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A B S T R A C T

Power spectral density models are used to characterize the frequency-domain properties of seismic ground 
motions and are widely applied in structural reliability analysis and safety assessment. Existing power spectral 
models are typically categorized as stationary and nonstationary based on the temporal variability of seismic 
excitations, which are commonly employed to generate synthetic seismic waves for structural dynamic analysis 
randomly. However, most existing models assume the bedrock seismic motions as white-noise processes and do 
not consider the influence of earthquake magnitude and distance on amplitude and spectral content. This can 
introduce bias into the characterization of the energy distribution, thereby reducing the accuracy of structural 
response prediction and failure-probability assessment. To address these limitations, this study proposes a 
bedrock power spectral density model that explicitly incorporates earthquake magnitude and distance, and re
veals their physical influence mechanisms. The model is developed based on the comprehensive statistical 
analysis of seismic records from two datasets, which quantifies the effects of earthquake magnitude and distance 
on power spectral characteristics. To validate the proposed model, synthetic seismic motions are generated and 
used to compute the seismic responses and failure probabilities of a case-study structure, providing quantitative 
evidence for transitioning seismic input modeling from a “single-assumption” paradigm to a magnitude-distance- 
conditioned characterization. Overall, the proposed model introduces an interpretable magnitude-distance 
modulation mechanism into bedrock frequency-domain modeling, providing a more targeted representation of 
seismic input for structural reliability analysis and seismic safety assessment.

1. Introduction

Seismic ground motions exhibit significant randomness and uncer
tainty, and accurately characterizing and simulating such stochastic 
motions has become a core challenge in the field of structural engi
neering, particularly in seismic reliability analysis and safe assessment 
[1–3]. Over the past several decades, extensive research has been con
ducted in stochastic dynamic analysis focusing on the modeling and 
simulation of seismic motions, aiming to precisely predict structural 
responses under seismic excitations [4,5]. Among various character
ization methods, power spectral models serve as key tools for repre
senting the frequency-domain features of seismic motions, effectively 
capturing their frequency distribution characteristics [6,7]. These 

models not only provide critical support for stochastic structural dy
namic analysis but also constitute fundamental components in structural 
reliability analysis and safety assessment [8]. Accurate seismic ground 
motion power spectral inputs are of vital importance for promoting 
scientific seismic design and risk evaluation [9].

Over the past several decades, numerous models for the power 
spectrum of seismic ground motions have been developed, which can be 
classified into stationary and nonstationary types according to their 
statistical characteristics [10]. For earthquakes with relatively distant 
sources and stable statistical properties, stationary models have been 
widely adopted to simulate ground motions. Most existing formulations 
are improved based on the classical Kanai-Tajimi model [11,12], which 
assumes bedrock motion as white noise and derives the surface power 
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spectrum through transmission by the overlying soil layers. However, 
since the model exhibits the zero component at zero frequency in the 
low-frequency range and fails to converge in high-frequency energy, 
many researchers have proposed improvements targeting its 
low-frequency, high-frequency, and overall spectral characteristics. 
Overall, these improvements can be classified into four categories: The 
first category is low-frequency correction models, which aim to address 
the problem that the Kanai–Tajimi spectrum fails to approach zero as the 
frequency tends to zero, leading to overestimation of long-period com
ponents. Such improved models typically introduce empirical correction 
terms or apply single-degree-of-freedom (SDOF) oscillator filters, as 
represented by the Hu model, the Hong model, the Peng model, and the 
Clough-Penzien models [13,14]. The second category is high-frequency 
correction models, which focus on maintaining finite spectral ampli
tudes in the high-frequency range by incorporating high-frequency 
correction terms to prevent unbounded growth, with the Ou model 
[14] as a representative example. The third category is simultaneous 
low- and high-frequency correction models, which introduce dual 
correction terms to adjust both low- and high-frequency components, 
ensuring that the model approaches zero in both the low- and 
high-frequency ranges, such as the Du and Li models [15]. The fourth 
category is multiple filtering models, which apply two or more rounds of 
filtering to the bedrock motion to produce multi-peaked spectra, thereby 
better reproducing the multiple spectral peaks often observed in actual 
earthquake ground motions, as exemplified by the Lai model [16].

Although these models have been widely applied in structural reli
ability analysis, they often fail to accurately capture the time-varying 
characteristics of ground motions during strong earthquakes, near- 
fault events, or motions with pronounced short-term variations 
[17–19]. In such cases, the stochastic evolutionary power spectral 
density (EPSD) model is typically used to characterize these seismic 
motions [20]. Two well-known approaches for estimating the EPSD 
function were suggested in the literature. One was proposed by Priestley 
and the other was proposed by Spanos and Failla [19]. In the approach 
proposed by Priestley [21], the EPSD function for a given sample or 
time-varying signal of a stochastic process is estimated by first applying 
the short-time Fourier transform (STFT) to decompose the signal and to 
obtain the time-frequency dependent power distribution. The approach 
proposed by Spanos and Failla [22] was formulated by directly applying 
the continuous wavelet transform (CWT) to the evolutionary process 
and considering that the amplitude modulation function is slowly 
varying. Additionally, Vlachos et al. [23] proposed a non-stationary 
evolutionary bimodal stochastic ground motion model based on the 
Kanai-Tajimi model. This model can effectively characterize multimodal 
evolutionary power spectra and more accurately describe the 
time-varying distribution of spectral energy.

All the aforementioned power spectral models assume bedrock 
seismic motion as white noise, subsequently applying various filters to 
modify the power spectrum [24]. According to this white noise 
assumption, the bedrock power spectrum should remain constant across 
all frequencies [25]. However, empirical observations and studies 
indicate that both the frequency content and amplitude of bedrock 
seismic motions are significantly influenced by seismic magnitude and 
distance [16,26]. These influences reflect the attenuation and 
frequency-dependent characteristics of seismic waves during propaga
tion, which directly affect the dynamic input and response of structures 
[27,28]. In response to this limitation, many studies have bypassed the 
basic form of classical power spectral models and proposed 
ground-motion surface spectral models that account for magnitude and 
distance based on observed seismic records. Vlachos et al. [29] devel
oped a predictive model for specific regions using statistical regression, 
incorporating site parameters such as magnitude and distance. Simi
larly, Bayless et al. [30] developed an effective Fourier amplitude 
spectrum model for California, considering magnitude and distance to 
improve site-specific spectral predictions. To enable direct generation of 
ground motions for structural reliability analysis, Wang et al. [31] 

proposed a nonstationary evolutionary power spectral model that ac
counts for magnitude and distance, addressing both source parameter 
effects and the requirements for synthetic wave generation. A limitation 
of this model is that it relies on the conversion between Fourier spectra 
and power spectra, thereby neglecting the influence of strong-motion 
duration. Furthermore, Ding et al. [32] developed a power spectral 
model framework based on machine learning, which considers magni
tude and distance, significantly improving prediction accuracy. How
ever, these models still consider seismic parameters such as magnitude 
and distance only at the level of regional applicability or data fitting, 
without systematically analyzing the physical mechanisms by which 
magnitude and distance influence seismic spectral characteristics, nor 
providing a generalizable power spectral model that can be directly 
applied to structural reliability analysis while maintaining both physical 
interpretability and waveform generation capability.

To address this issue, this study proposes a bedrock power spectral 
model that explicitly incorporates the effects of seismic magnitude and 
distance. On one hand, the model integrates physical principles with 
empirical regression, providing an in-depth interpretation of the influ
ence mechanisms of magnitude and distance on spectral characteristics, 
including amplitude, bandwidth, and attenuation behavior. On the other 
hand, the model can directly replace the constant white-noise values 
used in classical models, maintaining a concise formulation while 
facilitating the generation of ground motions for structural reliability 
analysis. The main contributions of this study are as follows: 

(1) Highlighted the frequency components of the bedrock power 
spectrum vary significantly with seismic magnitude and distance, 
indicating that the bedrock seismic motion power spectrum is not 
constant across all frequencies. This challenges the conventional 
assumption in existing power spectral models that treat bedrock 
seismic motions as white noise processes.

(2) Systematically analyzed the power spectral results and assessed 
the physical mechanisms by which magnitude and distance in
fluence spectral characteristics based on a large dataset of 
bedrock ground motions. Specifically, magnitude primarily gov
erns the amplitude and bandwidth, and distance controls the 
high-frequency attenuation of the spectrum.

(3) Calculated the surface power spectra considering the effects of 
magnitude and distance by integrating the proposed model with 
the Kanai-Tajimi model, which not only effectively incorporates 
the influences of magnitude and distance but also strictly satisfies 
the physical constraints of zero-frequency nullity and finite en
ergy in the bedrock power spectrum, thereby enhancing the ac
curacy and physical consistency of power spectral modeling.

(4) Applied the proposed model in structural seismic response and 
failure probability calculations, enabling the prediction of sto
chastic responses for any magnitude–distance combination. It 
addresses the issue of overly conservative designs that may result 
from traditional models relying on a single input. While ensuring 
structural safety, the model provides a more scientifically 
grounded and economically efficient framework for structural 
reliability analysis.

The remainder of this paper is organized as follows. Section 2 pro
vides a comprehensive review of existing power spectral models. Section 
3 introduces an extensive dataset of bedrock seismic records used to 
develop a model incorporating the effects of magnitude and distance. In 
Section 4, a novel bedrock power spectral model that considers the ef
fects of magnitude and distance is proposed and validated based on 
analysis of seismic records, and it is then used to conduct structural 
reliability analyses for different magnitude–distance classifications. 
Finally, the conclusions are presented in Section 5.
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2. Review of existing power spectral models

Based on different approaches to characterizing the frequency fea
tures of seismic ground motions, existing power spectral models can be 
broadly classified into stationary and non-stationary categories [32]. 
Stationary models primarily describe the long-term average spectral 
characteristics of seismic motions and apply to cases where the seismic 
source is relatively distant, and the statistical properties of the ground 
motions are relatively stable [33]. These models effectively capture the 
overall energy distribution and average frequency components. In 
contrast, non-stationary power spectral models focus on seismic motions 
with significant temporal variability, such as strong earthquakes and 
near-field seismic events, emphasizing the dynamic evolution of the 
seismic spectrum over time [34]. These models provide a more realistic 
representation of the instantaneous features and energy concentration 
variations of seismic motions. In this section, Section 2.1 focuses on 
widely applied stationary power spectral models, while Section 2.2
systematically reviews recent advances in non-stationary power spectral 
modeling.

2.1. Stationary power spectral models

This section provides a concise review of the existing power spectral 
models. The first power spectral model was proposed, in which the 
seismic motion is assumed to be white noise with a constant power 
spectral value across all frequencies. This power spectral model, S(ω), is 
expressed as follow: 

S(ω)= S0 -∞ < ω < ∞ (1) 

where ω is the circular frequency of the seismic motion with the unit 
rad/s; S0 is a factor used to reflect the intensity of the power spectrum. 
This model is very simple, requiring only one parameter, i.e., the spec
tral intensity factor S0. However, the energy derived from this model is 
infinite, which does not align with real-world conditions.

Subsequently, several enhanced power spectral models were devel
oped based on the white noise model. In 1960, Kanai and Tajimi [11,12] 
proposed a power spectral model that assumes the bedrock seismic 
motion as white noise and then transmitted through the surface soil 
layer. This model treats the soil layer as a linear SDOF oscillator and can 
be expressed as follows: 

S(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg

2 +
(
ωg

2-ω2
)2S0 (2) 

where ζg is the damping ratio of the surface soil layer; ωg is the funda
mental frequency, which can reflect the hardness of the surface soil 
layer. The Kanai-Tajimi model incorporates the influence of surface soil 
layers. However, the result of this model is not equal to zero when the 
frequency approaches zero, which contradicts the rule that the power 
spectrum should approach zero as frequency approaches zero. This 
means that this model has a zero-frequency component, as shown by the 

black curve in Fig. 1(a), and excessively exaggerates the low-frequency 
components.

To solve the problem of zero-frequency component existing in the 
Kanai-Tajimi model, the Hu model was proposed to modify the low- 
frequency components by incorporating a low-frequency correction 
term ω2

ω2+γ2. The expression of Hu model is as follow: 

S(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg

2 +
(
ωg

2-ω2
)2

ω2

ω2 + γ2S0 (3) 

where γ is the low-frequency reduction parameter and is generally set to 
2.0 rad/s. The calculation result of this model approaches zero infinitely 
with the frequency decreasing to zero, as shown by the red dashed line in 
Fig. 1(a). In the high-frequency range, the prediction results of this 
model closely align with those of the Kanai-Tajimi model.

Similarly, the Hong model was proposed by incorporating a low- 
frequency correction term ω2

ω2+ωc2 into the Kanai-Tajimi model. The 
expression is as follow: 

S(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg

2 +
(
ωg

2-ω2
)2

ω2

ω2 + ωc
2S0 (4) 

where ωc is the low-frequency correction coefficient, and the recom
mended value is 1.503 rad/s. The Hong model can obtain a result of zero 
at zero frequency, as indicated by the green dashed line in Fig. 1(a).

Unlike the Hu model and Hong model, Clough and Penzien reduced 
the low-frequency components by further filtering the Kanai-Tajimi 
model using a SDOF transfer function ω4

4ζf
2ω2ωf 2+(ωf 2-ω2)

2. The expression 

of this model is as follow: 

S(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg

2 +
(
ωg

2-ω2
)2

ω4

4ζf
2ω2ωf

2 +
(
ωf

2-ω2
)2S0 (5) 

where ωf is the fundamental frequency, ζf is the damping ratio. Ac
cording to Ref. [8], ωf = 0.1-0.2ωg, ζf = ζg. The result of the 
Clough-Penzien model is equal to zero when the frequency approaches 
zero, as shown by the blue dashed line in Fig. 1(a).

To simplify the above models (Eqs. (2)–(4)) and make the spectral 
value zero when the frequency approaches zero, Peng adjusted the SDOF 
transfer function representing the surface soil layer in the Kanai-Tajimi 
model. Then the Peng model is as follows: 

S(ω)=
ω2ωg

2

4ζg
2ω2ωg

2 +
(
ωg

2-ω2
)2S0 (6) 

where ζg is the damping ratio, ωg is the fundamental frequency. To make 
the spectral value zero when the frequency approaches zero, this model 
removes a term from the numerator of the Kanai-Tajimi model. 
Compared with other models that only modify low-frequency compo
nents, the Peng model approaches zero quickly in both low-frequency 
and high-frequency ranges, as shown by the orange dashed line in 

Fig. 1. Comparison diagram of existing power spectral models.
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Fig. 1(a).
The aforementioned models achieve a spectral result of zero at zero 

frequency by adjusting the low-frequency components. However, many 
scholars have pointed out that, in addition to meeting the requirement of 
having no zero-frequency component, the power spectrum should also 
remain finite in the high-frequency [24]. This means that the variance of 
the seismic acceleration process, σ2, should be a finite value: 

σ2 =

∫ ∞

0
S(ω)dω (7) 

To address this issue, the Ou model was proposed that modified the 
high-frequency components of the Kanai-Tajimi model by incorporating 
an additional term ωc2

ω2+ωc2. The Ou model can be expressed as follows: 

S(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg

2 +
(
ωg

2-ω2
)2

ωc
2

ω2 + ωc2S0 (8) 

where ωc = 8π rad/s. As shown by the orange dashed line in Fig. 1(c), 
the attenuation rate of the Ou model in the high-frequency range is 
faster, while it completely overlaps with the Kanai-Tajimi model in the 
low-frequency range. This model corrects the high-frequency compo
nents of the Kanai-Tajimi model to remain finite in the high-frequency 
ranges.

In addition, to make both low-frequency and high-frequency com
ponents finite, the Du model was proposed by incorporating two 
correction terms based on the Fourier Amplitude Spectral (FAS) model 
proposed by Boore [35]. The Du model can be expressed as follows: 

S(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg

2 +
(
ωg

2-ω2
)2

1
1 + (Dω)

2
ω4

(ω0
2 + ω2)

2S0 (9) 

where 1
1+(Dω)2 is the low pass filter with the same role of the correction 

term incorporated by Ou et al., in which D is a spectral parameter with a 
range of [0.03,0.04]. ω4

(ω02+ω2)
2 is the high pass filter with the same role of 

the transfer function incorporated in the Clough-Penzien model, ω0 is 
the corner low-frequency used to suppresses the low-frequency com
ponents. All the parameters in the Du model are derived from a large 
number of actual seismic records. This model not only achieves a 
spectral result of zero at zero frequency, but also decays to zero quickly 
in the high-frequency, meeting the requirement of finite energy, as 
shown by the orange dashed line in Fig. 1(b).

Similarly, the Li model was also proposed an improved power 
spectral model that simultaneously meets the requirements of having 
finite energy and no zero-frequency component. Based on the Clough- 
Penzien model, this model further modifies the high-frequency compo
nents by incorporating a suppression term ωk

4

(ωk2+ω2)
2. This model can be 

represented as follow: 

S(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg

2 +
(
ωg

2-ω2
)2

ω4

4ζf
2ω2ωf

2 +
(
ωf

2-ω2
)2

ωk
4

(ωk
2 + ω2)

2S0

(10) 

where ωk is a spectral parameter and generally set to 2.0 rad/s. The 
results of this model are shown by the green dashed line in Fig. 1(b). This 
model obtains a spectral result of zero at zero frequency and remains 
finite in the high-frequency range with a similar modification method to 
the Du model.

The power spectral models discussed above result in the power 
spectrum with only one single peak. However, in fact, the power spec
trum can sometimes display two distinct peaks rather than just one. To 
address this issue, Lai et al. [16] proposed a double filtered white noise 
power spectral model by introducing the second filter 4ζh

2ω2ωh
2+ωh

4

4ζh
2ω2ωh2+(ωh2-ω2)

2 

into the Kanai-Tajimi model. This model is as follow: 

S(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg2 +

(
ωg2-ω2

)2
4ζh

2ω2ωh
2 + ωh

4

4ζh
2ω2ωh

2 + (ωh
2-ω2)

2S0 (11) 

where ωh is the fundamental frequency of the secondary filter with a 
value of 90 rad/s, ζh is the damping ratio of the secondary filter with the 
value of 0.25. As shown by the green dashed line in Fig. 1(d), the power 
spectrum of this model has a second peak value. In actual seismic motion 
analysis, using the Lai model with varying parameter values can yield 
predictions that align with the characteristics of the corresponding re
gions. Consequently, compared to other models, this model is better 
suited to simulate the actual seismic power spectrum, which exhibits 
two peaks.

Overall, the stationary power spectral models reviewed above can 
reflect site amplification effects to some extent through parameters such 
as ωg and ζg. However, these models are generally built on a common 
assumption that bedrock excitation is a white-noise-driven process with 
the constant spectral intensity S0. This assumption does not explicitly 
capture the systematic dependence of spectral amplitude and shape on 
earthquake magnitude and distance, and therefore has limited ability to 
represent the frequency-dependent energy distribution and its time- 
varying characteristics.

2.2. Non-stationary power spectral models

In engineering practice, strong earthquakes, near-field earthquakes, 
and seismic motions with significant short-term variations are typically 
considered as non-stationary random processes [36]. The power spectral 
frequency contents and amplitudes of these seismic motions vary with 
time; this time-varying characteristic can be described by the EPSD 
models [37,38]. These models simulate the growth and attenuation 
process of seismic motions by incorporating time modulation functions 
or time-varying parameters. The typical representation of the EPSD 
model can be expressed as follows: 

Sa(ω, t)= Sa(ω)⋅g(t) (12) 

where Sa(ω) is the stationary power spectral model introduced in Sec
tion 2.1; g(t) is the time modulation function, typically a time-varying 
envelope function. It is primarily used to simulate the growth and 
attenuation process of ground motion, which mainly includes expo
nential modulation functions, triangular envelope functions and et al.

Taking the Kanai-Tajimi model as an example, Eq. (12) can be 
expressed as follows: 

S(ω)=
S0⋅

(
4ζg

2ω2ωg
2 + ωg

4
)

4ζg
2ω2ωg2 +

(
ωg2-ω2

)2⋅ g(t) (13) 

In recent years, spectral modeling studies have increasingly 
emphasized “time-frequency nonstationary”, as exemplified by time- 
frequency power spectral density (TFPSD) formulations and transform- 
domain nonstationary spectral estimation methods [39]. These ap
proaches typically rely on time-frequency analysis tools such as the 
S-transform and CWT to characterize the coupled evolution of energy 
over time and frequency, enabling the representation of frequency-band 
evolution and localized energy concentration [40,41]. However, these 
studies are primarily developed for surface ground motions and focus on 
the time-frequency energy evolution of surface inputs, without explicitly 
accounting for the effects of earthquake magnitude and source-to-site 
distance at the bedrock-motion level.

Overall, existing non-stationary spectral frameworks, whether based 
on time modulation or time-frequency representations, still rely on the 
white-noise assumption for bedrock motions. Earthquake magnitude 
and distance are not explicitly modeled as governing factors of the 
bedrock power spectral amplitude and shape. Consequently, the phys
ical influence mechanism of earthquake magnitude and distance on 
bedrock spectral characteristics remains insufficiently characterized, 
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underscoring the need to develop a magnitude-distance-dependent 
bedrock power spectral model.

3. Database

3.1. Seismic records selection

To develop a bedrock power spectral model that explicitly accounts 
for the effects of earthquake magnitude and distance, a large number of 
seismic records were selected from the Strong-Motion Seismograph 
Networks (K-NET and KiK-net) and the Pacific Earthquake Engineering 

Research Center (PEER) dataset. To ensure that the selected records 
closely represent bedrock motion characteristics, all their average shear- 
wave velocity in the upper 30 m, VS30, is greater than 760 m/s. For the 
PEER and KiK-net datasets, VS30 values can be directly obtained, 
whereas for K-NET, the PS logging depth is limited to 20 m. For these 
sites, VS30 can be calculated by shear-wave velocity in the upper 20m, 
VS20, based on the equation proposed by Kanno [42] (VS30 = 1.13VS20 +

19.5). It should be noted that K-NET and KiK-net provide only the Japan 
Meteorological Agency magnitude, Mj, and the epicentral distance, Re, 
while the PEER dataset provides the moment magnitude, Mw, and 
rupture distance, Rrup. Since Mw and Rrup are more commonly used in 
seismic modeling studies, Mj values were converted to Mw using the 
empirical relationship proposed by Uchide and Imanishi [43], and Re 
values were converted to Rrup following the method of Thompson and 
Worden [44], thereby ensuring consistency among all datasets.

To ensure the generality of the dataset, 1610 seismic records were 
selected from the K-NET and KiK-net datasets, and 1448 records were 
selected from the PEER dataset. The selected records cover the moment 
magnitude Mw range of 4.8–8.2 and rupture distance Rrup range of 
10–200 km. Seismic motions from the two datasets were classified into 
six categories, as detailed in Tables 1 and 2. Figs. 2 and 3 present the 
statistical distributions of magnitude and distance, providing a visual 
overview of the sample characteristics within each category. This clas
sification strategy is designed to systematically analyze bedrock power 
spectral characteristics under different magnitude and distance condi
tions. Specifically, the energy distribution of the seismic power spectrum 
is highly sensitive to variations in earthquake magnitude; even minor 
differences in magnitude can lead to substantial changes in spectral 
amplitude. Therefore, the classification of samples into three magnitude 
categories—small, moderate, and large events—not only helps to avoid 
the “averaging out” of spectral features that may arise from an overly 
wide magnitude range in statistical analyses, but also enables a clearer 

Table 1 
Classification of accelerograms based on magnitude and distance from K-NET 
and KiK-net.

Distance (km) Magnitude Record number Class number

10 ≤ R < 100 4.8 ≤ M < 5.8 650 1
5.8 ≤ M < 6.8 316 2
6.8 ≤ M < 8.2 86 3

100 ≤ R ≤ 200 4.8 ≤ M < 5.8 186 4
5.8 ≤ M < 6.8 250 5
6.8 ≤ M < 8.2 122 6

Table 2 
Classification of accelerograms based on magnitude and distance from PEER.

Distance (km) Magnitude Record number Class number

10 ≤ R < 100 4.8 ≤ M < 5.8 182 1
5.8 ≤ M < 6.8 330 2
6.8 ≤ M < 8.2 184 3

100 ≤ R ≤ 200 4.8 ≤ M < 5.8 278 4
5.8 ≤ M < 6.8 262 5
6.8 ≤ M < 8.2 212 6

Fig. 2. Distribution of magnitude and distance of 6 classifications from K-NET and KiK-net.
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examination of how increasing magnitude influences the cross-band 
energy distribution and overall spectral shape. On the other hand, the 
distance range was restricted to 10–200 km based on careful consider
ations of physical rationality and model applicability. This range helps 
to avoid pulse-like earthquake motions at very short distances (R < 10 
km), which typically involve complex source-path coupling effects and 
warrant separate investigation in future studies. At the same time, 
seismic motions with excessively long distances (R > 200 km) are also 
excluded as their low intensity, which deviates from bedrock charac
teristics and limits practical relevance for engineering design. In this 
way, the selected range preserves the fundamental characteristics of 
bedrock ground motions while maintaining a reasonable balance be
tween energy concentration and propagation attenuation. Furthermore, 
variations in distance primarily reflect the geometric spreading and 
energy dissipation of seismic waves along the propagation path. To 

quantitatively compare the spectral characteristics of near-field and far- 
field ground motions, a rupture distance of Rrup = 100km was adopted 
as an empirical threshold based on the previous research [35,45,46] and 
actual calculations. The records are classified into two categories: Rrup <

100km for energy distribution mechanisms dominated by source effects 
in the near field and Rrup ≥ 100km for those dominated by path atten
uation in the far field, thereby providing a solid basis for the subsequent 
development of the power spectral model.

3.2. Data preprocessing

Before conducting power spectral analysis, all seismic records were 
selected in Section. 3.1 underwent systematic data preprocessing to 
ensure the consistency and accuracy of bedrock power spectral model 
estimates. The preprocessing primarily included baseline correction, 

Fig. 3. Distribution of magnitude and distance of 6 classifications from PEER.

Fig. 4. Comparison of baseline-corrected and uncorrected signal.
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noise identification and filtering, and determination of the useable fre
quency range. First, during the baseline correction stage, a linear base
line correction was applied to each record, which centralizes the data by 
removing its mean to eliminate distortions caused by instrumental drift 
or long-term offsets. Fig. 4 illustrates an example record, showing the 
acceleration time history and corresponding power spectrum before and 
after baseline correction. It can be observed that the record power 
spectrum without baseline correction underestimates low-frequency 
content by approximately 10 %, which would directly affect subse
quent model estimation. Therefore, baseline correction can effectively 
remove the overall shift in the original signal, mitigate systematic bias in 
the low-frequency range, and thereby improve both the accuracy and 
physical reliability of the power spectral model estimates.

During the noise identification and filtering stage, the effective 
seismic motion signals were extracted as follows. First, the pre-event 
noise window was identified using the automatic P-phase arrival-time 
picker developed by Kalkan [47], and the Fourier amplitude spectrum 

(FAS) of the noise was calculated, as indicated by the yellow line in 
Fig. 5(a). Then, the signal-to-noise ratio (SNR) was computed over the 
entire frequency range, and frequency bands with SNR <3 were 
considered unreliable following the method proposed by Bahrampouri 
et al. [48]. Based on this criterion, the low-frequency cutoff was deter
mined by locating the first intersection between the signal spectrum 
(black line) and three times the noise spectrum (red dashed line) in Fig. 5
(a), ensuring that power spectral calculations were performed only 
within high-SNR frequency bands, thereby implementing SNR-based 
low-frequency filtering. Additionally, to suppress random fluctuations 
in the high-frequency range, both the signal and noise spectra were 
smoothed using a moving average, which preserved the main spectral 
features while producing more continuous and smoother curves. As 
shown in Fig. 5(c), noise filtering removed the low-frequency signals 
with excessive noise, retaining only the power spectrum above 
approximately 0.2 Hz. The smoothing procedure reduced random 
oscillation amplitudes in the high-frequency range by about 20 %, 

Fig. 5. Schematic diagram of noise identification and filtering processing.

Fig. 6. Results of recorded bedrock seismic motions of 6 classifications from the K-NET and KiK-net dataset.
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significantly enhancing the robustness and reproducibility of the power 
spectral model estimates.

In summary, the data preprocessing ensured that power spectral 
calculations for all records were performed within the reliable frequency 
range, avoiding systematic biases caused by low- or high-frequency 
outliers. The processed signals effectively suppressed low-frequency 
drifts and high-frequency random noise while preserving the main 
waveform characteristics, resulting in power spectra with significantly 
converged mean and variance and more stable spectral shapes. This 
provides a robust and reliable data foundation for subsequent model 
development and parameter fitting across different magnitude-distance 
categories.

4. Bedrock power spectral model

4.1. Effects of magnitude and distance on the bedrock power spectrum

To further investigate the effects of magnitude and distance on the 
bedrock power spectrum, this section calculates the power spectrum of 
each bedrock seismic record selected in Section 3. The power spectrum 
can be obtained from the FAS using the following equation: 

S(ω)= F(ω)2

T
(14) 

where F(ω) is the FAS; T is the duration of the strong seismic motion.
To calculate the FAS, the Fourier transform should first be applied to 

each selected bedrock seismic record to obtain the corresponding 
amplitude spectrum. Then, the moving average method was used to 
smooth each FAS, with a window size value of 20 [49]. In addition, 
accurately defining the duration of strong seismic motion is also 
essential for calculating the power spectrum. The energy duration is the 
most commonly utilized among various existing definitions, which 
contains 90 %, 80 % and 70 % energy of the whole seismic record 
[50–52]. In this section, the 90 % energy duration is applied.

Based on Eq. (14), bedrock power spectral curves were calculated for 

each ground motion record from the two datasets within each 
magnitude-distance category, and the average power spectrum was 
subsequently computed, which is presented in Figs. 6 and 7. It can be 
observed that the power spectrum exhibits pronounced systematic var
iations across the entire period range, indicating that bedrock seismic 
motions do not behave as white-noise processes but instead possess 
distinct spectral structures and energy distribution characteristics. 
Under different magnitude and distance conditions, the power spectral 
curves show systematic differences in amplitude, spectral shape, and 
low-frequency energy distribution, reflecting the combined effects of 
source characteristics and propagation path. To further illustrate the 
statistical variability of the power spectrum under different magnitude- 
distance conditions, 95 % confidence intervals were provided for each 
category to provide the dispersion among the samples.

As observed from Fig. 6, the magnitude-based classification results 
indicate that, under the same distance condition, the overall amplitude 
of the power spectrum increases significantly with increasing earth
quake magnitude, particularly in the low-frequency range, where the 
spectral shape becomes flatter and broader. This trend suggests that 
larger-magnitude events release more energy and possess a higher pro
portion of low-frequency content, which can excite a wider range of 
effective frequencies. Meanwhile, the spectral peak shifts slightly to
ward lower frequencies, reflecting the influence of increased source 
dimensions and longer rupture durations on the distribution of low- 
frequency energy. Overall, increasing magnitude not only elevates the 
total energy level of the power spectrum but also expands the bandwidth 
of the low-frequency range, allowing bedrock ground motions to 
maintain higher energy over a broader period range.

From the distance-based classification results, under the same 
magnitude condition, the power spectral amplitude continuously de
creases with increasing distance. Compared the variations with magni
tude, the spectral bandwidth and dominant frequency remain largely 
stable and do not change significantly with distance. In addition to the 
overall reduction in power spectral amplitude, energy decay in the high- 
frequency range is particularly pronounced, resulting in a steeper 
decline in the high-frequency range of the spectrum. This indicates that, 

Fig. 7. Results of recorded bedrock seismic motions of 6 classifications from the PEER dataset.
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as distance increases, high-frequency components are more strongly 
attenuated due to the combined effects of geometric spreading and en
ergy dissipation, while low-frequency energy remains relatively stable, 
leading to a low-frequency-dominated spectral distribution for far-field 
seismic motions.

The comprehensive analysis indicates that earthquake magnitude is 
the dominant factor controlling the power spectral amplitude and low- 
frequency bandwidth, while distance primarily governs the high- 
frequency energy attenuation. The combined effects of both magni
tude and distance shape the typical spectral characteristics of bedrock 
seismic motions: near-field and large-magnitude events exhibit higher 
energy levels and broader low-frequency bands, whereas far-field and 
small-magnitude records are characterized by rapid high-frequency 
attenuation and overall reduced power spectral amplitudes.

As shown in Fig. 7, the bedrock power spectra across different 
magnitude-distance categories calculated from the PEER dataset exhibit 
overall patterns that are generally consistent with those derived from 
the K-NET and KiK-net, but with smoother spectral shapes, smaller 
amplitude variations, and relatively uniform energy distribution. Across 
different magnitude categories, the overall power spectral amplitude 
increases with magnitude, and the low-frequency bandwidth gradually 
expands, with spectral shapes becoming flatter. This indicates that 
larger-magnitude earthquakes can excite a broader frequency range, 
with more evenly distributed low-frequency energy and higher energy 
concentration. In addition, the spectral peak shifts slightly toward lower 
frequencies compared with smaller-magnitude events, suggesting that as 
magnitude increases, low-frequency components contribute more 
significantly during energy release, playing a more prominent role in 
long-period energy distribution.

Across different distance categories, the overall power spectral 
amplitude decreases with increasing distance, reflecting the typical 
attenuation effects during seismic wave propagation. Meanwhile, en
ergy decay in the high-frequency range is particularly pronounced, 
resulting in a steeper decline in the high-frequency range of the spec
trum, which indicates that high-frequency components are more 
strongly affected by geometric spreading and rapidly dissipate energy 
during propagation.

To provide a more intuitive illustration of the effects of magnitude 
and distance on bedrock power spectral characteristics, Fig. 8 presents a 
comprehensive comparison of the results. Within the same distance 
category, the overall power spectral amplitude increases with magni
tude, and the decay in the high-frequency range becomes slower, 
resulting in a broader “effective bandwidth” for larger-magnitude 
earthquakes at the same frequency ranges. This is because the increase 
in magnitude lowers the corner frequency, reducing the high-frequency 
decay rate and extending the flat portion of the spectrum, allowing 

higher energy to be maintained in the high-frequency range. Conversely, 
within the same magnitude category, increasing distance leads to pro
nounced attenuation in the high-frequency portion of the power spec
trum, accompanied by one or multiple oscillatory peaks. This behavior 
arises because greater distances enhance geometric spreading and en
ergy dissipation effects, accelerating high-frequency decay and, in some 
cases, producing multiple peaks in the spectrum.

The consistency of results across the two datasets further validates 
the generality and reliability of the observed patterns, indicating that 
the influence of earthquake magnitude and distance on bedrock power 
spectrum exhibits stable statistical regularities. This provides a solid 
physical basis for the development of subsequent bedrock power spec
tral models and the estimation of their parameters.

4.2. Proposed bedrock power spectral model

Based on the bedrock power spectral results presented in the previ
ous section, the spectral characteristics of bedrock seismic 
motions—including frequency content, amplitude, and bandwidth 
across different frequency ranges—are significantly influenced by 
earthquake magnitude and distance. Therefore, this section further ex
amines the affection mechanisms caused by magnitude and distance, 
and proposes a bedrock power spectral model that explicitly accounts 
for both magnitude and distance through a statistical regression 
approach, based on the seismic records from the two datasets.

The power spectral curves generally exhibit a three-segment pattern 
consisting of a low-frequency range (f < f0), a transition range (f = f0), 
and a high-frequency range (f > f0). In the low-frequency range, energy 
is primarily concentrated, and the spectrum is approximately flat; in the 
transition range, the spectrum begins to decay; and in the high- 
frequency range, the spectrum exhibits rapid attenuation. This 
behavior can be traced back to the source spectrum model proposed by 
Brune [45], in which the displacement amplitude spectrum, S(f), is 
defined as: 

S(f)=
Ω

1 +
(
f
/
f0
)2 (15) 

where Ω is the displacement spectral level corresponding to the low- 
frequency corner frequency f0. The corresponding acceleration spec
trum, SA(f), can then be obtained as: 

SA(f)=
(2πf)2Ω

1 +
(
f
/
f0
)2 (16) 

Eq. (16) can be rewritten as: 

Fig. 8. Comparison of mean bedrock power spectrum under six classifications.
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SA(f)= 4π2Ω ×
f2

1 +
(
f
/
f0
)2 (17) 

where 4π2Ω can be regarded as the constant term corresponding to the 
source characteristics without affecting the frequency-dependent char
acteristics of the spectrum, while the fractional form f2

1+(f/f0)
2 controls the 

power spectral shape. To simultaneously account for the rising trend in 
the low-frequency range and the adjustable decay rate in the high- 
frequency range, the exponent in the denominator is generalized into 
an empirical form of γ, yielding the shape-controlling term, H

(
f ; f0,γ

)
, of 

the bedrock power spectral model: 

H
(
f ; f0, γ

)
=

f 2

1 +
(

f
/
f0
)γ (18) 

In the low-frequency range, the function is approximately proportional 
to f 2, reflecting that the energy of seismic motion is primarily domi
nated by low frequencies. As the frequency approaches f0, the attenua
tion trend gradually emerges. In the high-frequency range, the term 
(

f/f0
)γ in the denominator controls the rapid decay rate of the power 

spectrum, where γ represents the high-frequency decay coefficient and 
serves as a key parameter determining the spectral shape. Compared 
with the fixed quadratic decay form in the Brune model, this 
exponential-type function allows for more flexible and accurate fitting of 
the spectral shape in the high-frequency range.

Based on the shape-controlling term, to further characterize the in
fluence of magnitude and distance on the spectral properties, an 
amplitude-controlling term dominated by these two factors is consid
ered. Most seismic motions adopt the moment magnitude Mw, which is 
related to the seismic moment M0 as defined by the following relation: 

Mw =
2
3
log10M0 − Cʹ (19) 

where Cʹ is a constant defined in different models. The seismic moment 
M0 can be expressed as: 

M0 =101.5Mw+C (20) 

where C is a constant. According to the source model proposed by Brune 
[45], the displacement spectral level Ω is proportional to the seismic 
moment, M0: 

Ω ∝
M0

4πρυ3R
=

101.5Mw+C

4πρυ3R
(21) 

where ρ denotes the medium density, and υ is the shear-wave velocity. 
By combining the constants and expressing them in the exponential form 
with base e, the spectral amplitude Ω is directly proportional to the 
moment magnitude: 

Ω∝exp(1.5Mw + a) (22) 

where a is the constant which can be determined by fitting actual 
seismic motions.

Regarding the distance effects, based on the model proposed by 
Boore [35], the variation of spectral amplitude considers both geometric 
spreading and inelastic energy dissipation during propagation, and can 
be expressed as: 

P(f ,R)∝
1
R

exp(-πfR / (Q(f ) ⋅ υ)) (23) 

After averaging over the frequency effects, this exponential factor can be 
approximated as a power-law decay with distance, with the form of 1/
Rβ, where β is a fitting parameter that accounts for both path attenuation 
and energy dissipation.

To provide a unified description of the combined effects of magni

tude and distance on the overall power spectral amplitude, the two 
factors are integrated to construct an amplitude-controlling term, κ(θ): 

κ(θ)=
exp(1.5M + a)

bRβ (24) 

where Mw is abbreviated as M, representing the moment magnitude; b is 
the constant by fitting actual seismic motions.

In the equation, the magnitude term exp(1.5M+a) originates from 
the exponential relationship between source radiated energy and 
magnitude, reflecting the exponential increase in energy release with 
magnitude. The distance decay term, 1/bRβ, represents geometric 
spreading and energy dissipation during wave propagation, causing the 
power spectral amplitude to gradually decrease with increasing dis
tance.

Finally, considering the influence of noise or baseline drift in the low- 
frequency range, a low-frequency noise term c0 is introduced, yielding 
the final bedrock power spectral model: 

G(f)=
exp(1.5M + a)

bRβ

f 2

1 +
(
f
/
f0
)γ + c0 (25) 

The parameter vector is defined as θ =
[
a,b,β,f0,γ,c0

]
. The proposed 

model is applicable for magnitude ranges of 4.8–8.2 and distances of 
10–200 km, corresponding to the dataset used for regression. From Eq. 
(25), it can be seen that at zero frequency, the power spectral model 
satisfies the requirement of having no zero-frequency component. 
Meanwhile, as the frequency increases, the term 

(
f/f0

)γ in the denomi
nator causes the predicted spectrum to decay rapidly at high fre
quencies, ensuring that the total energy remains finite.

To further validate the physical plausibility of the proposed model, 
the influence mechanisms of magnitude and distance on the spectral 
shape were quantitatively investigated through the parametric formu
lation and fitting analysis of the power spectral model. Since the power 
spectral distributions across different magnitude and distance categories 
span several scale orders, direct fitting is susceptible to scale effects. 
Therefore, in this study, model parameters were estimated using a 
weighted least-squares approach in the logarithmic domain. The optimal 
parameter set θ̂ was obtained by minimizing the weighted sum of 
squared residuals J(θ): 

J(θ)=
∑

f

w(f)[ y(f) − ŷ(f ; θ)]2 (26) 

where y(f) = log10Gobs(f) the observed logarithmic power spectrum, 
ŷ(f ; θ) = log10(G (f ; θ) +ε) is the logarithmic power spectrum of the 
proposed model. w(f) is the frequency weighting function, used to bal
ance the contribution of different frequency ranges to the fitting.

Specifically, the weighting comprehensively accounts for the vari
ance characteristics of the observed power spectra, the frequency- 
dependent SNR, and the physical reliability of the low-frequency 
range. First, the basic form of the weighting is defined based on the 
observed variance of the ground motion samples at each frequency 
point, so that frequency ranges with smaller variance and higher sta
bility carry greater weight during fitting, thereby reducing the influence 
of high-noise intervals on parameter estimation. Second, considering 
that the high-frequency range is more susceptible to instrumental noise, 
the weight slightly decreases with increasing frequency to ensure fitting 
sensitivity in the mid- and low-frequency ranges. Meanwhile, the low- 
frequency range is appropriately up-weighted to enhance the model's 
ability to capture the corner frequency and spectral shape variations. 
Finally, all weights are normalized to ensure consistent dimensionality 
across different frequency ranges.

To quantitatively investigate the controlling mechanisms of magni
tude and distance on the bedrock power spectral characteristics, the 
power spectra for different magnitude–distance categories were fitted to 
the proposed model, and the fitted parameters are presented in Tables 3 
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and 4. Specifically, with increasing earthquake magnitude, the fitted 
corner frequency f0 systematically decreases, while the high-frequency 
decay coefficient γ slightly decreases. Physically, this reflects that 
larger earthquakes generate more low-frequency energy and longer 
rupture durations, which reduce the spectral roll-off and extend the flat 
portion of the spectrum. Conversely, for the same magnitude category, 
as distance increases, both γ and β exhibit an increasing trend, indicating 
stronger geometric spreading and energy dissipation effects during wave 
propagation, which accelerate the decay of high-frequency energy. 
These parameterized trends quantitatively confirm the variations pre
viously observed in the power spectral curves, thereby linking the 
observed spectral features to underlying physical mechanisms of source 
and propagation effects. This combined numerical and physical analysis 
not only clarifies the sensitivity of the model parameters to key seismic 
inputs but also provides a robust basis for practical application and 
further refinement of the proposed model.

Finally, the fitting performance of the proposed model was evaluated 
using the weighted root-mean-square error (RMSE) and the weighted 
coefficient of determination (R2) in the logarithmic domain. The RMSE 
is defined as: 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
Nf

∑

f∈Ϝ

[ y(f) − ŷ(f ; θ)]2
√

(27) 

where Nf denotes the total number of frequency points used during the 
fitting. The determination weighted coefficient R2 is defined as: 

SSres =
∑

f

[ ̅̅̅̅̅̅̅̅̅̅
w(f)

√
× ( y(f) − ŷ(f ; θ))

]2
(28) 

SStot =
∑

f

[ ̅̅̅̅̅̅̅̅̅̅
w(f)

√
× ( y(f) − y(f))

]2
(29) 

R2 =1 −
SSres

SStot
(30) 

where y(f) represents the weighted mean of the observed spectrum.
To further assess the reliability of the model fit to the observed power 

spectra, after obtaining the optimal parameter vector θ̂, the residual 
vector and its unbiased standard deviation are defined as follows: 

e(f)= y(f) − ŷ(f ; θ̂) (31) 

σ̂ res =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑
f e(f)

2

Nf − p

√

(32) 

where p denotes the number of fitted parameters and is used for degrees- 
of-freedom correction. This residual standard deviation can also serve as 
a quantitative indicator of the model's predictive uncertainty.

Assuming that the residuals follow a normal distribution, the 95 % 
confidence interval of the logarithmic observed power spectrum can be 
expressed as: 

CI95%(f)= y(f) ± 1.96σ (33) 

where σ is the standard deviation of observed samples. This confidence 
interval characterizes the statistical uncertainty of the model at different 
frequency points and provides a basis for evaluating whether the pre
dicted results fall within a reasonable statistical range and thereby 
evaluating the overall reliability and robustness of the model from the 
frequency-domain perspective.

Different from the conventional EPSD models, which primarily rely 
on empirical envelope functions to describe the temporal evolution of 
ground motion energy, the proposed model introduces two physical 
parameters—magnitude and distance—that simultaneously control the 
amplitude and shape of the power spectrum. This directly links the 
spectral characteristics to the physical mechanisms of source scaling and 
propagation path, rather than relying solely on statistical fitting. Spe
cifically, existing EPSD models typically assume that the spectral shape 
of ground motion remains essentially constant over time; while they can 
capture the temporal decay of energy, they fail to represent the low- 
frequency bandwidth expansion associated with increasing magnitude 
or the rapid high-frequency energy decay induced by greater distance. In 
contrast, the present model is constructed based on a parametric 
frequency-domain formulation, using an amplitude-controlling term 
derived from magnitude and distance to represent source and path 
attenuation effects, while shape parameters such as β, f0, and γ jointly 
determine the spectral form. By quantitatively linking these parameters 
to underlying physical mechanisms, the method not only more accu
rately captures the non-stationary evolution of seismic motion frequency 
content and energy distribution, but also enhances spectral shape fitting 
through an adjustable high-frequency decay term. Consequently, it 
significantly improves the fitting accuracy and generalizability of the 
model across different earthquake event scales and non-stationary 
characteristics.

Table 3 
Parameter fitting results of the K-NET and KiK-net dataset.

Distance (km) Magnitude category a b β f0 γ c0

10 ≤ R < 100 4.8 ≤ M < 5.8 3.69 1.65 1.26 5.12 3.72 1.0 × 10− 8

5.8 ≤ M < 6.8 6.65 0.95 1.28 5.07 3.41 0.005
6.8 ≤ M < 8.2 2.42 147.43 1.21 4.69 3.40 0.380

100 ≤ R ≤ 200 4.8 ≤ M < 5.8 5.29 1.83 1.48 5.11 3.71 1.0 × 10− 8

5.8 ≤ M < 6.8 5.84 1.52 1.49 4.98 4.34 0.003
6.8 ≤ M < 8.2 2.32 166.73 1.28 4.89 3.76 0.006

Table 4 
Parameter fitting results of the PEER dataset.

Distance (km) Magnitude category a b β f0 γ c0

10 ≤ R < 100 4.8 ≤ M < 5.8 2.22 13.64 1.23 3.09 3.13 0.011
5.8 ≤ M < 6.8 2.98 0.64 1.27 1.17 3.24 1.6 × 10− 8

6.8 ≤ M < 8.2 2.77 0.24 1.23 0.71 3.07 1.0 × 10− 10

100 ≤ R ≤ 200 4.8 ≤ M < 5.8 5.73 20.07 1.53 2.58 4.32 1.0 × 10− 8

5.8 ≤ M < 6.8 5.12 1.57 1.46 1.19 3.26 9.0 × 10− 5

6.8 ≤ M < 8.2 3.91 0.78 1.36 0.54 3.76 1.0 × 10− 8
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4.3. Model validation and quantitative evaluation

4.3.1. Case 1: Validation results of K-NET and KiK-net dataset
The proposed bedrock power spectral model was validated using the 

seismic records from the K-NET and KiK-net datasets classified in 
Table 1, as shown in Fig. 9. For each magnitude-distance category, the 
power spectrum of each record and the corresponding mean result were 
first computed, represented by gray and black curves, respectively. 
Then, based on the magnitude and distance of each record, the model- 
predicted mean power spectrum was calculated and displayed as the 
red curve. To illustrate the predictive accuracy of the model, the 95 % 
confidence intervals of observed power spectral curves were also 
plotted, shown as blue curves.

For near-field earthquakes (10 km ≤ R < 100 km), the model- 
predicted power spectrum generally agrees well with the average 
power spectrum computed from the seismic records. This agreement is 
particularly notable for moderate- (5.8 ≤ M < 6.8) and large-magnitude 
(6.8 ≤ M < 8.2), where the predicted curves largely fall within the 95 % 
confidence intervals, effectively reproducing the overall amplitude and 
frequency distribution of the power spectrum. However, for smaller 
magnitudes (4.8 ≤ M < 5.8), the model slightly underestimates the 
amplitude in the short-period range. In particular, when the observed 
power spectrum exhibits multiple local peaks, the predicted curves may 
slightly exceed the confidence intervals, indicating some deviation in 
reproducing local high-frequency details, while the overall trend re
mains well captured.

For far-field earthquakes (100 km ≤ R < 200 km), the model pre
dictions are generally consistent with the observed trends, with the 
predicted curves falling within the 95 % confidence intervals over most 
of the frequency range, accurately reflecting the attenuation of the 
spectrum with distance. However, the observed power spectrum occa
sionally exhibits multiple peaks in the high-frequency range, indicating 
complex mechanisms such as local path effects and specific distur
bances. In these cases, the predicted curves may slightly exceed the 

confidence intervals, but the model still captures the main spectral shape 
and high-frequency decay trend effectively.

Overall, the proposed model can reliably reproduce the main fea
tures of the power spectra across different magnitude and distance 
conditions, including amplitude, bandwidth, and high-frequency decay 
trends. For both near-field and far-field categories, the majority of the 
model-predicted curves fall within the 95 % confidence intervals, 
demonstrating high predictive accuracy for the overall spectral trend 
and frequency-dependent attenuation. However, some deviations 
remain in capturing local high-frequency multi-peak features, particu
larly for smaller magnitudes (4.8 ≤ M < 5.8), providing a reference for 

Fig. 9. Comparison results of the bedrock power spectrum of the proposed model and actual seismic records in Case 1.

Fig. 10. Boxplot of power spectral residuals of six classifications in Case 1.
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subsequent high-frequency corrections and multi-peak fitting.
To quantitatively evaluate the fitting accuracy of the proposed 

model, the RMSE, R2, residuals, and residual standard deviation σ̂res 
were calculated for each category. Residuals were computed in the 
logarithmic domain and defined as the difference between the observed 
and model-predicted power spectrum, while the unbiased estimate of 
the residual standard deviation σ̂res was used to quantify the predictive 
uncertainty of the model. Fig. 10 presents the residual distributions as 
boxplots, providing a visual representation of the fitting errors across 
different magnitude-distance categories. The results indicate that re
siduals in each category are generally symmetrically distributed with 
medians close to zero (red line), suggesting no significant systematic 
bias in the model predictions. Overall, most residuals lie within the 
range of ±0.5, and the moderate box heights indicate small differences 
between predicted and observed values. Among them, Class 3 (larger- 
magnitude and near-field events) exhibits the most concentrated re
siduals with minimal variability, reflecting the best predictive perfor
mance. The other categories show similar residual concentration, but 
Class 1 (smaller-magnitude and near-field events) and Class 6 (larger 
magnitude and far-field events) have the largest interquartile ranges, 
indicating slightly higher predictive uncertainty in these two categories. 
This phenomenon may be related to the presence of high-frequency 
multi-peak features in the observed power spectra of these categories, 
which limits the model accuracy in reproducing local high-frequency 

details.
Furthermore, Table 5 summarizes the quantitative indicators RMSE, 

R2, and σ̂ res to compare the overall fitting performance of the proposed 
model across different classifications. The results show that Class 3 
(larger-magnitude and near-field events) exhibits the smallest RMSE and 
σ̂ res values and the highest R2, indicating that the model achieves the 
most stable and reliable predictions in this category. In contrast, Class 1 
(smaller-magnitude and near-field events) and Class 6 (larger-magni
tude and far-field events) display relatively higher RMSE and σ̂ res values 
and slightly lower R2, suggesting greater bias and uncertainty in these 
predictions. Overall, the proposed model demonstrates strong capability 
in capturing the spectral characteristics and energy distribution of the 
power spectra under different magnitude-distance categories, with 
minor limitations observed primarily in high-frequency bands exhibit
ing complex multi-peak patterns.

4.3.2. Case 2: Validation results of the PEER dataset
To further evaluate the generalizability of the proposed model, 

seismic records from the PEER dataset were used for validation, and the 
results are presented in Fig. 11. Overall, the model successfully re
produces both the amplitude and frequency distribution characteristics 
of the power spectra under various magnitude and distance conditions. 
For near-field events (10 km ≤ R < 100 km), the predicted spectra 
closely match the observed power spectra and fall within the 95 % 
confidence intervals in most frequencies. The best agreement is observed 
for moderate- (5.8 ≤ M < 6.8) and large-magnitude (6.8 ≤ M < 8.2) 
events. In contrast, for small-magnitude events (4.8 ≤ M < 5.8), the 
predicted spectra slightly exceed the confidence interval in local high- 
frequency ranges with pronounced fluctuations. For far-field events 
(100 km ≤ R < 200 km), the predicted spectra generally follow the 
observed trends, successfully capturing the high-frequency attenuation 
characteristics. However, for moderate-magnitude events (5.8 ≤ M <
6.8), noticeable fluctuations in the observed high-frequency amplitudes 
lead to slight exceedances of the confidence interval, which may be 

Table 5 
Evaluation indicators in Case 1.

Distance (km) Magnitude category Class RMSE R2 σ̂res

10 ≤ R < 100 4.8 ≤ M < 5.8 1 0.3911 0.8404 0.3941
5.8 ≤ M < 6.8 2 0.2526 0.9054 0.2545
6.8 ≤ M < 8.2 3 0.2173 0.9287 0.2189

100 ≤ R ≤ 200 4.8 ≤ M < 5.8 4 0.2821 0.7971 0.2842
5.8 ≤ M < 6.8 5 0.2440 0.8277 0.2459
6.8 ≤ M < 8.2 6 0.3226 0.7154 0.3250

Fig. 11. Comparison results of the bedrock power spectrum of the proposed model and actual seismic records in Case 2.
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attributed to complex path effects.
Fig. 12 presents the boxplots of residuals for each classification. The 

results show that the residuals exhibit an overall symmetric distribution, 
with median values (red lines) close to zero, indicating the absence of 
significant systematic bias in the model predictions. In general, the re
siduals of all classifications are concentrated within the ±0.5 range, 
suggesting that the discrepancies between the predicted and observed 
power spectra are generally small. More specifically, the residuals for 
most classifications are concentrated and distributed with limited vari
ability, demonstrating the robustness and reliability of the model pre
dictions. In contrast, Class 5 (moderate-magnitude and far-field events) 
exhibits a relatively larger interquartile range, indicating higher de
viations in this category. This may be attributed to the rapid high- 
frequency attenuation and noticeable fluctuations observed in the 
actual power spectra for this class.

Table 6 summarizes the RMSE, R2, and σ̂res values under the PEER 
dataset. It can be observed that for near-field earthquakes (10 km ≤ R <
100 km), the model exhibits relatively small RMSE and σ̂ res values 
together with high R2 values, indicating stable and reliable prediction 
performance within this range. For far-field earthquakes (100 km ≤ R <

200 km), the model maintains a high level of predictive accuracy. 
However, Class 5 (moderate-magnitude and far-field events) shows 
relatively larger RMSE and σ̂ res and a slightly lower R2, suggesting the 
presence of certain prediction deviations and uncertainties. This may be 
attributed to the model's limited ability to capture multi-peak distribu
tions and amplitude fluctuations in the high-frequency range, implying 
that further refinement is possible for this specific category.

4.4. Parameter study of the proposed bedrock power spectral model

In this section, a parameter sensitivity analysis of the proposed 
bedrock power spectral model is conducted. The calculations consider a 
range of earthquake magnitudes from 4.8 to 8.2 and distances from 10 
km to 200 km, to investigate the influence of magnitude and distance on 
the characteristics of the power spectrum and to explore the underlying 
physical mechanisms.

Fig. 13 presents the model results for distances of 10 km, 50 km, 100 
km, and 150 km under different magnitudes. It can be clearly observed 
that, for the same distance, the overall amplitude of the bedrock power 
spectrum increases significantly with increasing magnitude. This can be 
attributed to the higher seismic energy release of large-magnitude 
events, which more strongly excites energy in both the low- and mid- 
frequency ranges, thereby increasing the spectral amplitude. In addi
tion, larger magnitudes lead to a flatter spectral curve in the low- 
frequency range and a wider bandwidth, indicating that large earth
quakes are capable of exciting seismic waves over a broader frequency 
range with a more balanced energy distribution. This is because an in
crease in magnitude lowers the corner frequency, reduces the high- 
frequency attenuation rate, and extends the flat portion of the spec
trum. This trend is highly consistent with the statistical patterns of 
actual seismic records, demonstrating that the model effectively cap
tures the magnitude effect with strong physical plausibility.

Fig. 14 shows the model results for magnitudes of 5.0, 6.0, 7.0, and 
8.0 under different distances. The results indicate that, under different 
magnitude conditions, distance has a relatively limited effect on the 
bandwidth of the power spectrum, which is primarily controlled by the 
source size and rupture duration. Within the same magnitude category, 
as the distance increases, the high-frequency portion of the power 
spectrum exhibits more pronounced attenuation, reflecting the effects of 
geometric spreading and energy dissipation during seismic wave prop
agation. Overall, the patterns presented in the figure demonstrate that 
distance exerts a significant influence on the overall amplitude decay 
and high-frequency energy distribution of the spectrum. These observed 
trends are in close agreement with the statistical results of actual 
bedrock seismic records, further validating the accuracy and applica
bility of the proposed model in representing both magnitude-dependent 
effects and distance attenuation characteristics.

Based on the proposed bedrock power spectral model, the Kanai- 
Tajimi model is combined to calculate the ground-surface power spec
trum considering the effects of magnitude and distance. The spectral 
intensity factor S0 of the white noise in the Kanai-Tajimi model is 
replaced by the proposed model G(ω). Then, the ground-surface power 
spectrum, considering the effects of magnitude and distance, named the 

Fig. 12. Boxplot of power spectral residuals of six classifications in Case 2.

Table 6 
Evaluation indicators in Case 2.

Distance (km) Magnitude category Class RMSE R2 σ̂res

10 ≤ R < 100 4.8 ≤ M < 5.8 1 0.1576 0.9100 0.1588
5.8 ≤ M < 6.8 2 0.1030 0.9447 0.1038
6.8 ≤ M < 8.2 3 0.1314 0.9700 0.1324

100 ≤ R ≤ 200 4.8 ≤ M < 5.8 4 0.1861 0.9110 0.1874
5.8 ≤ M < 6.8 5 0.3978 0.8013 0.2308
6.8 ≤ M < 8.2 6 0.1357 0.9007 0.1367

Fig. 13. Results of the proposed bedrock power spectral model with different distances.
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modified Kanai-Tajimi model, can be expressed as follows: 

Gs(ω)=
4ζg

2ω2ωg
2 + ωg

4

4ζg
2ω2ωg2 +

(
ωg2-ω2

)2 G(ω) (34) 

To further validate the universality of the proposed model, the 
spectral intensity factor S0 in the stationary seismic models reviewed in 
Section 2.1 was replaced by the proposed model. Wherein, the ωg and ζg 

are set as the same values to ensure that the comparison results are 
obtained under identical conditions. Then, the ground-surface power 
spectral results for several different magnitude and distance values were 
calculated and illustrated in Fig. 15. It can be observed that the power 

spectra computed using traditional models, which assume a constant 
bedrock power spectrum, exhibit a fixed shape that does not vary with 
frequency. In contrast, the improved model, which accounts for seismic 
magnitude and distance, produces surface power spectra that show 
significant variations in both amplitude and frequency distribution. 
Specifically, as the magnitude increases, the overall amplitude of the 
power spectrum rises markedly, and its flat plateau extends over a 
broader low-to-mid frequency range, reflecting stronger accumulation 
of seismic energy and wider frequency coverage. Conversely, as the 
distance increases, the attenuation in the high-frequency range becomes 
more pronounced, highlighting the influence of path effects on the 
seismic spectral characteristics. Compared with traditional models, the 

Fig. 14. Results of the proposed bedrock power spectral model with different magnitudes.

Fig. 15. Comparison of the proposed model and other existing models.

D. Jiu et al.                                                                                                                                                                                                                                      Soil Dynamics and Earthquake Engineering 203 (2026) 110136 

15 



proposed magnitude- and distance-dependent bedrock power spectral 
model more accurately captures these non-stationary features, enabling 
the simulated surface power spectra to realistically represent the vari
ations in energy distribution under different seismic scenarios.

According to the results shown in Fig. 15, the proposed model not 
only strictly satisfies the physical constraints that the bedrock power 
spectral density is zero at zero frequency and possesses finite energy, but 
also ensures that the computed surface power spectral density retains 
these critical characteristics. In the high-frequency range, the power 
spectrum of the proposed model rapidly decays to zero, demonstrating 
favorable frequency response properties. Compared with previous ap
proaches that modified the Kanai-Tajimi model by introducing complex 
filters, the proposed model utilizes a statistical regression method 
considering the underlying physical mechanism, thereby avoiding 
cumbersome model tuning processes and achieving a more concise and 
efficient power spectral density calculation.

This advantage not only enhances the computational stability and 
physical consistency of the model but also lays a solid foundation for 
subsequent structural response analyses based on the power spectrum. 
Particularly in structural safety assessment and reliability analysis, an 
accurate and physically consistent surface power spectrum serves as a 
key input for predicting structural dynamic responses. Consequently, the 
proposed model can more precisely capture seismic ground motion 
characteristics, improving the scientific rigor and reliability of seismic 
performance evaluations, and providing engineering practice with a 
more effective tool for seismic simulation and risk assessment.

4.5. Near-field pulses and localized site effects

To quantitatively evaluate the robustness of the proposed model 
under near-field conditions where strong velocity pulses and associated 
directional effects may occur, the multi-component pulse identification 
algorithm proposed by Shahi and Baker [53] was applied to the 
near-field records (R < 100 km) from both datasets. Specifically, the two 
orthogonal horizontal components are analyzed using the CWT to 
identify the direction of the strongest pulse, based on which the records 
are classified into pulse-like and non-pulse-like groups. As summarized 
in Table 7, the pulse-like group exhibits larger RMSE and σ̂res and a 
lower R2 in the log-domain spectral fitting, indicating that the strong 
nonstationary and long-period energy concentration associated with 
pulse-dominated motions increases the difficulty of accurately repro
ducing detailed spectral features. Nevertheless, the overall spectral 
shape and primary attenuation trend of both groups are still captured 
consistently, suggesting that the proposed model remains reasonably 
robust in near-field conditions in terms of describing the overall 
energy-distribution pattern.

It should be noted that this experiment mainly classifies near-field 
records primarily based on whether a dominant velocity pulse is pre
sent. For more complex cases involving multiple pulses and composite 
pulse effects, the dispersion of fitting errors may further increase, 
particularly in the low-frequency range and around local spectral peaks. 
This limitation is consistent with the fact that a power spectral model 
characterizes energy distribution in the frequency domain but does not 
explicitly represent phase information or the time-varying envelope 
evolution of the motion.

With respect to localized site effects, the present model is intended to 
provide a parametric representation of the bedrock power spectrum 

governed by earthquake magnitude and distance, and the use of hard- 
rock records is designed to minimize shallow-layer amplification as 
much as possible. Consequently, localized site effects arising from 
strongly heterogeneous near-surface structures, lateral variations, and 
scattering are not explicitly incorporated in the proposed model. To 
extend the model to surface-spectral characterization for soft-soil sites or 
highly heterogeneous shallow layers, the proposed bedrock spectral 
model should be coupled with an appropriate site-response mechanism, 
such as a one-dimensional equivalent-linear site transfer function or a 
parameterized stochastic site model. Therefore, the proposed model is 
more suitable as a bedrock-input component to be used jointly with site 
models in surface spectral estimation or structural response analyses.

4.6. Numerical example

To verify the effectiveness and engineering applicability of the pro
posed model in structural response analysis, a typical five-story linear- 
elastic frame structure is selected as a case study. The structure is 
modeled using a lumped-mass system, where the mass of each floor is 
idealized as a single concentrated mass point, allowing for a clearer 
representation of the structural dynamic response characteristics under 
seismic excitation. The simplified structural model is illustrated in 
Fig. 16. The structural response is evaluated in terms of the inter-story 
displacement, with the maximum inter-story displacement used to 
assess the overall deformation performance of the structure. In accor
dance with the corresponding threshold defined in current seismic 
design codes, the case with inter-story displacement exceeding this 
threshold is regarded as structural failure.

Taking the Kanai-Tajimi model as an example, this section uses both 
the traditional model and the modified Kanai-Tajimi model, provided in 
Eq. (34), which considers the effects of magnitude and distance to 
generate 10,000 synthetic seismic motions for structural analysis. The 
structural inter-story displacement responses and corresponding failure 
probabilities, PS, are calculated and summarized in Tables 8 and 9. The 
results show that the proposed modified Kanai-Tajimi model can effec
tively predict the structural response characteristics under different 
magnitude and distance conditions. Specifically, the traditional Kanai- 
Tajimi model yields a maximum inter-story displacement of 0.9604 
cm, with a structural failure probability of 100 %, indicating complete 
failure. In contrast, the modified Kanai-Tajimi model demonstrates 
physically reasonable variation trends of structural response. At the 

Table 7 
Error metrics for pulse-like and non-pulse-like groups.

Dataset Near-field group RMSE R2 σ̂res

K-NET and KiK-net Pulse-like 0.3287 0.8861 0.3011
Non-pulse-like 0.2694 0.9370 0.2579

PEER Pulse-like 0.1472 0.9025 0.1527
Non-pulse-like 0.1173 0.9558 0.1146

Fig. 16. Schematic diagram of a five-story structure.

Table 8 
Structural responses of the traditional Kanai-Tajimi model.

Inter-story Maximum inter-story relative displacement (cm)

0–1 0.9604
1–2 0.8273
2–3 0.8704
3–4 0.8263
4–5 0.9281
Max value 0.9604
PS 100 %
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same magnitude (M = 6), the maximum inter-story displacement de
creases significantly with increasing distance, from 0.9353 cm at R = 50 
km to 0.4165 cm at R = 150 km. When the distance is the same (R = 50 
km), the structural response increases with magnitude, from 0.7325 cm 
at M = 5 to 1.3695 cm at M = 8.

In terms of the failure probability, the modified Kanai–Tajimi model 
is capable of reflecting the combined effects of magnitude and distance 
on structural reliability. Specifically, for near-field earthquakes (10 km 
≤ R < 100 km), the failure probability of a large earthquake (M = 8, R =
50 km) approaches 100 %, consistent with the traditional model, indi
cating that structures generally reach or approach their ultimate state 
under large-magnitude and near-field events. In contrast, for far-field 
earthquakes (100 km ≤ R < 200 km), the failure probability signifi
cantly decreases. For example, the failure probability in this category 
(M = 8, R = 150 km) is only 44.96 %. In this case, adopting a uniform 
assumption of 100 % failure probability based on near-field events 
would result in excessive safety margins and unnecessary material 
usage, reducing the economic efficiency of design. When the distance is 
the same, for instance, R = 100 km, as the magnitude increases from 5.0 
to 8.0, the structural failure probabilities rise sequentially to 55.62 %, 
57.21 %, 63.84 %, and 96.83 %, illustrating the dominant influence of 
magnitude on structural failure and highlighting the significant control 
of earthquake intensity on structural reliability. These results clearly 
demonstrate that structural safety varies considerably under different 
magnitude–distance combinations, whereas traditional models, which 
do not incorporate the physical constraints of magnitude and distance, 
tend to systematically overestimate the overall failure probability, 
masking the true safety levels of structures under different seismic 
scenarios.

Overall, the application of the proposed bedrock power spectral 
model that accounts for both magnitude and distance not only effec
tively differentiate structural response characteristics and failure prob
abilities under various seismic scenarios but also avoids the overly 
conservative design issues associated with traditional models relying on 
single-input assumptions. By regulating seismic energy and spectral 
distribution through magnitude and distance parameters, this model 
provides a power spectral representation with stronger physical- 
mechanism constraints and greater engineering applicability for struc
tural reliability analysis and safety assessment.

5. Conclusions and future work

This study proposes a bedrock power spectral model that accounts 
for the effects of seismic magnitude and distance based on a statistical 
regression analysis of a large dataset of bedrock seismic records, effec
tively addressing the limitations of conventional models that assume 

bedrock motions behave as white noise. The model not only captures the 
variations of spectral amplitude, bandwidth, and high-frequency atten
uation with magnitude and distance but also maintains a concise 
formulation that inherently satisfies the physical constraints of zero- 
frequency nullity and finite energy for both bedrock and surface 
spectra. By more accurately representing the time-frequency charac
teristics of seismic motions, the model significantly improves the pre
cision of structural dynamic response predictions and provides a more 
physically consistent and accurate framework for structural reliability 
analysis and safety assessment.

Nevertheless, when multiple peaks appear in the high-frequency 
range, the model fitting accuracy may decrease. Future work will 
further refine the model to better represent high-frequency multi-peak 
spectra by introducing multi-peak spectral components or adopting 
frequency-band parameterization strategies, and will conduct system
atic validation using a broader set of records and diverse structural case 
studies to examine its implications for reliability analysis and failure- 
probability assessment.
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Table 9 
Structural responses of the modified Kanai-Tajimi model.

Maximum inter-story relative displacement (cm)

Inter-story M = 5, R = 50 km M = 5, R = 100 km M = 5, R = 150 km M = 6, R = 50 km M = 6, R = 100 km M = 6, R = 150 km

0–1 0.7325 0.4721 0.3581 0.9353 0.6354 0.4165
1–2 0.4713 0.2774 0.1939 0.5696 0.4137 0.2514
2–3 0.4668 0.2770 0.2236 0.5711 0.4165 0.2459
3–4 0.3942 0.3548 0.2170 0.5045 0.3838 0.2103
4–5 0.5249 0.2969 0.2016 0.6285 0.4685 0.2652
Max value 0.7325 0.4721 0.2259 0.9353 0.6454 0.4165
PS 92.64 % 55.62 % 0. 01 % 100 % 57.21 % 0. 01 %

Inter-story M = 7, R = 50 km M = 7, R = 100 km M = 7, R = 150 km M = 8, R = 50 km M = 8, R = 100 km M = 8, R = 150 km

0–1 1.1657 0.6693 0.5137 1.3695 0.7263 0.5592
1–2 0.7387 0.4273 0.2898 0.7934 0.4793 0.3730
2–3 0.7107 0.4001 0.2752 0.7509 0.4936 0.3711
3–4 0.6263 0.3656 0.2489 0.6597 0.4273 0.3214
4–5 0.7640 0.4850 0.2850 0.7739 0.4973 0.3870
Max value 1.1657 0.6693 0.5137 1.3695 0.7263 0.5592
PS 100 % 63.84 % 21.77 % 100 % 96.83 % 44.96 %
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