fx,w)<e+ & (6)
' £, >0i=12...,n

where C is the penalty factor that controls the tolerance errors of the regression model. If C is too
large, the regression model is prone to overfitting, which compromises its generalization ability.
Conversely, if C is too small, the regression model becomes overly simplified and smoothed,
leading to underfitting. The tolerance error ¢ determines the width of the ¢-insensitive zone (see
Fig. 3). A smaller ¢ value increases the number of support vectors, enabling the regression model
to fit data details more closely but simultaneously raising the risk of overfitting. The fundamental
concept of SVR algorithm is illustrated in Fig. 3. For all sample points within the e-insensitive
zone, the error is considered zero.

Whether a regression model with good generalization performance can be achieved using SVR
primarily depends on the appropriate selection of hyperparameters, including the penalty factor C,
the kernel parameter y, and the tolerance error ¢. In this study, the radial basis function (RBF) is
selected as the kernel function, where y controls the influence range of each training sample and
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Figure 4. Flowchart of developed machine-learning-based GMPEs based on PSO-SVR

determines the complexity of the decision boundary. To ensure that the resulting regression model
exhibits strong generalization capability, this study incorporates the particle swarm optimization
algorithm (PSO) into the optimization of hyperparameters, and a support vector regression
algorithm based on Particle swarm optimization (PSO-SVR) is proposed.

PSO was developed by Eberhart [36] and Kennedy [37] as an evolutionary algorithm. This
algorithm offers high accuracy and fast convergence speed, enabling efficient execution of
intelligent global optimization tasks. In the development of the PSO-SVR machine-learning-based
GMPEs, each particle in the population represents a potential solution consisting of a set of
hyperparameters {C, y, ¢}. The spatial position and velocity of each particle are updated iteratively
based on the evaluation of the fitness function. Ultimately, the optimal combination of
hyperparameters is identified according to a predefined maximum tolerance error or maximum
number of iterations. The complete workflow for developing the PSO-SVR machine-learning-
based GMPEs is shown in Fig. 4.

3.4 The prediction equations of constant-strength relative input energy

Previous studies on GMPEs mainly established the functional relationship between input
energy and source, path, and site parameters through regression analysis of random effects models
[17, 27]. Among them, the model research object of Hu and Tan [27] is the elastic input energy of
offshore ground motion, and the research object of Cheng et al. [17] is the elastoplastic input
energy of terrestrial ground motion. Since the research focus of this study is the input energy of
onshore ground motions, the development of the input energy GMPE based on SVR incorporates
the types and forms of input parameters used in Cheng et al. [17] (hereinafter referred to as
CLM20). The input variables include My, the natural logarithm of rupture distance (In(Rnp)), the
natural logarithm of Vs3o (In(Vs30)), and a categorical variable representing fault type, as defined in
Eq. (7). To facilitate the determination of hyperparameters for the subsequent regression model, all
input parameters are normalized to the range [-1, 1]. Additionally, the model output is defined as
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Table 1. Hyper-parameters and prediction results calculated for linear elastic systems (Cy=1.0)

T(ks) C Y Etraining R training Resting MAE waining MAE testing RMSE taining RMSE testing Training Gtraining Testing Otesting
0.1 2.755 1.4140.408 0.790 0.755 0.511 0.576 0.654 0.741 0.329 0.5650.4160.613
0.2 2.720 1.3150.097 0.817 0.774 0.468 0.525 0.631 0.678 0.287 0.563 0.3590.576
0.3 15.1480.6900.070 0.831 0.823 0.460 0.501 0.622 0.650 0.322 0.5320.3740.532
0.4 14.4631.3260.467 0.861 0.841 0.465 0.510 0.595 0.659 0.292 0.519 0.4090.516
0.5 18.9451.2790.436 0.878 0.844 0.454 0.515 0.589 0.659 0.307 0.503 0.3750.543
0.6 8.081 1.2550.474 0.878 0.859 0.464 0.520 0.596 0.675 0.308 0.5100.4350.514
0.7 4.648 0.8540.354 0.877 0.864 0.479 0.521 0.617 0.677 0.322 0.526 0.4340.518
0.8 24.9590.5010.134 0.886 0.874 0.460 0.503 0.612 0.655 0.323 0.5190.3920.524
0.9 3.424 1.2290.331 0.898 0.870 0.457 0.506 0.599 0.656 0.318 0.507 0.4040.516
1.0 64.1060.0470.187 0.892 0.875 0.474 0.511 0.617 0.670 0.340 0.5150.4420.504
1.2 6.718 0.8320.189 0.901 0.899 0.454 0.461 0.609 0.604 0.345 0.501 0.3500.493
1.4 8.639 0.6540.042 0.907 0.893 0.440 0.469 0.601 0.624 0.328 0.5030.4160.466
1.6 22.6500.4320.399 0.906 0.901 0.454 0.487 0.598 0.635 0.334 0.496 0.3810.508
1.8 4316 1.1110.184 0915 0.891 0.434 0.484 0.581 0.651 0.299 0.498 0.4190.498
2.0 43.1490.5210.142 0.907 0.902 0.447 0.470 0.611 0.615 0.327 0.516 0.3970.469
2.5 20.3490.868 0.477 0.909 0.897 0.467 0.495 0.603 0.654 0.300 0.523 0.4150.506
3.0 47.4260.496 0.525 0.906 0.889 0.471 0.523 0.614 0.669 0.320 0.5250.3850.547
3.5 17.6610.6870.370 0.911 0.882 0.459 0.517 0.597 0.685 0.294 0.5190.4170.544
4.0 11.5990.6510.288 0.904 0.896 0.468 0.496 0.614 0.653 0.310 0.5300.3960.518
4.5 19.8060.8790.388 0.909 0.886 0.459 0.516 0.599 0.673 0.287 0.526 0.4060.538
5.0 10.3271.0830.327 0.901 0.904 0472 0.484 0.622 0.621  0.309 0.540 0.3590.507
6.0 13.5530.8410.207 0.904 0.885 0.464 0.513 0.613 0.668 0.296 0.537 0.4220.518
7.0 7.617 1.2190.352 0.907 0.873 0470 0.511 0.609 0.661 0.303 0.528 0.3570.557
8.0 3.890 0.7510.143 0.894 0.884 0.470 0.517 0.625 0.667 0.305 0.5450.4010.533
9.0 9.726 1.3170.250 0.899 0.887 0.459 0.498 0.604 0.652 0.286 0.532 0.4010.513
10.0 6.757 1.4360.333 0.898 0.890 0.457 0.504 0.594 0.654 0.272 0.528 0.3880.526

the natural logarithm of the predicted elastoplastic input energy values, as given in Eq. (8).
Xi= [Mw' In( Rrup)' m(Vss0), FM]l- N

where FM is a dummy variable related to the fault type. When the fault type is strike-slip fault,
normal fault or reverse fault, the M values are 0,1 and -1, respectively.

Y, = In(IM);(IM = E;(T)) ®)

Tables 1-5 present the hyperparameter values and model performance metrics of the PSO-SVR
machine-learning-based GMPEs for constant-strength relative input energy corresponding to
strength coefficients Cy=1.0, 0.9, 0.7, 0.3 and 0.1 respectively. In this study, the coefficient of
determination (R?) and the standard deviation of the residuals were used to evaluate the validity of
each PSO-SVR machine-learning-based GMPE and the accuracy of its predictions. Overall, for
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Table 2. Hyper-parameters and prediction results calculated for linear elastic systems (Cy=0.9)

T(ks) C Y Etraining R training Resting MAE waining MAE testing RMSE taining RMSE testing Training Gtraining Testing Otesting
0.1 2.114 1.7750.382 0.797 0.760  0.500 0.568 0.641 0.731  0.319 0.556 0.4100.605
0.2 4.247 1.6510.401 0.824 0.790 0.473 0.511 0.614 0.669 0.273 0.550 0.3730.556
0.3 2.843 1.3820.274 0.838 0.821  0.469 0.495 0.613 0.645 0.298 0.536 0.3680.529
0.4 6.890 1.1500.424 0.863 0.828 0.461 0.527 0.598 0.667 0.304 0.5150.4160.522
0.5 16.3320.8980.425 0.873 0.845 0.463 0.518 0.596 0.671  0.309 0.5100.4140.528
0.6 6.619 0.9380.405 0.874 0.866 0.475 0.497 0.620 0.624  0.323 0.529 0.3850.492
0.7 15.7641.1160.375 0.888 0.860 0.461 0.521 0.600 0.662  0.320 0.508 0.3710.546
0.8 6.456 1.2480.236 0.890 0.877 0.453 0.486 0.608 0.630  0.3250.5130.3700.510
0.9 31.8161.0510.295 0.905 0.869 0.437 0.511 0.569 0.682  0.291 0.489 0.4270.525
1.0 98.1800.0230.001 0.890 0.878  0.482 0.500 0.622 0.663  0.350 0.514 0.4240.510
1.2 18.3160.6350.008 0.899 0.903  0.443 0.464 0.613 0.597 0.337 0.5110.3510.482
1.4 19.3520.5330.171 0.901 0.909 0.451 0.461 0.610 0.598  0.352 0.497 0.3780.464
1.6 5.640 1.0030.045 0.910 0.900 0.426 0.491 0.586 0.641 0.310 0.497 0.3810.517
1.8 4.898 0.9830.199 0.907 0.908 0.447 0.468 0.603 0.608  0.328 0.506 0.3620.489
2.0 51.8650.3880.319 0.911 0.888 0.453 0.493 0.601 0.646  0.333 0.500 0.3980.509
2.5 75.4990.1790.385 0.903 0.886 0.484 0.498 0.632 0.665 0.342 0.532 0.4230.509
3.0 9.759 0.6030.161 0.902 0.896 0.469 0.497 0.629 0.643  0.324 0.539 0.4050.500
3.5 6.413 1.2920.265 0914 0.876 0.446 0.526 0.590 0.695 0.289 0.5150.4220.552
4.0 8.208 0.8470.282 0.909 0.888  0.460 0.496 0.607 0.650  0.301 0.527 0.3930.518
4.5 23.5370.6420.328 0.908 0.882 0.463 0.522 0.604 0.678 0.311 0.518 0.4200.533
5.0 9.376 0.8970.361 0.906 0.884 0.469 0.508 0.614 0.659  0.286 0.544 0.3910.531
6.0 8.158 1.4750.311 0.905 0.886 0.464 0.522 0.609 0.665 0.291 0.5350.3890.531
7.0 25.2300.5480.355 0.898 0.885  0.481 0.509 0.627 0.658  0.331 0.532 0.3920.526
8.0 22.1300.7990.372 0.899 0.886 0.473 0.497 0.616 0.649 0.317 0.528 0.3510.546
9.0 12.0211.1180.379 0.898 0.885 0.464 0.503 0.610 0.645 0.301 0.5300.3760.524
10.014.4500.936 0.382 0.894 0.885 0.468 0.520 0.608 0.658 0.301 0.528 0.3400.563

both the training and test subsets, the R? values are almost exceed 0.8, which indicates an excellent
model fit for the current dataset, with strong correlation between predicted and observed values.
The mean absolute error (MAE) and root mean squared error (RMSE) are also selected as
additional statistical performance metrics to conduct a more rigorous assessment of model
performance. As listed in Tables 1-5, the MAE and RMSE values of the training subset are close
to those of the test subset, demonstrating that the PSO-SVR machine-learning-based GMPEs do
not exhibit overfitting. In addition, the MAE values are lower than 0.6 and the RMSE values are
less than 0.75, which verifies that the proposed machine-learning-based GMPEs achieves
favorable predictive accuracy. The training set yields maximum standard deviations of 0.352
(inter-event) and 0.565 (intra-event) for the residuals, whereas the test set exhibits corresponding
values of 0.442 and 0.613 indicating that the developed model maintains relatively low predictive
uncertainty.
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Table 3. Hyper-parameters and prediction results calculated for linear elastic systems (Cy=0.7)

TGs) C

2 2
8trainingR trainingR testing MAE training MAE testing RMSE training RMSE testing Ttraining Otraining Ttesting Otesting

0.1 10.6220.8540.435
0.2 10.0301.4710.327
0.3 4.989 1.2570.185
0.4 7.016 1.8350.409
0.5 4434 1.0840.514
0.6 71.3290.0420.248
0.7 6.000 1.2020.197
0.8 6.872 1.3850.379
0.9 85.7670.260 0.507
1.0 86.8280.1740.293
1.2 74.2030.3510.298
1.4 13.5250.4590.425
1.6 17.1990.5800.315
1.8 6.393 0.9750.095
2.0 13.8130.6010.128
2.5 42.6850.5000.315
3.0 9.939 0.7860.161
3.5 52.5690.4650.470
4.0 6.280 0.8570.263
4.5 14.5070.653 0.342
5.0 15.4420.8770.464
6.0 14.2011.0140.281
7.0 6.857 0.6920.204
8.0 16.1610.683 0.169
9.0 5.216 1.6250.327
10.0 8.572 1.3160.298
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0.533
0.469
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0.498
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0.507
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0.487
0.494
0.487
0.507
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0.497
0.484
0.482
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0.507
0.504
0.509
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0.515
0.508
0.507
0.509

0.604
0.615
0.588
0.589
0.607
0.631
0.591
0.600
0.611
0.622
0.593
0.599
0.587
0.585
0.598
0.616
0.598
0.620
0.608
0.619
0.624
0.613
0.623
0.611
0.598
0.596

0.693
0.615
0.668
0.629
0.639
0.673
0.665
0.627
0.654
0.626
0.648
0.641
0.643
0.662
0.646
0.637
0.678
0.644
0.662
0.664
0.636
0.656
0.663
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0.665
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0.297 0.526 0.3960.569
0.284 0.546 0.3020.531
0.297 0.508 0.3620.559
0.292 0.511 0.3380.530
0.316 0.518 0.3830.511
0.339 0.532 0.4590.492
0.320 0.496 0.3780.548
0.318 0.509 0.3810.499
0.332 0.5130.4090.510
0.342 0.519 0.4180.466
0.331 0.491 0.4100.502
0.341 0.492 0.3890.510
0.318 0.493 0.4170.489
0.318 0.490 0.3840.538
0.327 0.501 0.3620.535
0.319 0.527 0.3970.499
0.342 0.490 0.3650.568
0.333 0.524 0.3540.539
0.299 0.530 0.4130.517
0.299 0.542 0.4290.503
0.312 0.541 0.3590.526
0.295 0.537 0.3890.524
0.317 0.537 0.3790.545
0.302 0.532 0.3740.546
0.286 0.525 0.3960.535
0.278 0.527 0.4170.505

4. Model performance evaluation

4.1 Correlation and uncertainty analysis

The SVR algorithm is employed to predict and analyze ground motion parameters, and the PSO
algorithm is applied to optimize the hyperparameters for improved model performance. Fig. 5
presents a comparison of uncertainty between predicted and observed values. The results show
that, except for a slight reduction in correlation at low Cy values and short periods, R* between
predicted and true values exceeds 0.8 across all remaining training and test subsets. This indicates
that the developed PSO-SVR machine-learning-based GMPEs can accurately capture the variation
patterns of intensity measure, with prediction results exhibiting strong consistency relative to the
observed data. Furthermore, these findings suggest that Cy exerts a measurable influence on the
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Table 4. Hyper-parameters and prediction results calculated for linear elastic systems (Cy=0.3)

T(ks) C Y Etraining R training Resting MAE waining MAE testing RMSE taining RMSE testing Training Gtraining Testing Otesting
0.1 8.907 1.1120.346 0.874 0.835 0.421 0.484 0.548 0.638 0.247 0.490 0.3470.533
0.2 9.954 0.8410.448 0.857 0.840 0.443 0.474 0.575 0.634 0.273 0.507 0.3780.506
0.3 7.158 1.1660.392 0.870 0.855 0.443 0.461 0.571 0.616 0.272 0.502 0.3630.496
0.4 13.0551.0810.389 0.883 0.854 0.436 0.484 0.567 0.638 0.277 0.494 0.4030.493
0.5 7.550 1.0420.344 0.881 0.878 0.448 0.474 0.593 0.606 0.312 0.504 0.3670.482
0.6 6.475 1.0690.331 0.887 0.883 0.451 0.461 0.597 0.602 0.317 0.506 0.3850.458
0.7 19.9610.3590.211 0.885 0.883  0.460 0.481 0.617 0.610 0.3450.511 0.3950.465
0.8 9.032 1.1720.201 0.906 0.877 0.423 0.486 0.563 0.648 0.295 0.479 0.4250.489
0.9 8.243 0.8950.269 0.905 0.884 0.436 0.473 0.577 0.634 0.324 0.477 0.3620.521
1.0 46.3910.1910.077 0.899 0.893 0.444 0.486 0.601 0.622  0.349 0.490 0.3690.501
1.2 61.2980.4030.254 0913 0.881 0.424 0.505 0.572 0.656 0.3150.478 0.4290.495
1.4 21.7630.4380.306 0.910 0.896 0.442 0.473 0.588 0.631 0.3250.4890.4150.475
1.6 12.6120.5510.195 0.914 0.888 0.434 0.482 0.585 0.638 0.315 0.493 0.4050.490
1.8 9.933 0.7760.223 0.913 0.895 0.434 0.485 0.584 0.638 0.316 0.490 0.3800.512
2.0 10.8151.0690.301 0.914 0.896 0.440 0.481 0.588 0.629  0.300 0.506 0.3900.493
2.5 11.2430.7350.308 0.916 0.877 0.443 0.513 0.580 0.683 0.289 0.503 0.4190.532
3.0 32.5120.4510.354 0.900 0.905 0.469 0.487 0.620 0.625 0.316 0.5330.3970.481
3.5 35.7010.5060.441 0.904 0.893 0.469 0.497 0.614 0.642 0.316 0.527 0.3750.521
4.0 31.5080.5390.382 0.906 0.883 0.461 0.513 0.601 0.675 0.282 0.5320.4210.527
4.5 13.9860.681 0.332 0.900 0.888  0.469 0.504 0.613 0.662 0.3150.526 0.3730.546
5.0 11.2540.9650.628 0.897 0.894 0.492 0.490 0.626 0.632 0.316 0.541 0.3490.527
6.0 7.899 1.0470.406 0.904 0.875 0.468 0.512 0.605 0.662 0.302 0.5250.3860.538
7.0 8.823 0.8560.447 0.899 0.874 0470 0.520 0.609 0.676  0.282 0.540 0.4360.516
8.0 7.167 0.7330.183 0.894 0.878 0.463 0.502 0.615 0.662 0.304 0.5340.3710.543
9.0 11.0040.8040.191 0.899 0.863 0.450 0.527 0.601 0.676  0.278 0.532 0.4130.535
10.011.9691.6340.295 0.900 0.875 0.442 0.503 0.591 0.648 0.281 0.521 0.3700.533

PSO-SVR machine-learning-based GMPE’s predictive performance.

Furthermore, Fig. 6 illustrates the variation of the residual total standard deviation with respect
to period. The standard deviation of the total residuals remains approximately 0.6 for both the
training and test datasets. Notably, the test set exhibits a marginally higher value—a result
consistent with expectations, as the model parameters were estimated exclusively from the training
data and thus the test set was not involved in the regression fitting process. Moreover, comparison
of the standard deviations of total residual between the present model and that of CLM20 reveals
broadly comparable performance overall. Crucially, within the very short-period range, the present
model exhibits no appreciable increase in residual standard deviation—indicating robust predictive
stability. Notably, the dataset sizes employed in both studies are nearly identical, thereby
supporting the validity of this cross-study comparison.

This indicates that the model exhibits low dispersion and minimal uncertainty across different
datasets, with prediction results demonstrating good robustness and reliability. Overall, the PSO-
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Table 5. Hyper-parameters and prediction results calculated for linear elastic systems (Cy=0.1)

TGs) C

2 2
8trainingR trainingR testing MAE training MAE testing RMSE training RMSE testing Ttraining Otraining Ttesting Otesting

0.1 9.580 1.0780.204
0.2 10.8421.5170.412
0.3 11.4320.9690.314
0.4 67.7260.0320.338
0.5 14.6950.8220.404
0.6 47.9860.4010.276
0.7 80.4030.0520.322
0.8 22.2740.603 0.046
0.9 7.767 0.6980.186
1.0 4.521 0.9890.313
1.2 92.9670.1110.201
1.4 37.4630.1040.168
1.6 26.6760.8020.237
1.8 69.8140.1880.334
2.0 10.0380.2910.331
2.5 46.6960.5020.116
3.0 4.569 0.6880.001
3.5 10.9081.013 0.302
4.0 15.0921.0070.381
4.5 6.856 1.1330.331
5.0 7.269 0.966 0.284
6.0 24.5881.0030.311
7.0 15.2621.0170.400
8.0 15.7550.962 0.387
9.0 8.1151.1150.418
10.0 6.576 1.4140.293

0.899
0.885
0.893
0.881
0.906
0.890
0.898
0.907
0.908
0911
0911
0.903
0.916
0.907
0.902
0.905
0.898
0.907
0.906
0.897
0.896
0.898
0.895
0.894
0.893
0.893

0.862  0.389
0.885 0.427
0.869 0.412
0.875 0.455
0.865 0.415
0.903 0.443
0.880  0.455
0.889 0.415
0.895 0.423
0.900 0.428
0.883  0.431
0.902  0.448
0.897 0.424
0.890  0.456
0.895 0.464
0.892 0.448
0.895 0.458
0.881 0.447
0.878 0.452
0.891  0.465
0.890 0.462
0.885 0.457
0.876  0.463
0.877 0.457
0.873  0.465
0.882  0.450

0.454
0.428
0.474
0.467
0.494
0.442
0.472
0.463
0.472
0.463
0.498
0.473
0.469
0.482
0.480
0.472
0.476
0.501
0.497
0.479
0.487
0.482
0.505
0.495
0.509
0.490

0.518
0.558
0.546
0.587
0.543
0.588
0.600
0.572
0.569
0.566
0.571
0.606
0.565
0.596
0.611
0.608
0.625
0.584
0.589
0.606
0.609
0.595
0.601
0.599
0.601
0.596

0.614
0.553
0.612
0.633
0.653
0.586
0.605
0.607
0.618
0.608
0.664
0.602
0.623
0.646
0.637
0.616
0.613
0.673
0.658
0.631
0.631
0.646
0.662
0.652
0.654
0.636

0.244 0.457 0.3440.504
0.268 0.490 0.3110.458
0.270 0.475 0.3880.475
0.328 0.487 0.3880.499
0.307 0.447 0.4000.517
0.318 0.4950.3610.462
0.337 0.496 0.3840.467
0.306 0.483 0.3840.470
0.309 0.478 0.4020.470
0.300 0.480 0.4010.457
0.303 0.484 0.4620.475
0.334 0.506 0.4040.446
0.301 0.477 0.3760.492
0.313 0.508 0.4300.482
0.324 0.517 0.4130.486
0.321 0.516 0.3780.486
0.329 0.531 0.3520.502
0.265 0.520 0.4270.520
0.281 0.518 0.4020.520
0.294 0.530 0.3660.514
0.301 0.530 0.3580.521
0.280 0.525 0.3860.517
0.291 0.527 0.3880.535
0.279 0.531 0.3960.519
0.299 0.522 0.3740.537
0.293 0.520 0.3350.542
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Figure 5. Correlation results of PSO-SVR machine-learning-based GMPEs
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Figure 6. The variation of the standard deviation of the residuals with the period

SVR machine-learning-based GMPEs achieves strong generalization ability and high prediction
accuracy, providing a solid computational foundation for the development and application of
GMPEs and offering a feasible technical approach for predicting intensity measures in related
engineering contexts.

4.2 Model interpretability analysis

Although machine learning regression algorithms exhibit exceptional nonlinear fitting
capabilities, the resulting non-parametric regression models are inherently black-box in nature,
which reduces the transparency and credibility of the prediction process [38]. The shapley additive
explanations (SHAP) method based on game theory has widely adopted to explain the internal
mechanisms of various non-parametric GMPEs developed by data-driven machine learning
algorithms [31, 39]. Accordingly, in this study, the SHAP method is employed to explain the
influence of the input feature variables on the prediction results of the developed PSO-SVR
machine-learning-based GMPE:s (i.e., black-box models), thereby enhancing the interpretability of
these black-box models and improving the credibility of the prediction results.

Fig. 7 shows the SHAP summary plot for PSO-SVR machine-learning-based GMPEs at Cy=0.1
across four representative periods (7=0.5 s, 1 s, 2 s, and 4 s). The SHAP value quantifies the
marginal contribution of each input feature variables (Eq. (7)) to the PSO-SVR machine-learning-
based GMPEs, where positive values indicate an increase in predicted Vr and negative values
indicate a decrease. The color gradient represents the feature values from low (blue) to high (red),
and four feature variables are ranked vertically by overall importance. Overall, the interpretability
analyses reveal that earthquake magnitude (M,) and source-to-site distance (Rnp) are consistently
the two most dominant features influencing Vg across all representative periods, which aligns
perfectly with the fundamental physical laws of seismic wave generation and propagation. The
importance of site conditions (¥s30) and fault mechanisms (FM) is relatively lower than that of M,,
and Ry, and their importance ranking positions fluctuate with the periods. A pronounced positive
correlation is observed between input variable M, and output variable Vz: higher values (red
points) are associated with positive SHAP values, indicating that larger earthquake events
significantly increase the predicted Vg, while lower values (blue points) correspond to negative
SHAP values, reducing the predicted Vz. The Ry is inversely proportional to the My, which shows
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Figure 7. SHAP summary plot of PSO-SVR machine-learning-based GMPEs

a clear negative correlation with the output variable Vz. Low values of Ry, (red points) yield
positive SHAP values, meaning that structures located closer to the seismogenic fault experience
substantially higher input energy demands, whereas high values of Rn, (blue points) produce
negative SHAP values, leading to lower energy demands.

The SHAP-value distributions for Vs and FM are considerably narrower than those for M,
and Ry, indicating a relatively weaker influence on the V. This hierarchy is consistent with the
physical characteristics of seismic energy input. M, primarily controls the amount of energy
released at the source and the duration, while R, governs the attenuation of seismic-wave energy
during propagation. Therefore, these two variables represent the dominant source and path effects
and naturally account for most of the variability in V.

In contrast, Vs3o characterizes site conditions and affects ground motions primarily through site
amplification. Although the Vs3 values in the database span a relatively broad range
(approximately 100-2100 m/s), more than 90% of the records are associated with sites having V3o
values below 600 m/s. Consequently, the dataset is dominated by soft-to-medium stiffness site
conditions, while stiff-site records are comparatively limited. This uneven distribution reduces the
variability associated with site conditions and may partially limit the apparent contribution of Vs3o
in the SHAP analysis. From a physical perspective, Vg is a cumulative response parameter that
depends on the combined effects of amplitude, frequency content, and duration, making it
generally less sensitive to local site amplification than to source size and propagation distance.

Similarly, FM represents different faulting styles, including SS, NF, and TF. The influence of
faulting style on ground motions is generally associated with differences in rupture geometry,
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Figure. 8 Distribution of inter-event residuals and M,,

stress-release characteristics, and hanging-wall effects. However, these effects are typically
smaller than the source-energy effect represented by M., and the attenuation effect represented by
Rryp. In addition, the faulting-style distribution in the database is unbalanced, consisting of 56 SS
events, 30 TF events, and only 13 NF events. Such an imbalance reduces the statistical contrast
among faulting categories and may further weaken the contribution of FM identified by the
machine-learning model.

4.3 Residual analysis

Residual analysis is an important approach for evaluating the performance of GMPEs, and in
prior studies, residuals are typically decomposed into inter-event and intra-event components [40-
41]. Fig. 8 illustrates the distribution of inter-event residuals with respect to My, with four
representative periods—7=0.5 s, 7=1.0 s, 7=2.0 s, and 7=4.0 s—selected for analysis. The results
show that residuals are approximately symmetrically distributed around the zero baseline, and the
overall pattern indicates negligible bias. Numerically, the vast majority of residual values fall
within the range of £1. In the natural logarithmic coordinate system, this level of residual
dispersion is considered highly favorable, indicating the absence of systematic prediction bias. In
other words, the model maintains high fitting stability and low systematic error across different
seismic magnitudes, demonstrating strong robustness and reliability in intra-event predictions.

Figs. 9-11 present the distributions of intra-event residuals with respect to Rnyp, My and V3o,
respectively. In all cases, the residuals are generally symmetrically distributed around the zero
baseline, with most values confined within the +£1.5 range and no evident systematic bias.
Specifically, no discernible trend of residuals is observed with increasing rupture distance, and the
distribution remains stable across different magnitude levels and site conditions. These results
indicate that the proposed PSO-SVR machine-learning-based GMPEs maintain consistent
predictive performance without introducing systematic errors associated with source distance,
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earthquake magnitude, or site effect parameters, thereby further confirming their robustness and
reliability.

Velocity pulses constitute a defining characteristic of near-fault ground motions; thus,
evaluating the model’s capability to capture such pulse features is essential. Within the NGA -
West2 database, ground motion records are classified as pulse-like or non-pulse-like using
established pulse identification criteria—primarily those proposed by Shahi and Baker [42].
Therefore, 112 pulse-like ground motion records from the near-fault ground motion database are
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selected as the pulse subset to verify the distribution of model residuals with respect to pulse
period (7p), as shown in Fig. 12. The results indicate that the residuals show an overall unbiased
distribution across the range of 7}, without any clear systematic trend or dependence. This
suggests that, although 7}, is not explicitly included as an independent predictor in the model, its
influence is implicitly captured through the existing explanatory variables and the data-driven
learning process. As a result, no significant bias is observed when the model is applied to pulse-
like ground motions.
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Figure 14. Effect of M, on prediction performance with 7=2.0 s

5. Model influencing factors
5.1 The influence of M,, and fault type

The intensity of ground motion results from the coupled effects of multiple factors, among
which earthquake magnitude, fault type, and site parameters (e.g., Vs3z) may significantly
influence the level of input energy. Therefore, investigating the role of these parameters in the
predictive outcomes is both necessary and scientifically meaningful. Fig. 13-14 illustrates the
influence of M, and fault type on the PSO-SVR machine-learning-based GMPEs prediction
performance at representative periods (7=0.5 s and 7=2.0 s). The results show that as earthquake
magnitude increases, the Vr value exhibits a clear upward trend. This can be attributed to the fact
that larger earthquakes release more energy, thereby increasing the level of input energy imparted
to the ground.

5.2 The influence of Cy

As illustrated in Fig. 15, Ve exhibits a monotonic decay with increasing Re, across all three
fault types. The influence of Cy on Vg displays a distinct near-field effect: it exerts a substantial
impact only within the near-field region. With increasing Ry, the Vg curves corresponding to
different Cy values progressively converge; by Rnpy=30 km, the curves become nearly
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Figure 16. Effect of Vs30 on model prediction results (7=2.0 s)

indistinguishable, indicating that Cy’s influence on V is effectively negligible at such distances. A
comparative analysis across fault types reveals clear fault-type dependence in both the magnitude
and spatial extent of Cy’s influence on Ve. Under strike-slip faulting, Cy’s influence is weakest:
near-field differences in Vg among Cy values are minimal, and curve convergence occurs most
rapidly. Under normal faulting, Cy’s influence is moderate, with near-field differentiation and
convergence rates intermediate between those observed for strike-slip and reverse faults. Under
reverse faulting, Cy’s influence is strongest: near-field Vg variations across Cy values are most
pronounced, and curve convergence is slowest—resulting in the largest effective spatial range of
Cy’s influence on Vg among the three fault types.

5.3 The influence of Vs3o

Fig. 16 illustrates the influence of Vs3o on the model’s prediction results. It can be observed that
as Vsso increases, the predicted Vg value exhibits a gradually decreasing trend. This indicates that
under weak ground conditions (i.e., low Fs30), the amplification effect of ground motion is more
pronounced, whereas in relatively stiff sites, this amplification effect is significantly reduced. This
phenomenon reflects the critical role of site conditions in the propagation of ground motion,
particularly the nonlinear response of low-velocity soil layers that enhances shaking and
contributes to energy accumulation, thereby increasing ground motion amplitudes. Therefore,
when developing or applying GMPEs, incorporating site-specific Vs3o parameters is essential for
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Figure 18. Relationship fitting between the observed values and the predicted values

improving the reliability and applicability of prediction outcomes.
5.4 Predicted model

Evaluating the model’s fit to observed values is a critical step in assessing its accuracy. Since
predicted attenuation curves are typically derived under specific earthquake scenarios, actual
ground motion records often do not fully satisfy these predefined conditions, limiting the validity
of direct comparisons. To overcome this limitation, Kanno et al. [43] proposed an observation
normalization method that enables the conversion of measured data from various earthquake
scenarios into a common reference scenario, thereby facilitating more meaningful comparisons. In
this study, the reference scenario was defined as follows: Rny=0-30 km, Vs30=250 m/s, and
M,=6.5. As shown in Figs. 17-18, after applying this normalization procedure, most observed
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values fall within 90% prediction interval. This result indicates that the PSO-SVR machine-
learning-based GMPEs developed in this study accurately captures the attenuation characteristics
of constant-intensity relative input energy of near-fault ground motions, confirming the
applicability and reliability of the PSO-SVR machine-learning-based GMPEs.

To further validate the theoretical soundness and predictive capability of the proposed model, a
comparative assessment was performed against the CLM20 model—a widely accepted classical
GMPE specifically developed for characterizing elastic-plastic input energy demand. The results
indicate that, although discrepancies exist in certain regions, the overall trends are largely
consistent. Such consistency provides indirect support for the physical plausibility of the proposed
model, rather than indicating redundancy. A closer inspection reveals that the differences are
concentrated in specific period and distance ranges. For example, at a period of 7=0.2 s and at
small Rnyp, the proposed model exhibits a relatively slower attenuation rate. This behavior suggests
an improved capability to capture the near-fault saturation effect, which is often insufficiently
represented in traditional GMPEs developed using random-effects regression approaches.

It should be noted that for the normal-faulting scenario with Cy=0.1 and 7=0.2 s, the
attenuation trend of the Ve with increasing distance is less evident than that observed in other
cases. This phenomenon is mainly attributable to the limited amount and distribution of available
normal-fault ground-motion data. Specifically, only 13 normal-fault earthquake events satisfied
the selection criteria adopted in this study, and 9 of these events had magnitudes smaller than 6.0.
As a result, the dataset lacks sufficient coverage of moderate-to-large normal-fault earthquakes
over a broad distance range, reducing its statistical representativeness and increasing the
uncertainty of the regression results.

Furthermore, short-period ground-motion parameters (7=0.2 s) are generally more sensitive to
event-to-event variability and local site effects. When combined with a limited number of records,
these sources of variability can partially obscure the expected distance-attenuation behavior.
Therefore, the attenuation relationship obtained for this specific case should be interpreted with
caution.

Nevertheless, this phenomenon is confined to the normal-faulting case with Cy=0.1 and 7=0.2 s
and does not affect the attenuation patterns observed for most other faulting mechanisms, spectral
periods, or exceedance probability levels. The overall trends derived by the proposed model
remain physically reasonable and consistent with established ground-motion attenuation
characteristics. Future updates incorporating additional moderate-to-large normal-fault records
would further improve the robustness of the model for this specific condition.

6. Conclusions

Based on a near-fault ground motion database, this study develops PSO-SVR machine-
learning-based GMPEs for constant-strength relative input energy using earthquake magnitude,
fault type, rupture distance, and Vs3o as predictor variables. By combining SVR-PSO, the proposed
model captures the nonlinear relationship between seismic source characteristics, wave
propagation effects, and site conditions. The main conclusions are summarized as follows:

1. Compared with conventional empirical models, the proposed PSO-SVR machine-learning-

based GMPEs more effectively capture the attenuation characteristics of constant-strength

relative input energy for near-fault ground motions, with reduced prediction uncertainty. This
indicates that the PSO-SVR framework can better represent the nonlinear coupling effects of
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source, path, and site factors.

2. Earthquake magnitude, rupture distance, and site conditions are the primary factors

controlling constant-strength relative input energy. Larger magnitudes increase seismic energy

input, while increasing rupture distance reduces energy demand because of geometric spreading

and attenuation during wave propagation. Lower Vs3 values correspond to higher relative input

energy, indicating that soft soil sites tend to amplify seismic energy input.

3. Fault type significantly influences the distribution of constant-strength relative input energy.

Different rupture mechanisms generate distinct radiation patterns and directivity effects,

leading to different near-fault energy concentrations, particularly for pulse-like ground motions.

4. The proposed model captures the main physical characteristics of near-fault seismic energy

input and provides a useful quantitative tool for energy-based performance seismic design.

The model is calibrated using records with moment magnitudes Mw ranging from 4.00 to 7.62
and rupture distances Rnp less than 30 km. Therefore, its applicability is limited to this parameter
range, and extrapolation beyond the calibrated domain requires additional validation.
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