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Article Info  Abstract 

Article History:  Soil characteristics play a pivotal role in seismic risk assessment and earthquake-
resistant design, with softer soils exhibiting significant ground motion 
amplification that elevates structural vulnerability. Construction on soft soil sites 
presents engineering challenges, as seismic wave propagation significantly alters 
signal characteristics between the source and the site. This study focuses on two 
critical engineering parameters—Peak Ground Acceleration (PGA) and Peak 
Ground Velocity (PGV)—developing site-specific predictive models for soft soil 
conditions (Vs30 = 180–360 m/s). Utilizing 4,328 records from the PEER NGA-
West2 database and 2,462 records from the Engineering Strong Motion (ESM) 
database, we derive magnitude- and distance-dependent attenuation relationships 
through nonlinear regression analysis. The models incorporate key variables: 
moment magnitude (Mw), epicentral distance (EpiD), and shear-wave velocity 
(Vs30). The PGA model exhibits accelerated attenuation at short distances 
compared to conventional models (e.g., Boore et al. 1993), while converging with 
Campbell (1981) at larger distances. For PGV, the formulation effectively captures 
intermediate-frequency amplification, addressing systematic underprediction by 
Joyner & Boore (1988) and overprediction by volcanic-region models (e.g., Tusa & 
Langer 2016). These advancements provide engineers with optimized tools for 
soft soil seismic design, directly addressing liquefaction risks, resonance effects, 
and structural performance. 
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1. Introduction 

Earthquakes pose a severe threat to regions near tectonic plate boundaries, where strong seismic 
activity can devastate buildings and infrastructure, leading to catastrophic collapses and 
substantial human and economic losses. The 2023 Kahramanmaraş earthquake exemplifies this 
vulnerability, with over 38,000 collapsed buildings, 55,000 fatalities, and widespread urban 
destruction—most of which occurred in soft soil zones [1]. 

Soft soils, characterized by fine-grained composition, high moisture content, and low shear 
strength, present critical challenges for geotechnical and structural engineering. These soils are 
prevalent in coastal seismic hotspots, including Indonesia, the Philippines, Mexico, India, and China. 
Under static conditions, structures on soft soils often undergo differential settlements, while during 
earthquakes, they experience amplified ground motion due to two key phenomena: 

• Amplification of seismic waves: Soft soils can increase peak acceleration by 1.5–3.5 and 
extend shaking duration [2,3]. 
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• Frequency filtering: High-frequency waves attenuate, while low frequencies amplify, 
lengthening the predominant period of ground motion [2]. This shift can resonate with 
flexible structures (e.g., high-rises, bridges), exacerbating damage. 

Soft soils filter high-frequency seismic waves while amplifying longer-period motions, increasing 
the dominant period of ground shaking transmitted to structures. This effect can lead to seismic 
subsidence and reduced earthquake resistance, particularly during large earthquakes [3]. This 
effect increases stress on buildings and infrastructure, making them more vulnerable to damage. 
Structures designed without considering this amplification may experience unexpected forces, 
leading to failure. 

Soft ground conditions pose significant geotechnical challenges, particularly for structures built on 
weak or filled-up soil [4], [5]. Soft soils tend to trap and amplify seismic waves, leading to prolonged 
shaking durations compared to firmer ground [6]. This effect is especially detrimental to high-rise 
buildings, bridges, and other flexible structures with longer natural vibration periods. To mitigate 
these risks, seismic isolation has been explored as a viable solution for buildings founded on soft 
soil, as demonstrated in a case study of a reinforced concrete (RC) building in Shanghai [7]. 
Nonlinear time-history analyses of base-isolated RC buildings on soft soil further highlight the 
complexities involved in seismic design under such conditions [8]. Moreover, nonlinear site 
response analyses often predict significant shear strain (3–10%) for soft soil sites, resulting in large 
deformations that can introduce unusual characteristics in surface ground motions [9]. These 
factors emphasize the need for advanced engineering solutions to enhance structural resilience in 
seismic-prone regions with soft soil foundations. 

In their 2024 book [10], Kramer and Stewart comprehensively summarized key seismic 
parameters (also termed seismic indicators) and discussed their applications in ground motion 
analysis. These parameters are widely acknowledged as critical indicators of seismic damage 
potential. The most widely used parameters include Peak Ground Acceleration (PGA), Peak Ground 
Velocity (PGV), and Peak Ground Displacement (PGD), alongside the PGV/PGA ratio. Additional 
significant measures encompass root-mean-square (RMS) values of acceleration, velocity, and 
displacement; Arias Intensity (Ia); Cumulative Absolute Velocity (CAV); and the Predominant 
Period (Tp). 

Horizontal accelerations are widely employed in seismic design to characterize ground motions, 
owing to their direct correlation with inertial forces. Indeed, Peak Ground Acceleration (PGA) is 
particularly critical, as it governs the largest dynamic forces in many structures. PGA serves as a 
fundamental parameter for the Global Earthquake Seismic Hazard Map [11], which depicts the 
geographic distribution of PGA values corresponding to a 10% probability of exceedance within 50 
years. Additionally, PGA is a key metric for regional seismic risk assessment [12,13]. 

The peak horizontal velocity (PGV) is another useful parameter for characterization of ground 
motion amplitude. Since the velocity is less sensitive to the higher-frequency components of the 
ground motion, the PGV is more likely than the PGA to characterize ground motion amplitude 
accurately at intermediate frequencies [14]. For structures or facilities that are sensitive to loading 
in this intermediate-frequency range (e.g., tall or flexible buildings, bridges, etc.). Additionally, Peak 
Ground Velocity (PGV) sometimes employed for risk map evaluation [15]. PGV plays a role in 
evaluating soil-structure interaction by determining how seismic waves affect soft soil sites and 
how the ground motion transfers to structures. It helps predict soil liquefaction potential, which 
can cause foundation instability. Engineers use PGV as an intensity measure for evaluating 
structural damage, particularly in non-structural components, which can influence retrofitting 
decisions [16]. Higher PGV values indicate greater deformation potential, serving as a critical 
metric for estimating structural and geotechnical damage during earthquakes. This relationship is 
particularly significant in the design and assessment of pipelines and underground structures, 
where velocity-based loading governs stability and failure mechanisms [17,18]. 

Previous studies on predicting earthquake amplitude (PGA) for engineering applications have 
predominantly neglected the critical role of ground conditions in structural response. As 
highlighted in prior research, structures situated on soft soil sites exhibit pronounced soil-
structure interaction effects, which manifest through four principal mechanisms: (1) modification 
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of input ground vibrations, (2) alteration of system vibration characteristics, (3) dissipation of 
radiant energy, and (4) material damping energy. To account for these factors and enhance the 
reliability of computational evaluations, this study develops a predictive model for Peak Ground 
Acceleration (PGA) and Peak Ground Velocity (PGV) that explicitly incorporates soft soil conditions. 

The primary objective of this study is to develop a novel predictive relationship for Peak Ground 
Acceleration (PGA) and Peak Ground Velocity (PGV) specifically tailored for soft soil sites, with 
direct applications in structural engineering design and analysis. To achieve this, we employ 
advanced statistical methods, particularly nonlinear regression techniques, to establish robust and 
accurate predictive models for these critical seismic parameters under soft soil conditions. 

2. Materials and Methods  

The study methodology comprised three main phases: data collection, parameter calculation, and 
model development. Ground motion records were systematically extracted from two authoritative 
databases - the Pacific Earthquake Engineering Research Center (PEER NGA-West2) [19] and 
Engineering Strong-Motion (ESM) [20] - with selection criteria requiring moment magnitude (Mw), 
epicentral distance (EpiD), and soil classification data, specifically targeting soft soil conditions (Vs30 
= 180-360 m/s). This yielded 8,790 quality-controlled records from 875 global earthquakes (324 
PEER, and 551 ESM). For consistent orientation-independent intensity measures, PGA and PGV 
were derived using the Rotated Geometric Mean (RotD50) approach, which calculates the median 
geometric mean across all possible component rotations (0°-180°). Nonlinear regression 
techniques were then employed to develop predictive models incorporating Mw, EpiD, and Vs30 as 
primary variables, with particular attention to capturing soft soil amplification characteristics that 
existing models often misrepresent. The rigorous methodology ensures reliable attenuation 
relationships specifically optimized for seismic hazard assessment in soft soil regions. The adopted 
methodology is presented in the flowchart of Fig. 1. 

 
Fig. 1. Flowchart of the adopted methodology 

2.1. PGA and PGV Definition 

The PGA of a seismic motion component is simply the largest (absolute) value of the acceleration 
a(t) obtained from the accelerogram. The maximum PGA can be obtained by making the vector sum 
of two orthogonal components. 

𝑃𝐺𝐴 = 𝑀𝑎𝑥(|𝑎(𝑡)|) (1) 

Since velocity, v(t), is the integral of acceleration, a(t), it can be computed as a function of time using 
numerical integration methods such as the trapezoidal rule. The PGV is defined as the absolute 
maximum value of v(t).  

𝑣(𝑡) = ∫ 𝑎(𝑡)𝑑𝑡  ℎ𝑒𝑛𝑐𝑒 𝑃𝐺𝑉 = 𝑀𝑎𝑥 (|𝑣(𝑡)|) (2) 

Fig. 2 compares two different recording stations: Gilroy Array #1, located on a rock site, and Gilroy 
Array #3, located on a soft soil site, during the Loma Prieta earthquake (magnitude 6.9) on October 
17, 1989. From Fig. 2, we observe that at a station located on a rock site (Vs30 =1428.14 m/sec) at a 
distance of 9.64 km, the peak acceleration (PGA = 0.485g) and peak velocity (PGV = 32.451 m/sec) 
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are lower than those recorded at a station on soft soil (Vs30 = 349.85 m/sec) at a distance of 12.82 
km, where PGA = 0.559g and PGV = 36.306 m/sec. These observations confirm the importance of 
distinguishing between predictive PGA and PGV models for different soil. 

  

  
Fig. 2. Acceleration and velocity recordings of the 1989 Loma Prieta earthquake (Mw = 6.93) at 

two stations: Gilroy Array #1 (rock site) and Gilroy Array #3 (soft soil site) 

2.2. Strong Motion Database 

This study compiled 6,790 strong-motion records (4,328 from PEER NGA-West2 and 2,462 from 
ESM) specifically from soft soil sites, defined by shear-wave velocity (Vs30) values of 180-360 m/s 
in accordance with international seismic design standards. The Pacific Earthquake Engineering 
Research Center's PEER database provided globally distributed records, while the Engineering 
Strong-Motion (ESM) database contributed European-Mediterranean and Middle Eastern events, 
ensuring broad geographic representation. All selected records included complete data for moment 
magnitude (Mw), epicentral distance (EpiD), and processed acceleration time histories. The Vs30 
range served as the primary classification parameter, aligning with international seismic design 
codes (e.g., Eurocode 8, ASCE 7-22). Table 1 summarizes the Vs30 ranges adopted by major codes 
and this study’s classification thresholds. 

Table 1. Soft soil sites class with various codes 

Code Range of Vs30 (m/s) Site Classification Reference 

IBC (2006)  180 - 360 D, Stiff and Soft [21] 

NEHRP (2001)  180 - 360 D, Dense to medium soils [22] 

Eurocode 8 (2004)  180 - 360 C, Deep, medium dense or stiff [23] 

UBC (1997)  183 - 366 D, Stiff and Soft [24] 

RPA2024 (2024)  180 - 360 S3, Soft Soil [25] 
 

Fig. 3 presents the distribution of strong-motion records assembled from the PEER and ESM 
databases as a function of epicentral distance EpiD (a) and shear-wave velocity Vs30 (b), both plotted 
against Mw. 
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Fig. 3. Distribution of ground-motion records used in the analysis from the PEER (Pacific 

Earthquake Engineering Research Center) and ESM (Engineering Strong-Motion) databases. (a) 
Moment magnitude Mw versus epicentral distance (EpiD), and (b) Moment magnitude Mw 

versus average shear-wave velocity in the top 30 meters (Vs30) 

 

Fig. 4. Distribution of seismic parameters for ground motion records on soft soil sites from the 
ESM and PEER NGA-West2 databases. Histograms show the distributions of (a–c) epicentral 
distance (EpiD), (d–f) moment magnitude (Mw), and (g–a) average shear-wave velocity in the 

upper 30 meters (Vs30) 

In panel (a), the PEER database (blue circles) covers a broader range of magnitudes and distances, 
particularly capturing a significant number of large-magnitude events (Mw > 6) at a wide range of 
distances (up to several hundred kilometers). The ESM database (red circles), while also spanning 
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a wide distance range, includes a higher density of records for moderate magnitudes (Mw ≈ 4 – 6) 
and distances below 100 km, reflecting its strong regional focus, particularly in Europe. Panel (b) 
shows the distribution of moment magnitudes against Vs30, where the PEER dataset generally 
exhibits a higher shear-wave velocity range (soft soil sites), while the ESM records cluster around 
lower Vs30 values, indicative of softer site conditions. The PEER records extend into very high Vs30 
values (> 350 m/s), whereas the ESM records are more concentrated between 200 and 320 m/s. 
Overall, the combination of the two datasets ensures a diverse and representative coverage of 
seismic events, distances, and site conditions, essential for the robust development and validation 
of ground-motion prediction models. 

Fig. 4 illustrates the distribution of key seismic parameters—epicentral distance (EpiD), moment 
magnitude (Mw), and average shear-wave velocity in the upper 30 meters (Vs30)—for ground 
motion records on soft soil sites from the ESM and PEER NGA-West2 databases. Subplots (a), (d), 
and (g) represent the ESM dataset, (b), (e), and (h) represent the PEER dataset, while (c), (f), and 
(I) show the combined distribution from both sources. Each histogram is overlaid with a fitted 
normal distribution curve, and the mean values are indicated for reference. 

The distributions reveal key differences between the two datasets. The PEER records tend to have 
slightly larger epicentral distances (mean ≈ 110.7 km) and magnitudes (mean ≈ 5.71) compared to 
the ESM records (mean EpiD ≈ 101.5 km, mean Mw ≈ 4.72), suggesting broader regional and seismic 
event coverage. In contrast, the ESM dataset is characterized by higher average Vs30 values (mean ≈ 
320.1 m/s), indicating generally stiffer soft soil site classifications. The combined dataset reflects a 
balanced integration of both sources, enhancing the representativeness of the seismic input for 
ground motion analysis on soft soil sites. 

3. Results and Discussions 

Fig. 5 illustrates the computed Peak Ground Acceleration (PGA, in g) and Peak Ground Velocity 
(PGV, in cm/s) as functions of moment magnitude (Mw), epicentral distance (EpiD), and the average 
shear-wave velocity in the upper 30 meters (Vs30). The analysis is based on ground-motion records 
from the European Strong-Motion (ESM) and PEER NGA-West2 databases, following the 
methodology outlined in Section 2.1. 

 
Fig. 5. Peak Ground Acceleration (PGA) and Peak Ground Velocity (PGV) plotted against: (a and 
d) moment magnitude (Mw), (b and e) epicentral distance (EpiD), and (c and f) average shear-

wave velocity in the upper 30 meters (Vs30) 
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Subplots (a) and (d) demonstrate a well-defined positive correlation between both PGA and PGV 
and moment magnitude (Mw), confirming the expected relationship where larger earthquakes 
produce stronger ground motions. The majority of the data cluster between Mw 4.5 and 6.5, with 
the PEER NGA-West2 dataset notably extending the coverage to higher magnitudes and more 
extreme PGV values, thereby enriching the analysis of high-energy events. Subplots (b) and (e) 
depict the characteristic attenuation of ground motion with increasing epicentral distance, a 
phenomenon driven by geometric spreading and anelastic attenuation. The consistent trends 
observed across both the ESM and PEER datasets validate the reliability of the combined dataset 
for analyzing distance-dependent ground motion behavior. In subplots (c) and (f), PGA and PGV 
exhibit more scattered and less pronounced correlations with Vs30, underscoring the complex 
influence of local site conditions. While higher Vs30 values (typically indicative of stiffer rock sites) 
generally correspond to reduced amplification, the variability in the data highlights the significant 
role of other site-specific factors, such as basin effects and nonlinear soil response. 

Collectively, these observations align well with established ground motion principles. The 
synergistic use of the ESM and PEER datasets strengthens the analysis by providing complementary 
coverage across different magnitude ranges and distances, thereby enhancing the robustness and 
generalizability of the findings. 

3.1. Prediction Models 

To develop a reliable prediction model for PGA and PGV on soft soil sites, a functional form was 
adopted based on the general model proposed by Kramer (1996) [10]. This formulation links key 
parameters influencing ground motion, such as moment magnitude (Mw), epicentral distance 
(EpiD), and site conditions characterized by the average shear wave velocity over the top 30 meters 
(Vs30). The chosen functional form closely reflects the physical mechanisms of ground motion 
generation and propagation, minimizing reliance on purely empirical adjustments. Following the 
log-normal distribution assumption for ground motion parameters, regression analyses were 
performed on the logarithmic values of PGA and PGV. This approach ensures a robust predictive 
model that accurately incorporates the effects of magnitude scaling, source distance attenuation, 
and site amplification, aligning with best practices established in seismic hazard analysis. 

3.2. PGA Model for Soft Soil 

Predictive relationships for parameters that decrease with distance—such as peak acceleration 
and peak velocity—are often referred to as attenuation relationships. Douglas (2019) [26] has 
summarized over 450 attenuation relationships for predicting PGA. Each model is best suited to 
conditions similar to those of the databases from which it was derived. Eq. (3) is commonly used to 
describe PGA attenuation [27–31]. In this study, we adopt this formula to represent PGA 
attenuation in soft soil sites. Typically, the constant b is positive and relates to seismic energy 
attenuation, while the constant c is negative, representing the effect of distance attenuation. 

𝑙𝑜𝑔(𝑃𝐺𝐴) = 𝑎 + 𝑏(𝑀𝑤 − 6) + 𝑐(𝑀𝑤 − 6)2 + 𝑑 × 𝑙𝑜𝑔(𝑅) + 𝑒(𝑅) (3) 

In Eq. (3), a, b, c, d, and e are regression coefficients; PGA is the predicted peak ground acceleration 
expressed in units of g (where 1 g = 9.80665 m/s² = 980.665 cm/s²); M denotes the source energy, 
represented by the moment magnitude Mw; R is the hypocentral distance to the recording site (in 
kilometers); and log refers to the base-10 logarithm. Table 2 presents the regression coefficients 
for the ESM and PEER databases individually, derived using nonlinear multiple regression analysis 
based on the Nonlinear Least Squares algorithm. Table 3 provides the corresponding model 
coefficients for the combined dataset, including their associated confidence intervals, using the 
same functional form as Eq. (3). 

Table 2. Coefficients of the proposed PGA prediction model for PEER and ESM datasets 

Coefficients a B c d e R2 RMSE 
PEER 0.6525 0.5704 -0.101600 -1.052 -0.002018 0.8663 0.3402 
ESM 0.9484 0.6613 0.009506 -1.394 -0.001616 0.7632 0.4402 
All data 0.8400 0.6349 -0.056670 -1.211 -0.001906 0.8354 0.3962 
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Table 3. Coefficients of the proposed PGA prediction model for combined dataset. 

Coefficients A b c d e 

Combined database 0.8400 0.6349 -0.05667 -1.211 -0.001906 

Confidence interval  
0.7733; 
0.9066 

0.6232; 
0.6466 

-0.06407; 
-0.04927 

-1.255; 
-1.167 

-0.002112; 
-0.0017 

 

Fig. 6 presents both the prediction surfaces and residual distributions for PGA models developed 
using three datasets: All (combined), PEER, and ESM. In subplots (a)–(c), the predicted Log(PGA) 
surfaces illustrate a consistent physical trend across all datasets: ground motions increase with 
magnitude and decrease with epicentral distance, reflecting attenuation effects. The scatter points 
show the actual data used for model fitting, and the surfaces indicate good alignment between 
observed and predicted values. 

Subplots (d)–(f) visualize the residuals—differences between observed and predicted Log(PGA) 
values—for each dataset. In these plots a positive residual indicates under-prediction by the model 
and a negative residual indicates over-prediction by the model. In all three cases, the residuals are 
generally centered around zero with no evident systematic bias, indicating satisfactory model 
performance. However, the residual spread differs slightly among datasets: the PEER and ESM 
datasets (e, f) exhibit more compact residuals, potentially due to more homogeneous data 
characteristics or smaller sample sizes. In contrast, the All dataset (d) shows greater variability, 
likely due to combining data from diverse sources. These visualizations collectively validate the 
predictive strength of the developed models while also highlighting areas of potential refinement, 
especially for broader datasets. 

   
Fig. 6. (a–c) Three-dimensional views of the predicted PGA models for the All, PEER, and ESM 

datasets, respectively, as a function of EpiD and Mw. The surfaces represent the model fit to the 
observed data. (d–f) Corresponding residual plots for each dataset. Residuals are plotted in the 

same 3D space to evaluate the model's performance across magnitude and distance ranges 

3.3. Assessment of the Proposed PGA Model 

To assess whether the PGA model presented above, based on the employed data, accounts for 
behavior primarily influenced by Mw and EpiD, we have plotted the predicted PGA as a function of 
both parameters in the following figures. Fig. 7 presents the variation of Peak Ground Acceleration 
(PGA) as a function of epicentral distance (EpiD) for different earthquake magnitudes (Mw = 3.5, 
4.5, 5.5, 6.5, and 7.5) in soft soil conditions. In all subplots, PGA decreases as the epicentral distance 
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increases, which is expected due to energy dissipation over distance. Higher magnitude 
earthquakes (Mw = 6.5, 7.5) show higher PGA values, especially at short distances. 

The PEER and combined models seem to align closely, indicating that the PEER dataset follows the 
overall trend well. The ESM dataset (blue dashed line) generally predicts higher PGA values 
compared to PEER, particularly at shorter distances. For smaller magnitudes (Mw = 4.5, 5.5), 
differences between the models are relatively minor. For larger magnitudes (Mw = 6.5, 7.5), the 
divergence between ESM and PEER predictions becomes more noticeable, with ESM systematically 
predicting higher PGA. 

 
Fig. 7. Variation of PGA as a function of EpiD for different earthquake magnitudes (Mw = 3.5, 4.5, 

5.5, 6.5, and 7.5) in soft soil conditions. The black continuous line represents the developed 
predictive model using the combined datasets 

The Fig. 8 illustrates the variation of predicted Peak Ground Acceleration (PGA) with moment 
magnitude (Mw) for four source-to-site epicentral distances (EpiD = 10 km, 50 km, 100 km, and 150 
km), based on empirical ground motion models calibrated using three datasets: the PEER and ESM 
strong-motion databases, and their combined compilation. 

For all distance intervals, PGA increases systematically with Mw, consistent with source scaling 
behavior observed in empirical ground motion studies. A pronounced attenuation trend is evident 
with increasing epicentral distance, reflecting both geometric spreading and anelastic damping 
effects in crustal propagation paths. The ESM-derived model consistently yields higher PGA 
estimates across the magnitude range, particularly in the near field (e.g., EpiD = 10 km), potentially 
due to regional differences in site amplification, crustal attenuation, and event selection criteria. 

 
Fig. 8. Predicted Peak Ground Acceleration (PGA) as a function of moment magnitude (Mw) for 

four epicentral distances: (a) 10 km, (b) 50 km, (c) 100 km, and (d) 200 km. Ground motion 
prediction models were developed using the PEER (red dashed line) and ESM (blue dashed 

line) strong-motion databases, along with their combined dataset (black solid line) 

In contrast, the PEER-based model predicts lower PGA values, particularly at shorter distances. The 
combined dataset generates intermediate predictions, capturing characteristics from both regions 
and offering a more generalized model. The reduced spread between models at greater distances 
suggests that far-field motions are less sensitive to localized site and source-region effects. 

The ESM-based model yields higher PGA values, particularly in the near field, which may reflect 
stronger site amplification effects and regional attenuation characteristics. The PEER-based model 
provides lower estimates, while the combined model exhibits intermediate behavior, suggesting a 
balanced integration of source and path effects from both datasets. The convergence of predictions 
at larger distances indicates reduced sensitivity to local site and regional source characteristics in 
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the far field. The ESM dataset generally predicts higher PGA values, especially at shorter distances, 
whereas the PEER dataset aligns more closely with the overall model. At greater distances, the 
differences between models diminish, highlighting the dominant effect of attenuation on seismic 
ground motion. 

A second comparison is conducted using actual data from each database. Fig. 9 presents Peak 
Ground Acceleration (PGA) values from the PEER dataset (blue triangles) and the ESM dataset (red 
triangles), alongside model-predicted PGA curves for different epicentral distances (Fig. 9a) and 
earthquake magnitudes (Fig. 9b) in soft soil conditions. 

The proposed model accurately predicts PGA variations with both magnitude and distance, 
demonstrating strong alignment with observed values from the PEER dataset. As expected, shorter 
distances and higher magnitudes correspond to greater PGA values, while attenuation effects 
become more prominent at larger distances. 

For the ESM dataset, the model effectively captures the overall trend of PGA variation. However, 
some recorded values exceed predictions, highlighting the complexity of seismic ground motion 
behavior in soft soil conditions and the potential influence of site-specific factors. Despite this 
variability, the model provides a reliable representation of attenuation trends and magnitude-
dependent PGA variations. 

 
Fig. 9. Comparison of observed and predicted PGA values from the PEER (blue triangles) and 
ESM (red triangles) datasets. (a) PGA as a function of Mw for different EpiD and (b) PGA as a 

function of EpiD for different Mw 

As the final validation, we conducted a comprehensive benchmarking analysis against established 
ground motion prediction equations (GMPEs) from the literature. Douglas (2017) [26] 
systematically reviewed over 450 PGA attenuation relationships, the majority of which employ 
regression-derived coefficients. For this comparative study, we selected representative models 
that: (1) incorporate site classification parameters, (2) demonstrate robust performance in 
previous validation studies, and (3) are widely adopted in engineering practice. This comparative 
framework enables rigorous evaluation of our soft soil-specific PGA model's predictive capabilities 
relative to conventional approaches. 

In 1981, Campbell [32] developed an attenuation relationship using global data to estimate the 
average PGA at sites located within 50 km of the fault rupture during earthquakes with magnitudes 
ranging from 5.0 to 7.7. This model, represented by Eq. 1 in Table 4, was considered state-of-the-
art at the time. Subsequently, Youngs et al. (1988) [33] used strong-motion records from rock sites 
during 60 earthquakes, along with numerical simulations for events with Mw < 8, to develop an 
attenuation relationship specific to subduction zones. Their proposed formula is given by Eq. 2 in 
Table 4. 
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In 1993, Boore et al. [28] introduced a more advanced model incorporating multiple terms. Their 
model was based on data from earthquakes with magnitudes ranging from 5.0 to 7.7 in western 
North America at distances of less than 100 km from the surface projection of the fault. The 
corresponding formula is presented in Eq. 3 in Table 4. 

The next proposed comparison model is given by Akkar et al. (2014) [34], who introduced a new 
generation of ground-motion models derived from pan-European databases. Their formula, 
representing the latest advancements in ground-motion modeling, is provided in Eq. 4 in Table 4. 

Another prediction model called as Campbell and Bozorgnia (2014) for the horizontal components 
of PGA and PGV, developed by the Pacific Earthquake Engineering Research Center (NGA-West2) 
team, was used for comparison with the established models [35]. This model, applicable for periods 
ranging from 0.01 to 10 s (Eq. 5 in Table 4), employs a complex functional form with nine terms. 
These terms account for various factors, including earthquake magnitude scaling, geometric 
attenuation, faulting style, hanging-wall effects, shallow site response, basin effects, hypocentral 
depth, rupture dip, and apparent anelastic attenuation 

More recently, Zuccolo et al. (2017) [36] developed a model using data from 61 stations located on 
Eurocode 8 class B sites (360 ≤ Vs30 < 800 m/s), primarily from 33 stations within the Irpinia 
Seismic Network, supplemented by data from other networks. Although data were originally 
collected from sites of different classes, 93% of the accelerograms were from class B sites. 

The final chosen model for comparison is given by Shiuly (2018) [37] proposed a global attenuation 
relationship for estimating PGA at rock sites, making it applicable to any region worldwide. He 
developed four relationships using multiple regression and an additional model based on Genetic 
Programming. The model is given by Eq. 7 in Table 4. 

Table 4. Selected PGA models for comparison with the proposed model 

N Prediction Model Ref. 

(1) ln(𝑃𝐺𝐴)𝑔 = −4.141 + 0.868𝑀 − 1.09ln (𝑅 + 0.0606𝑒0.7𝑀) [32] 

(2) ln(𝑃𝐺𝐴)𝑔 = 19.16 + 1.045𝑀𝑤 − 4.738 ln(𝑅 + 205.5𝑒0.0968𝑀𝑤) + 0.54𝑍𝑡 [33] 

(3) log(𝑃𝐺𝐴)𝑔 = −0.038 + 0.216(𝑀𝑤 − 6) − 0.77 log(𝑅) + 0.158𝐺𝐵 + 0.254𝐺𝐶 , 𝑤𝑖𝑡ℎ  𝑅 = √𝑑2 + 5.482 [28] 

(4) ln (𝑃𝐺𝐴)𝑔 = ln[𝑃𝐺𝐴𝑅𝐸𝐹(𝑀𝑤, 𝑅, 𝑆𝑜𝐹)] + ln [𝑆(𝑉𝑠30, 𝑃𝐺𝐴𝑅𝐸𝐹)] [34] 

(5) ln(PGA) = 𝑓𝑚𝑎𝑔 + 𝑓𝑑𝑖𝑠 + 𝑓𝑓𝑙𝑡 + 𝑓ℎ𝑎𝑛𝑔 + 𝑓𝑠𝑖𝑡𝑒 + 𝑓𝑠𝑒𝑑 + 𝑓ℎ𝑦𝑝 + 𝑓𝑑𝑖𝑝 + 𝑓𝑎𝑡𝑛 [35] 

(6) log(𝑃𝐺𝐴)𝑚/𝑠𝑒𝑐2 = −2.1575 + 0.8359𝑀 − 1.969𝑙𝑜𝑔 (𝑅) [36] 

(7) log(𝑃𝐺𝐴) = 0.3646 + 0.4215(𝑀 − 6) − 0.01869(𝑀 − 6)2 − 0.9707log (𝑅) − 0.0008(𝑅) [37] 
 

Where M is the magnitude and R is the closest distance to the fault rupture in kilometers. Zt is the 
focal depth, which takes a value of 0 for convergent events and 3 for divergent events. d is the 
closest distance to the surface projection of the fault in kilometers, and: GB = {0 for site class A, 1 
for class B, and 0 for class C}, GC = {0 for site class A, 0 for class B, and 1 for class C}. Note that in all 
proposed relationship, PGA is expressed in terms of the decimal logarithm rather than the natural 
logarithm. Site classes are defined based on the average shear wave velocity in the top 30 meters 
of depth.  

Fig. 10 systematically compares the performance of our proposed ground motion attenuation 
model (solid black line) against seven established prediction models (Table 4) across four 
characteristic earthquake magnitudes: (a) Mw = 4.5, (b) Mw = 5.5, (c) Mw = 6.5, and (d) Mw = 7.5. This 
comparative analysis spans the full range of engineering interest, from minor to major seismic 
events, evaluating model behavior through peak ground acceleration (PGA) attenuation curves 
plotted against epicentral distance. 

The comparative analysis between proposed PGA model for soft soils (VS30 = 180–360 m/s) and 
seven established attenuation relationships (Fig. 10) reveals critical insights about ground motion 
prediction in vulnerable soil conditions: 

For moderate-magnitude earthquakes (Mw 5.5–6.5), the proposed model aligns closely with Akkar 
et al. (2014) at intermediate distances (50–200 km). However, it diverges significantly from rock-
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site model (Campbell 1981; Shiuly 2018) and Campbell and Bozorgnia (2014) model, which 
systematically underpredict PGA by 30–50% due to their neglect of soil amplification effects. This 
discrepancy is particularly pronounced in the 0.1–1.0 g range, where soft soil amplification is most 
critical for structural design. The results confirm that magnitude significantly influences PGA 
prediction accuracy in soft soils, with conventional models failing to capture the nonlinear 
response of these vulnerable sites. 

The proposed model exhibits distinct distance attenuation behavior compared to existing 
relationships. At short distances (<100 km), it shows faster PGA attenuation than Boore et al. 
(1993) and Youngs et al. (1988), reflecting the enhanced energy dissipation typical of soft soils. 
Beyond 300 km, the predictions converge with Campbell (1981), validating the model’s far-field 
behavior. This dual-phase attenuation pattern—rapid decay near the source followed by stable far-
field trends—highlights the importance of distance-dependent terms tailored to soft soil 
mechanics, which are absent in most conventional models. 

 
Fig. 10. Variation of PGA with epicentral distance for magnitudes Mw = 4.5, 5.5, 6.5, and 7.5, 

based on the proposed relationships for comparison 

Rock-site models (Shiuly 2018; Zuccolo et al. 2017) consistently underpredict PGA across all 
magnitudes and distances, failing to capture the amplification peak observed at 50–150 km in soft 
soils. These models disregard key mechanisms such as impedance contrast and nonlinear soil 
behavior, leading to unsafe underestimations of ground motion. Their poor performance 
underscores the necessity of site-specific formulations for accurate hazard assessment in soft soil 
regions, particularly for infrastructure design where PGA thresholds are critical. 

Region-specific models like Boore et al. (1993) (Western North America) and Akkar et al. (2014) 
(Europe) exhibit erratic behavior outside their calibration ranges, especially for Mw ≥ 7.5. Their 
reliance on localized datasets introduces biases when applied to other tectonic settings or soil 
conditions. For instance, Boore et al. overpredicts PGA at intermediate distances in soft soils, while 
Akkar et al. shows inconsistent magnitude scaling. These limitations emphasize the need for 
globally representative data, as incorporated in the present model through the combined PEER and 
ESM databases. 
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The largest discrepancies between models occur in the 0.1–1.0 g PGA range, which is most relevant 
for seismic design. Existing models may underpredict PGA by up to 40% for Mw ≥ 6.5, potentially 
leading to nonconservative designs. Our results demonstrate that soft soil amplification cannot be 
approximated using generic correction factors—a practice common in current standards. Instead, 
dedicated attenuation relationships, like the one proposed here, are essential to ensure safety and 
resilience in vulnerable regions. 

The proposed model outperforms references by explicitly accounting for soft soil physics (Vs30 180–
360 m/s) and combining global datasets (PEER + ESM). Its robust performance across magnitudes 
and distances stems from: (1) nonlinear soil response terms, (2) dual-phase attenuation 
formulation, and (3) calibration against modern strong-motion records. This advancement 
eliminates the need for ad-hoc corrections, providing a unified framework for PGA prediction in 
soft soils. 

3.4. PGV Model for Soft Soil 

Building upon the attenuation model developed by Joyner and Boore (1988) [38], we developed a 
PGV prediction model tailored for soft soil conditions. The model is expressed by the following 
equation:  

𝑙𝑜𝑔(𝑃𝐺𝑉)[𝑐𝑚/𝑠𝑒𝑐] = 𝑎 + 𝑏(𝑀𝑤 − 6) + 𝑐(𝑀𝑤 − 6)2 + 𝑑 × 𝑙𝑜𝑔 (√𝐸𝑝𝑖𝐷2 + 𝑒2) (4) 

Where PGV denotes the peak ground velocity, and EpiD represents the epicentral distance (in 
kilometers). The model coefficients (a, b, c, d, e) were determined through nonlinear regression 
analysis and are summarized in Table 4 for each sub-dataset individually, and in Table 5 for the 
combined dataset. Each coefficient plays a distinct role in shaping the attenuation behavior of 
ground motion: 

• Coefficient a represents a constant term that primarily influences the overall amplitude of 
the PGV. It sets the baseline level of the ground motion prediction across all distances and 
magnitudes. 

• Coefficient b quantifies the influence of earthquake magnitude on PGV. A positive value, as 
observed in all datasets, indicates a direct correlation between magnitude and PGV, 
consistent with physical expectations. 

• Coefficient c introduces a nonlinear adjustment—typically associated with a quadratic or 
higher-order magnitude term—allowing for finer calibration of the model, particularly at 
extreme magnitude values. 

• Coefficient d governs the attenuation rate of PGV with respect to epicentral distance. The 
negative values observed across all datasets reflect the expected decay of ground motion 
intensity with increasing distance from the earthquake source. 

• Coefficient e serves as an additional constant or intercept term, potentially accounting for 
site-specific effects or regional baseline shifts in PGV values. 

Model performance was evaluated using the coefficient of determination (R²) and the root mean 
square error (RMSE). The results show a strong model fit for the PEER database (R² = 0.9065, RMSE 
= 0.3154), indicating excellent predictive capability. The ESM database also yielded satisfactory 
results (R² = 0.8107, RMSE = 0.3783), albeit with slightly higher variability. The model calibrated 
on the combined dataset achieved a balanced performance (R² = 0.8862, RMSE = 0.3553), 
demonstrating its robustness across diverse records. The coefficient intervals provided in Table 6 
represent the estimated 95% confidence bounds, highlighting the statistical reliability of the 
regression parameters. 

Table 5. Coefficients of the proposed PGV prediction model given in Eq. (4) for PEER and ESM 
database 

Coefficients a b c d e R2 RMSE 

PEER 3.184 0.723 -0.09806 -0.7181 -11.97 0.9065 0.3154 

ESM 3.062 0.8597 0.02912 -0.7620 -4.703 0.8107 0.3783 
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Table 6. Coefficients of the proposed PGV prediction model given in Eq. (4) for combined database 

Coefficients a b c d e R2 RMSE 

All data 3.147 0.7826 -0.05475 -0.738 -7.369 

0.8862 0.3553 
interval 

3.084; 
3.21 

0.772; 
0.7932 

-0.06147; -
0.04802 

-0.7531; -
0.7229 

-8.51; -
6.228 

 

Fig. 11 presents three-dimensional regression surfaces of the proposed PGV prediction model (Eq. 
4), applied to different datasets: the combined dataset (Fig. 11a), the PEER database (Fig. 11b), and 
the ESM database (Fig. 11c). The plots illustrate the relationship between epicentral distance 
(EpiD), earthquake magnitude (Mw), and the logarithm of peak ground velocity (Log(PGV)). Each 
plot overlays the fitted regression surface onto the observed data points, enabling visual 
assessment of model performance across the parameter space. 

   
Fig. 11. (a–c) 3D views of the predicted PGV models for the All, PEER, and ESM datasets, 

respectively, as a function of EpiD and Mw. (d–f) Corresponding residual plots for each dataset 

Fig. 11a demonstrates the model's fit to the entire dataset, showing a generally good agreement 
between observed and predicted values. The regression surface effectively captures the expected 
trend of increasing PGV with higher magnitudes and decreasing PGV with increasing epicentral 
distance. Fig. 11b focuses on the PEER dataset, which exhibits a dense and well-distributed set of 
observations. The regression surface closely aligns with the data, indicating strong model 
performance, consistent with the high R² value (0.9065) and low RMSE (0.3154) reported in Table 
4. Fig. 11c displays the model performance for the ESM dataset, which shows a more dispersed 
pattern. While the general trend is captured, a slightly greater scatter around the regression surface 
is observed, which corresponds with the comparatively lower R² (0.8107) and higher RMSE 
(0.3783). 

To further evaluate model accuracy, the bottom row of Fig. 11 (Figs. 11d-f) presents the residual 
distributions, defined as the difference between the observed and predicted Log(PGV) values. Fig. 
11d shows the residuals for the combined dataset. The residuals are generally centered around 
zero, with no significant bias across the ranges of Mw or EpiD, indicating an overall balanced model. 
Fig. 10e displays residuals for the PEER dataset. The residuals are tightly clustered with minimal 
dispersion, further validating the high predictive quality of the model for this dataset. Fig. 11f 
presents residuals for the ESM dataset. Although the residuals remain centered near zero, a slightly 
broader spread is evident, especially at lower magnitudes, reflecting the higher variability in this 
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subset. Overall, the 3D regression surfaces and residual plots confirm that the proposed model 
reliably captures the attenuation trends of PGV for soft soil sites across different datasets, with 
particularly strong performance for the PEER records. The consistency in residual distributions 
supports the statistical robustness of the model across varying magnitudes and distances. 

3.5. Assessment of the Proposed PGV Model 

Fig. 12 presents the empirical prediction and observed data of Peak Ground Velocity (PGV) as 
functions of epicentral distance (EpiD) and moment magnitude (Mw), using ground motion records 
from the ESM (2462 records) and PEER (4328 records) databases. In subplot (a), PGV is plotted 
against EpiD for a range of fixed Mw values (3.5 to 8.0). The scatter points show the observed PGV 
values from both datasets, while the solid lines represent model predictions for the specified 
magnitudes. As expected, PGV shows a clear attenuation trend with increasing distance, and higher 
magnitudes produce significantly larger PGV values across all distances. In subplot (b), PGV is 
plotted against Mw for fixed epicentral distances (ranging from 10 km to 600 km). Here, PGV 
increases consistently with Mw, and the rate of increase is steeper at shorter distances. Model 
prediction curves closely follow the central tendency of the data, validating the model’s ability to 
capture the magnitude-distance scaling relationship. The comparison highlights good agreement 
between the ESM and PEER datasets, reinforcing the robustness of the derived regression model 
across diverse regional data sources. 

 
Fig. 12. Comparison of predicted and observed PGV values from the ESM (red triangles) and 

PEER (blue triangles) databases. (a) PGV versus EpiD for fixed Mw (3.5 to 8.0); (b) PGV versus 
Mw for fixed EpiD (10 km to 600 km). Solid lines represent regression model predictions 

A second comparison is conducted using empirical models previously proposed in the literature. 
The first model, developed by Joyner and Boore (1988) [38], is presented in Equation (1) of Table 
7. This attenuation relationship was derived from strong-motion recordings of earthquakes with 
moment magnitudes ranging from 5.0 to 7.7. However, it does not account for local site conditions, 
which may limit its applicability across diverse geological settings. The second comparison model, 
proposed by Massa et al. (2007) [39], was specifically developed for Central–Northern Italy, using 
a dataset of 2,126 ground-motion records. Their model incorporates site classification based on 
Eurocode 8, distinguishing between three categories: Class A (rock), Class B (stiff soil), and Class C 
(soft soil). The site condition parameter, S, is set to 1 for stiff or soft soil, and 0 otherwise. 
Additionally, the prediction model of Campbell and Bozorgnia (2014) [35], previously presented in 
Section 3.3, was utilized for comparison for the horizontal components of PGV. It should be noted 
that this model operates within specific parameter boundaries: moment magnitudes ranging from 
3.3 to 8.5 for strike-slip faults, 8.0 for reverse faults, and 7.5 for normal faults; source-to-site 
distances limited to 300 km; shear wave velocities (Vₛ₃₀) between 150-1500 m/s; and hypocentral 
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depths spanning 0-20 km [35]. A fourth comparison model was introduced by Akkar et al. (2014) 
[34], who developed a new generation of ground-motion prediction equations (GMPEs) based on a 
comprehensive pan-European strong-motion database. This model incorporates recent 
advancements in ground-motion modeling and is expressed in Eq. (4) of Table 1. 

Finally, the model proposed by Tusa and Langer (2016) [40], based on an extensive dataset of 
seismic events from Mount Etna, Italy, was included. Their study considered 1,158 shallow and 
1,957 deep events recorded across 91 stations, covering a magnitude range from 0.5 to 4.8 and 
epicentral distances up to 100 km. Their model accounts for both geological and volcanic site 
classifications, providing valuable insights for seismic hazard assessment in volcanic regions. 

Table 7. Selected PGV models for comparison with the proposed model. 

N Prediction Model Ref. 

(1) log(𝑃𝐺𝑉)𝑐𝑚/𝑠 = 2.09 + 0.49(𝑀 − 6) − log(𝑅) − 0.002𝑅 + 0.17, 𝑤𝑖𝑡ℎ  𝑅 = √𝑟0
2 + 16 [38] 

(2) log(𝑃𝐺𝑉)𝑐𝑚/𝑠 = −4.197 + 0.856(𝑀) − 1.727 log(𝑅) + 0.178𝑆 [39] 

(3) ln(PGV) = 𝑓𝑚𝑎𝑔 + 𝑓𝑑𝑖𝑠 + 𝑓𝑓𝑙𝑡 + 𝑓ℎ𝑎𝑛𝑔 + 𝑓𝑠𝑖𝑡𝑒 + 𝑓𝑠𝑒𝑑 + 𝑓ℎ𝑦𝑝 + 𝑓𝑑𝑖𝑝 + 𝑓𝑎𝑡𝑛 [35] 

(4) ln (𝑃𝐺𝑉)𝑐𝑚/𝑠𝑒𝑐 = ln[𝑃𝐺𝑉𝑅𝐸𝐹(𝑀𝑤 , 𝑅, 𝑆𝑜𝐹)] + ln [𝑆(𝑉𝑠30, 𝑃𝐺𝑉𝑅𝐸𝐹)] [34] 

(5) 

ln(𝑃𝐺𝑉)𝑐𝑚/𝑠𝑒𝑐 = −1.412 + 0.085𝑀 + 0.094𝑀2

+ [−1.67 + 0.171(𝑀 − 3.6)] log (√𝑅𝑒𝑝
2 + 3.0562)

+ 0.003 (√𝑅𝑒𝑝
2 + 3.0562 − 1)) 

[40] 

Where M is the moment magnitude, and r₀ is the shortest distance (in kilometers) between the site 
and the vertical projection of the seismic fault rupture. Rep is the epicentral distance (km). S = 0 for 
Rock Site and 1 for Soil Site. 

Fig. 13 presents a comparative analysis between the proposed PGV prediction model for soft soil 
sites and several established models from the literature given in Table 7. The comparison of PGV 
values is performed for four representative moment magnitudes: Mw = 4.5, 5.5, 6.5, and 7.5 against 
epicentral distance (EpiD) up to 400 km. 

The Joyner & Boore (1988) model, while foundational for ground motion prediction, exhibits 
significant underestimation of PGV for soft soil sites across all magnitudes (Fig. 13). This 
discrepancy is most pronounced for Mw ≥ 5.5, where the model underpredicts PGV by 40–60% at 
distances <100 km. The deviation stems from the model’s lack of site-specific terms (e.g., Vs30), 
rendering it unsuitable for soft soil applications. These results underscore a critical gap in early 
attenuation relationships: their inability to account for soil amplification effects, which are 
particularly severe in loose, saturated deposits. Consequently, using such models for seismic 
hazard assessment in soft soil regions may lead to nonconservative designs, increasing 
vulnerability to infrastructure damage. 

The Campbell and Bozorgnia (2014) and Akkar et al. (2014) models show region-dependent biases 
when applied to soft soils. Despite its comprehensive framework, Campbell and Bozorgnia (2014) 
overpredicts PGV for moderate magnitudes (Mw = 4.5–5.5), but aligns better for Mw ≥ 6.5, likely due 
to its calibration with California-specific basin effects. Conversely, Akkar et al. (2014) performs well 
for Mw = 5.5–6.5 but diverges at Mw = 7.5, reflecting limitations of its pan-European dataset. Both 
models struggle with very soft soils (Vs30 < 250 m/s), as their functional forms prioritize broader 
applicability over localized nonlinear effects. This highlights a key challenge in ground motion 
modeling: balancing regional generality with site-specific accuracy, particularly for high-risk soft 
soil zones. 

Tusa & Langer (2016)’s model, developed for volcanic environments (Mw ≤ 4.8, EpiD ≤ 100 km), 
performs poorly in this comparison (Fig. 13). Its predictions deviate substantially for Mw ≥ 5.5 and 
distances >100 km, as it neglects crustal earthquake dynamics and deep soil amplification. This 
mismatch emphasizes the dangers of adopting region-specific models outside their intended 
context, particularly when assessing soft soil response to larger, non-volcanic events. Engineers 
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working in tectonic settings with mixed seismicity (e.g., Japan, Central America) should avoid such 
models unless volcanic hazards dominate. 

 
Fig. 13. Comparison of the proposed PGV prediction model for soft soil sites (black line) with 

established models from the literature: Joyner & Boore (1988), NGA-West2 (2014), Akkar et al. 
(2014), Massa et al. (2007), and Tusa & Langer (2016). PGV is plotted as a function of EpiD for 

four different Mw: (a) 4.5, (b) 5.5, (c) 6.5, and (d) 7.5 

The proposed model shows superior agreement with observed PGV trends across all magnitudes 
and distances (Fig. 13), particularly in the 20–300 km range most critical for infrastructure design. 
Its enhanced accuracy derives from three key innovations: (1) explicit Vs30-dependence (180–360 
m/s) to capture nonlinear soil behavior, (2) calibration with global datasets (PEER + ESM) to 
minimize regional biases, and (3) physics-based attenuation terms that account for dual-phase 
decay (rapid near-field vs. stable far-field shaking) in soft soils. Notably, for Mw = 7.5 events, the 
model predicts PGV values 20–30% higher than Campbell and Bozorgnia (2014) at 50–150 km 
distances, accurately reflecting empirical observations of prolonged shaking in soft basins. This 
improvement has direct implications for assessing liquefaction risk and designing long-period 
structures, where PGV serves as a critical demand parameter. 

This comprehensive evaluation demonstrates that conventional ground motion models—whether 
rock-site-based (e.g., Joyner & Boore 1988), regionally constrained (e.g., Akkar et al. 2014), or 
volcanically calibrated (Tusa & Langer 2016)—exhibit systematic limitations in predicting PGV for 
soft soil conditions. The proposed model overcomes these shortcomings through its physics-based 
formulation incorporating Vs30-dependent nonlinearity (180-360 m/s), global dataset integration 
(PEER+ESM), and dual-phase attenuation behavior. Quantitative comparisons reveal its superior 
performance, particularly for critical scenarios (Mw ≥6.5, EpiD = 50-300 km), where it resolves 20-
50% underprediction by existing models. These findings underscore the necessity of adopting site-
specific attenuation relationships in seismic design codes, particularly for vulnerable soft soil 
regions where conventional approaches may compromise structural safety through 
unconservative predictions. The model's validated accuracy across magnitudes (4.5-7.5) and 
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distances (0-500 km) provides engineers with a robust tool for realistic hazard assessment in high-
risk environments. 

4. Conclusion 

This study presents the development of a predictive model for Peak Ground Acceleration (PGA) 
and Peak Ground Velocity (PGV) in soft soil conditions, emphasizing the significant role of soft soil 
in amplifying seismic waves and increasing structural vulnerability during earthquakes. 

The predictive model, based on nonlinear regression analysis, integrates key predictor variables, 
including moment magnitude (Mw), epicentral distance (EpiD), and average shear wave velocity 
over the top 30 meters (Vs30). Analyzing an extensive dataset of over 6790 ground motion records 
from 875 earthquakes (sourced from the PEER and ESM databases), the study underscores the 
importance of site classification, particularly shear wave velocity (Vs30), in assessing ground motion 
characteristics. 

Key Conclusions: 

• The proposed models effectively capture the influence of earthquake magnitude and 
epicentral distance on seismic ground motion in soft soil conditions, showing strong 
agreement with observed data from the PEER and ESM datasets. 

• For PGA, the model accurately describes attenuation trends and magnitude-dependent 
variations. While the ESM dataset predicts slightly higher PGA values, especially at short 
distances, the model aligns well with established attenuation relationships (e.g., Campbell, 
1981; Youngs et al., 1988; Boore et al., 1993). The findings highlight the importance of site-
specific datasets for seismic hazard assessments in soft soil environments, given the faster 
attenuation observed at short distances. 

• Fig. 10 demonstrates that soft soil response exhibits strong dependencies on both 
earthquake magnitude (Mw) and source-to-site distance (EpiD), necessitating specialized 
modeling approaches. Traditional models developed for rock sites or limited regional 
conditions are inadequate for these high-risk areas, highlighting the urgent need to adopt 
soil-specific attenuation relationships in seismic codes and hazard assessments. The 
proposed model addresses this gap, providing reliable predictions for critical engineering 
applications. 

• For PGV, results confirm that earthquake magnitude has a stronger influence than distance, 
with PGV values increasing significantly as magnitude grows. The proposed model predicts 
higher PGV values at short distances than the widely used Joyner and Boore (1988) model, 
emphasizing the role of local soil amplification effects. 

• Overall, the findings validate the reliability of the proposed models for seismic hazard 
analysis in soft soil regions. Comparisons with existing models reinforce the necessity of site-
specific ground motion prediction equations (GMPEs) for accurate seismic risk assessments, 
particularly in areas where soft soil conditions amplify seismic waves. 

To further enhance the accuracy and applicability of these predictive models, future research 
should: 

• Incorporate additional geotechnical parameters for improved ground motion prediction. 
• Develop refined earthquake-resistant design strategies, ultimately enhancing structural 

resilience in seismically active areas with soft soil conditions. 
• Expand the database to include Vs30 < 180 m/s (very soft soils). 
• Incorporate basin depth effects, which may further modulate long-period motions. 

The ground motion prediction equations (GMPEs) developed in this study provide a critical 
foundation for site-specific seismic hazard assessment in soft soils. However, to fully leverage these 
results for engineering applications, future research should investigate the role of soil-structure 
interaction (SSI) in modulating the seismic response of structures subjected to the predicted PGA 
and PGV. Such work would enhance the practical utility of these GMPEs by bridging the gap 
between ground motion prediction and performance-based seismic design, particularly for 
infrastructure in soft-soil regions. 
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