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ABSTRACT The Kathmandu Valley faces high seismic risk due to its Himalayan location and thick
sediments. Traditional horizontal-to-vertical spectral ratio (HVSR) analysis relies on manual
interpretation, limiting scalability. This study introduces automated HVSR, a machine
learning (ML) framework automating HVSR processing for site characterisation. Using a
comprehensive dataset of 2,363 earthquakes from the Kiban Kynoshin network (KiK-net),
a strong-motion network in Japan, three ML models were used to predict the dominant
frequency (f,) from HVSR curves, namely: random forest, support vector regression (SVR)
with a linear kernel, and SVR with a radial basis function kernel. The linear SVR model
demonstrated an R? value of 0.992, root mean square error of 1.54, and mean absolute
error of 1.397 Hz. Bootstrap uncertainty analysis showed narrow confidence ranges
for most samples, confirming stable and consistent predictions. Feature importance
results indicate that the f, and mean frequency carry nearly all predictive weights, while
amplitude-based parameters contribute very little. A feature space overlap assessment
further demonstrated that the f, and amplification ranges in the KiK-net dataset align well
with expected site response characteristics of the Kathmandu Valley. The workflow offers
a practical and scalable solution for data scarce regions and provides a strong foundation
for future microzonation and site response studies.

Key words: feature importance, HVSR, KiK-net, overlap assessment, random forest, support vector
regression, ridge regression, uncertainty analysis.

1. Introduction

Seismology is a critical field of study that aims to understand and mitigate the risk associated
with earthquakes, particularly in urban areas prone to seismic activity. Among the various
techniques employed in seismic analysis, the horizontal-to-vertical spectral ratio (HVSR) method
stands out for its effectiveness in assessing site effects and seismic vulnerabilities. Nakamura
(1989) proposed a novel approach for assessing the dynamic properties of subsurface layers by
analysing microtremors recorded solely at ground surface. The HVSR method is based on the
principle that the ratio between the horizontal and vertical components of ambient or seismic
vibrations reflects the natural resonance characteristics of the subsurface layers, enabling the
estimation of the dominant frequency (f,) of the sites. However, despite its popularity, traditional
HVSR workflows still heavily rely on the manual interpretation of spectral curves, which is time
consuming, subjective, and not scalable for large datasets or rapid hazard assessments (Xu and
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Wang, 2021). Recent efforts have sought to overcome these limitations through automation.
The pioneering automated HVSR (AutoHVSR) algorithm by the Vantassel et al. (2023) instance,
integrated advanced signal processing and ML to automate the calculation of f, and amplification,
with high precision, achieving an accuracy of over 99% and root mean square error (RMSE) as
low as 0.05 Hz, about 138 times faster than manual methods.

This aligns with a broader trend that integrates machine learning (ML) with HVSR analysis,
as seen in Phi et al. (2024) who developed a seismic site classification prediction model by
integrating ML techniques with the HVSR method, where the light gradient boosting machine
combined with outlier detection and the synthetic minority oversampling technique achieved
the highest accuracy of 0.91 and F1 score of 0.79. Similarly, Cai and Xi (2024) proposed a support
vector machine (SVM) based site classification model using HVSR features and strong ground
motion data from the Kiban Kyoshin network (KiK-net) and the Kyoshin network (K-NET) to reduce
reliance on costly borehole data which achieved 76.12% accuracy with strong recall and precision
across site classes, outperforming the spectral ratio and generalised regression neural network
method. Furthermore, Wang et al. (2023) applied ML [random forest (RF), extreme gradient
boosting (XGBoost), deep neural network] to predict site amplification from six key parameters
using 353,327 KiK-net records. XGBoost performed best, and Shapley additive explanations
analysis highlighted parameter importance, proving that ML outperforms traditional ground
motion prediction equations for seismic hazard assessment. Instead, Zhu et al. (2023) compared
a RF model with the traditional one dimensional ground response analysis (GRA) to predict site
amplification. Using data from 1,580 sites for training and 145 for testing, the RF model, which
incorporates parameters such as V_ , peak frequency, and surface roughness, showed lower
intersite variability and more effectively captured site specific characteristics, resulting in more
reliable performance than the GRA approach. Globally, the HVSR method has been extensively
applied to characterise site effects in diverse geological settings. Studies in regions like Semarang
(Supriyadi et al., 2022; Nurwidyanto et al., 2023) and the Kalibening district (Saputra et al., 2022)
focused on the site effects and seismic vulnerability using the HVSR method to determine key
parameters such as f, soil amplification, and the seismic vulnerability index, providing valuable
models for regional seismic risk assessment. Lachet and Bard (1994) validated HVSR results with
earthquake recordings, and Nogoshi and Igarashi (1971) contributed to the methodology by
analysing soil response characteristics using microtremors. In the context of Nepal, Dhakal et al.
(2016) analysed the HVSRs of S waves from aftershock data and found that the basin sediments
significantly amplified the long period ground motion components generated by the mainshock
and subsequent large aftershocks, while Pokhrel et al. (2019) used the HVSR technique to
calculate the average shear wave velocity for the Kathmandu Valley. Similarly, Poudyal et al.
(2024) conducted nonlinear (NL) ground response analysis to calculate the vulnerability index
(0.22 to 21.84.) based on soil amplification (0.13 to 8.14.) and £, (0.08 to 7.65 Hz). Poudyal et
al. (2026) compared equivalent linear (EL) and NL site response analyses for the Kathmandu
Valley using DEEPSOIL, borehole data, and ground motions from the 2015 Gorkha and 1995 Kobe
earthquakes. Statistical analyses in MATLAB were used to examine the peak ground acceleration
(PGA) and displacement relationship. The results show that the NL analysis better captures soil
nonlinearity, with the Gorkha NL case indicating strong displacement reduction and more than
50% lower estimates than the EL, emphasising the importance of NL analysis for reliable seismic
hazard assessment.

Tiwari et al. (2025) applied three ML models to predict earthquake magnitudes greater than
6 m, in central Himalaya in 2015. Among them, the RF regressor demonstrated the best overall
performance, achieving the lowest mean absolute error (MAE) of 0.36, mean square error
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(MSE) of 0.23, and RMSE of 0.48, along with the highest accuracy (0.16), indicating its superior
prediction capability. The support vector regression (SVR) followed closely, with a MAE of 0.35,
MSE of 0.24, RMSE of 0.49, and an accuracy of 0.13. In contrast, the multilayer perceptron
regressor performed the worst, yielding the highest error values with a MAE of 0.40, MSE of 0.27,
and RMSE of 0.52, and the lowest accuracy at just 0.016. Similarly, Poudyal Lohani et al. (2025)
evaluated seismic amplification in Bhaktapur by combining NL site response analysis (DEEPSOIL)
for the 2015 Gorkha and 1995 Kobe earthquakes with ML [SVR, linear regression (LR), RF, ridge
regression (RR)] to predict PGA and amplification ratio. Results show higher amplification in
central and south-eastern areas, with LR and RF providing the most accurate predictions and RF
showing the best generalisation.

The review by Poudyal et al. (2022, 2025a) emphasises the urgent need for seismic
microzonation as a critical tool for earthquake risk mitigation, particularly for guiding authorities
and policymakers. With increasing urbanisation and unregulated development, communities
remain highly vulnerable to future earthquakes potentially more severe than the 2015 Gorkha
event (Poudyal et al., 2025c). Similarly, Poudyal et al. (2025b) conducted a topographic analysis
of the Kathmandu Valley and found that areas with low topographic slopes, primarily in the
central valley, exhibit higher soil amplification due to unconsolidated sediment deposits. Despite
these efforts, a fully AutoHVSR ML framework for local site response analysis has not yet been
implemented for Nepal.

To address these limitations, this study introduces enhanced AutoHVSR, a fully AutoHVSR
analysis framework that integrates ML models, including RF, SVR, and RR. AutoHVSR estimates key
site response parameters like f, and the amplification factor, with minimal human intervention.
Unlike traditional approaches, this automated framework improves reproducibility, enables rapid
processing across large datasets, and enhances consistency in resonance peak identification.
This study adapts and applies the AutoHVSR framework to data from the KiK-net strong motion
network and extends its application to the Kathmandu Valley. This region, characterised by dense
urbanisation, complex sedimentary layering, and limited strong motion data, presents an ideal
test case for AutoHVSR workflows. By demonstrating the accuracy and scalability of AutoHVSR in
this context, this research lays the foundation for data-driven seismic site characterisation that
can enhance infrastructure resilience, urban planning, and earthquake disaster preparedness in
the central Himalayas.

2. Methodology

2.1. Dataset and study area

The dataset utilised in this study is publicly accessible on the KiK-net website (National
Research Institute for Earth Science and Disaster Resilience, n.d.). KiK-net is a prominent strong
motion seismograph network operated by the National Research Institute for Earth Science
and Disaster Resilience in Japan, consisting of 513 stations distributed across the country. This
unique configuration provides valuable insights into seismic wave propagation through different
geological layers. The dataset utilised in this study consists of 2,363 earthquakes recorded
during the past years, more precisely from 2010 to 2025. While the ML models were trained and
validated using KiK-net data from Japan, the broader aim of this study is to develop a robust,
transferable framework, AutoHVSR, that can be applied to data scarce regions such as the
Kathmandu Valley. This is especially relevant given the limited availability of local strong motion
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recordings in Nepal, combined with the complex geological setting and high seismic risk in the
valley.

2.2. Data preprocessing and signal processing

The rich KiK-net dataset enables the development of reliable ML models, which can be
fine-tuned in future work using local microtremor and geological data from the Kathmandu
Valley.

This study employs a systematic approach that integrates HVSR analysis with ML techniques
to assess seismic site characterisation. The workflow begins with the acquisition of seismic
waveform data, consisting of time series measurements of ground motion in three directions:
N-S, E-W, and vertical. Data preprocessing is performed to handle missing values, remove extreme
outliers exceeding +5 standard deviations (o), and ensure proper scaling for ML applications.
A fourth order low pass Butterworth filter with a cutoff frequency of 20 Hz is applied to the
detrended signals to remove high frequency noise. The workflow of the proposed AutoHVSR
framework, integrating HVSR computation and ML for f, prediction, is illustrated in Fig. 1. The
schematic diagram outlines the sequential process starting from data acquisition from the KiK-
net, preprocessing and filtering, HVSR computation, feature extraction, and subsequent ML
model training and evaluation.

Data acquisition
Seismic waveform data | -
(N-S, E-W and vertical) » Machine learning

Y
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Fig. 1 - Methodological flowchart illustrating the AutoHVSR framework integrating HVSR computation and ML.
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2.3. Horizontal-to-vertical spectral ratio computation

The horizontal seismic component (H) is calculated by combining the east and north
components. First, the signals are standardised by dividing them by their respective o . His, then,
computed [Eq. (1)] as the root sum of squares of the east and north components:

\/(North — South)2 + (East — West)?
= \/E

To determine the f, the fast Fourier transform (FFT) is applied to H, and the frequency with
the highest spectral amplitude is identified. The f, corresponds to the frequency at the peak of
the power spectral density:

H (1)

Ja= fpeak (Pn) (2)

where P is the normalised horizontal spectrum.
The HVSR is calculated by dividing the horizontal spectrum by the vertical spectrum. The
formula for the HVSR is:

H__PH (3)
%4 Py

where, P, and P, are the positive half of the Fourier magnitude spectra of the horizontal and
vertical components, respectively. The resulting HVSR curves were smoothed using a moving
average filter to reduce noise while preserving essential spectral features. From each HVSR
curve, five key features were extracted to serve as inputs for the ML models. These features
are peak amplitude, f,, mean amplitude, and frequency weighted average. The f, served as the
target variable for regression modelling.

2.4. Machine learning framework

Three supervised regression models were implemented to predict f, extracted from HVSR
results based on the engineered features:

1) RR (with automatic lambda selection using cross validation);

2) SVR method with linear and SVR method with linear, and radial basis function (RBF)

(Gaussian kernel);

3) RF regression with 500 learning cycles.

Hyperparameter tuning was handled using MATLAB built in optimisation routines to
ensure stable model performance. For RR, regularisation parameter A was selected using five-
fold internal cross validation. For SVR (linear and RBF), MATLAB automatic hyperparameter
optimiser adjusted C, &, and kernel scale parameter y based on standardised features. For RF,
bootstrap aggregation with 500 trees was used, where parameters such as split criteria and
tree depth were optimised internally. These optimised values are not directly exposed to the
user, because MATLAB computes them internally during training. Table 1 summarises the main
hyperparameters and the optimisation strategy used for each model.

RR is a regularised linear regression model that incorporates L, regularisation to prevent
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Table 1 - Hyperparameter configuration.

Model Key parameters Optimisation method Configuration details
Ridge Regression Regularisation Five-fold cross A automatically selected by
(RR) coefficient (A) validation MATLAB (final value = 0.008547)
SVR (i c MATLAB automatic C and € optimised with
(linear) '€ hyperparameter tuning standardisation applied
SVR (RBF c MATLAB automatic C and € optimised with
(RBF) a4 hyperparameter tuning standardisation applied
Bootstrap aggregation
Random Forest (RF) Number of trees (b:gggiﬁg)g 500 trees with bootstrap sampling

overfitting. It minimises the residual sum of squares while adding a penalty proportional to the
square of the magnitude of the coefficients. The model optimises the following cost function:

n 14
min Z(}’i —x;B)? +AZ B}
N = =

where, y is the actual f, (Hz) for the " sample; x.is the feature vector (x, x, x,, X,,, x.) where x
is the peak amplitude HVSR, x . is the f,, x _ is the mean amplitude HVSR, x,, is the o of amplitudes,
and x_ is the frequency weighted average; B represents the model coefficients (8,, B,, B,, B,,
B.) representing the weight of each HVSR feature; A is the regularisation parameter selected
automatically using five-fold internal cross validation; n is the number of training samples; and p
is the number of features (five HVSR parameters).

In the context of HVSR analysis, the RR model establishes the linear relationship between
the five extracted HVSR features and the f,. Coefficients B; through Bs quantify how much
each feature contributes to the f, prediction. For instance, a high positive 8; indicates that
higher peak amplitudes strongly correlate with higher fs, while regularisation ensures
that correlated features (like peak amplitude and mean amplitude) do not lead to unstable
predictions.

SVR extends the principles of SVMs to regression tasks by finding a function that deviates from
the actual values by no more than the tolerance parameter for each training point. A Gaussian
kernel, also known as the RBF, transforms the input features into a higher dimensional space to
effectively capture and model NL relationships.

The Gaussian kernel is expressed as:

K (x, x) =exp (-ylle x"|I’) (4)

where x and x’ represent pairs of feature vectors from the training dataset of 1,654 training
samples. Here x is a feature vector in a five-dimensional space, namely: x=(x1,x2,x3,x4,x5)
where: x1 represents the peak amplitude, x2 the peak frequency, x3 the mean amplitude, x4
the o of amplitude, and x5 the frequency weighted average. | |x -x'| | is the Euclidean distance
between the two feature vectors x=xi=(xi1,xi2,xi3,xi4,xi5) and x’=xj=(xj1,xj2,xj3,xj4,xj5) in the
five-dimensional space; y the Kernel scale parameter optimised during training. This kernel
effectively measures the similarity between HVSR feature profiles, enabling the model to make
predictions based on the f s of seismically similar sites in the training data.
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RF regression, an ensemble learning method based on decision trees, was employed with
500 learning cycles to reduce overfitting and variance by averaging predictions across multiple
decision trees. The prediction function of a RF model is given by:

y =231 fu®) ()

where T is the total number of trees (500), and f, (x) represents the prediction of the t*" tree for
input feature vector x; x is the input feature vector containing the five HVSR parameters; and y
is the predicted f, (Hz).

For HVSR analysis, each decision tree in the RF learns to split the data based on the threshold
values of the five features. For example, a tree might first split sites based on whether their
peak amplitude exceeds 2.5, and, then, further split based on frequency weighted average
being above or below 1.2 Hz. The ensemble of 500 such diverse trees captures complex NL
relationships between HVSR curve characteristics and £, that would be difficult to model with
single parametric equations.

Each tree is trained on a bootstrapped subset of the training data, with feature selection
performed at each node to reduce correlation between trees. The final output is calculated by
taking the average of the predictions made by all individual trees in the ensemble. RF regression
is highly robust against overfitting and works well with both linear and NL data distributions,
making it suitable for seismic vulnerability prediction. A five-fold cross validation strategy was
adopted to evaluate performance, ensuring that each observation was used for training and
testing exactly once. The training dataset (70% of total data, approximately 1,654 samples) was
randomly partitioned into five equal-sized subsets or folds, each containing approximately 331
samples. During each iteration of the cross validation process, four folds (approximately 1,324
samples) were used for model training, while the remaining single fold (approximately 331
samples) served as the validation set.

The cross validation process specifically addressed the fundamental challenge in the
HVSR-based prediction ensuring that models generalise to new seismic sites not seen during
training. The iterative rotation of different validation subsets demonstrates that the extracted
relationships maintain robustness across varying geographic distributions and are not biased
towards specific earthquake events in the Japanese dataset. This procedure was repeated five
times, with each fold serving exactly once as the validation set, ensuring that every observation
in the training data was used for both training and validation. The cross validation process served
multiple critical purposes: 1) hyperparameter optimisation for each algorithm, including A in
RR, y in SVR RBF, and tree depth in RF; 2) model selection by comparing average performance
across folds; and 3) variance reduction in performance estimates by providing five different
train validation splits. Following cross validation on the training set, the best performing model
configurations were retrained on the entire training dataset and evaluated on the completely
held out test set (30% of total data, approximately 709 samples) that had no involvement in
the cross validation process. Beyond standard RMSE and R? metrics, the MAE was computed
to provide a multi-faceted performance assessment. Uncertainty quantification was performed
through three complementary approaches: 1) Residual-based prediction intervals derived
using the independent test dataset. The residuals between observed and predicted f s were
assumed to be approximately normally distributed. The o of these residuals was computed, and
95% of the prediction intervals were defined as +1.960 around each prediction. This approach
provides an interpretable measure of expected prediction error and reflects aleatory uncertainty
arising from data variability. 2) Bootstrap uncertainty estimation was applied to quantify model
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stability and sensitivity to training data sampling. A total of 30 bootstrap resamples were
generated from the training dataset, and a RF model was trained on each resampled dataset.
Predictions from all bootstrap models were aggregated to compute the o of predictions for each
test sample, representing epistemic uncertainty associated with model structure and limited
data availability. 3) Uncertainty calibration was evaluated using coverage probability analysis.
The proportion of test observations falling within the estimated 95% of the prediction intervals
was calculated to assess whether the uncertainty bounds were statistically meaningful and well
calibrated. Coverage values close to the nominal confidence level indicate reliable uncertainty
estimates and strengthen confidence in model deployment. In addition, feature importance
analysis was conducted for all models built in feature ranking to identify the most influential
HVSR parameters for f, prediction. A rigorous validation framework was implemented to assess
model performance and quantify prediction uncertainty. The dataset was partitioned using a
70-30 hold out split, with 30% reserved as an independent test set for final evaluation. Multiple
performance metrics and uncertainty quantification methods were employed as detailed in
Table 2.

Table 2 - Model evaluation metrics and uncertainty analysis methods applied to HVSR f, prediction. In the formulas y,
represents the actual values, y, the predicted values, y the mean of actual values, o the standard deviation, B the 100
bootstrap iterations, T the number of trees, and Altjthe impurity decrease for feature j in tree t.

Category Metric Formula
1 n
Performance metrics | Root mean square error (RMSE) RMSE =, [— Z (vi— 5),-)2
n
i=1
1 n
Mean absolute error (MAE) MAE = — Z lyi=%:D)
n
i=1
2
X (i)
Coefficient of determination (R?) el
h <yi —7>
Uncertainty methods | Residual-based prediction intervals Plysq, = £ 1.96%0,,,
Bootstrap un uncertaint o) = Li((A - ”)2
p y bootstrap — \ B_1 &~ p—Y
1 &
Feature analysis Feature importance Importancej = 7 Z A I,’j
=1

The comprehensive evaluation included: 1) multi metric performance assessment on the
independent test set; 2) three tier uncertainty quantifications using residual analysis, bootstrap
sampling, and coverage probability; and 3) feature importance analysis to identify the most
influential HVSR parameters. This integrated approach ensures reliable model assessment and
provides practical uncertainty estimates for seismic site characterisation applications in data
scarce regions.

Although the training was performed on Japanese data, the AutoHVSR framework is
designed to be adaptable. The relationships learned, such as the link between the HVSR curve
shape and f, are expected to hold under similar geological conditions, including those present
in the Kathmandu Valley, which are characterised by thick, unconsolidated sediment layers,




ML-driven HVSR analysis for site characterisation in the Kathmandu Valley Bull. Geoph. Ocean., XX, XXX-XXX

topographic basins, and urban exposure to seismic hazards. By establishing this methodology, a
scalable and AutoHVSR analysis pipeline is provided and can be applied to regions with sparse
seismic instrumentation. Future work will focus on integrating local microtremor recordings and
geotechnical data from Kathmandu, further refining the model for region specific conditions.
Ultimately, this approach supports improved seismic microzonation and vulnerability assessment
in one of Nepal’s most earthquake prone urban environments. All ML implementations were
performed in MATLAB R2018a using built in functions with standardised preprocessing. Feature
vectors were automatically z-score normalised before SVR training, while RR and RF models used
the raw feature values as specified in their respective mathematical formulations.

2.5. Regional transferability evaluation

To evaluate whether HVSR features derived from the KiK-net database can be transferred to the
Kathmandu Valley conditions, a feature space overlap assessment was performed. Distributions
of f,and peak amplification from Japanese sites were compared with the expected site response
characteristics of the Kathmandu basin. For the Kathmandu Valley, the representative values
of f, and amplification ratio were taken from Poudyal et al. (2024). Since both regions consist
of deep sedimentary deposits that typically resonate within the low to mid frequency range,
this comparison provides a basis for assessing geological compatibility between the datasets.
The observed overlap in the primary frequency band and amplification pattern shows that the
Japanese recordings capture basin behaviour that is broadly similar to that of the Kathmandu
Valley. This provides the quantitative justification for using KiK-net-based HVSR features as inputs
to the ML models developed for site classification and microzonation.

3. Results

This section presents the comprehensive results obtained from the HVSR analysis and
subsequent ML model implementations. The findings are derived from the KiK-net dataset
comprising 2,363 earthquake recordings (2010-2025) and are organised to systematically
evaluate: 1) the temporal variations in site response characteristics across Japanese seismic
stations, 2) comparative performance of the three ML models in predicting f, 3) robust
uncertainty quantification through multiple statistical approaches, and 4) identification of the
most significant HVSR features controlling site response prediction. The primary objective of this
analysis is to validate the accuracy of the AutoHVSR framework and reliability for f, estimation,
establishing its potential for transferability to data scarce regions like the Kathmandu Valley.

3.1. HVSR characteristics and temporal variations

The HVSR analysis reveals significant insights into site response characteristics across
Japanese seismic stations. Fig. 2 presents the yearly distribution of HVSR curves from 2010 to
2025, generated using the KiK-net strong motion dataset. Each subplot illustrates the variability
in spectral amplification across different seismic events and sites within a given year. While
individual HVSR curves (in multiple colours) reveal diverse resonance characteristics, the bold red
line represents the mean HVSR response for each year, highlighting consistent peak frequency
trends.

The yearly mean HVSR plots from 2010 to 2025 demonstrate significant variability in
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Mean HVSR Curves (2010-2025) —2010—2011—2012—2013
—2014—2015—2016—2017
—2018—2019—2020—2021

—2022—2023—2024—2025

Freque%l%y (Hz) 12

Fig. 2 - Yearly mean HVSR curves derived from KiK-net records from 2010 to 2025. Each curve represents the annual
average HVSR computed from all available seismic recordings for the corresponding year.

amplification characteristics, reflecting diverse site conditions across Japan and offering valuable
insights for future application in the Kathmandu Valley. The curves for 2010 and 2011 show
moderate amplification with broad peaks, which is typical of relatively stiff soil profiles with low
resonance concentration. By 2012 and 2013, several sharp peaks appear in the lower frequency
range (5 to 15 Hz), indicating sites with thicker soft sediments that are more susceptible to ground
motion amplification. This pattern continues in 2014 and 2015, with visible high amplitude peaks
reaching above 20, typical of unconsolidated, deep alluvial deposits.

In contrast, the curves for 2016 and 2017 present more scattered spectral behaviour with
relatively flatter responses, possibly representing mixed site conditions or stiffer geologic layers.
The 2018 to 2020 period shows a return to prominent low frequency amplification patterns,
suggesting a reappearance of soft soil site recordings, particularly in 2019, where sharp peaks
at around 6-10 Hz dominate the mean response. The more recent years, 2021 to 2025, exhibit
generally smoother mean HVSR curves, although isolated high peaks are still observed in
individual sites, reflecting continued diversity in local site geology. These yearly variations in
HVSR characteristics mirror the heterogeneity of subsoil conditions captured across the KiK-
net and confirm the robustness of the feature extraction process used for training ML models.
More importantly, such variations resemble conditions expected in the Kathmandu Valley, where
unconsolidated sediment thicknesses vary spatially and influence amplification behaviour. By
analysing how HVSR patterns evolve annually across diverse sites, this study builds a transferable
knowledge base that can be applied to data scarce regions, like Kathmandu, for improved site
classification and seismic risk reduction.

3.2. Model performance metric

Four ML models were trained and tested to predict the f, from HVSR-based features. Their
performance was evaluated using R%, RMSE, and MAE. The comparison is shown in Fig. 3.

Across all metrics, the linear SVR model exhibits the highest predictive accuracy, characterised
by the highest R? and the lowest RMSE and MAE values, while the remaining models show
comparable but comparatively reduced performance. This multi-metric comparison highlights
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the consistency of model ranking and supports the selection of linear SVR as the most reliable
predictor within the evaluated framework. The linear SVR model gave the strongest performance
across all metrics. It reached a R? of 0.992 (Fig. 3a), which means it explained nearly all of the
variance in the test data. Its RMSE reached 1.546 Hz (Fig. 3b) and the MAE (1.397 Hz, Fig. 3c)
was also the lowest among the four models, showing that its prediction errors were small and
consistent. The RR model performed well but remained slightly behind the linear SVR model. Its
R? was 0.971 and its errors were greater (RMSE 2.897 Hz, MAE 2.134 Hz). The predictions were
stable but not as accurate as the linear SVR model. The SVR RBF model showed a mixed pattern.
Even though its R? stayed reasonably high at 0.955, it produced the highest RMSE (3.622 Hz).
This suggests that the NL kernel did not generalise well on this dataset and tended to produce
larger deviations on some test samples. The RF model also reached a solid R? (0.963), but its
RMSE (3.294 Hz) and MAE (2.333 Hz) were higher than both the linear SVR model and the RR
model. This indicates that the ensemble model captured the general trend but was less precise
at predicting exact f, values. The scatter plot (Fig. 4) compares the actual f s with the values
predicted by the four models. Most of the points from all models fall close to the 1:1 reference
line, which shows that the models are able to capture the overall trend of the data.

The clustering of points along this line indicates the relationship between the input features
and the site frequency. RR shows a tight alignment with the reference line across the full range,

11
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including the higher frequency values above 40 Hz, which suggests stable performance and low
variance. Both SVR models perform consistently, although the linear version shows slightly more
spread in the middle frequency range. The RBF version handles nonlinearity better, which is
visible in its improved fit in the low to mid frequency range. RF tends to match the actual values
well, but shows a few scattered points above 30 Hz. These outliers indicate that the model may
slightly overfit or underfit in regions where data density is low.
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3.3. Uncertainty analysis

The residual histogram of the linear SVR model shown in Fig. 5 shows how well the predicted
f,s match the observed values.

Most of the residuals fall between about -2.5 Hz and +2.5 Hz, with a clear concentration on
the negative side. This indicates that the model tends to slightly overpredict the frequency for
many records. The distribution is not perfectly symmetric, but remains centred close to zero,
which means the model does not show a strong systematic bias. A few larger positive residuals
appear beyond +2 Hz, suggesting occasional underprediction for higher frequency sites. The
overall spread of the residuals supports the RMSE and MAE values reported earlier and confirms
that the linear SVR model provides stable predictions with moderate random error and limited
extreme deviations.

Fig. 6 presents the comparison between the predicted and actual frequency values using
a bootstrap-based model evaluation approach. The blue line represents the bootstrap mean
predictions, while the green shaded region indicates the 95% confidence interval (Cl), showing
the uncertainty range of the predicted frequencies. The blue dots correspond to the actual
observed frequency values for each sample.

The predicted frequencies closely follow the actual data trend, indicating that the model is
capable of capturing the NL variability in frequency response with a high degree of accuracy.
The narrow Cls for most samples suggest low prediction uncertainty and model stability. A
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Residual Distribution: SVR Linear
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Fig. 5 - Residual distribution of the linear SVR model showing the difference between actual and predicted f s. Most
residuals cluster near zero, indicating stable model performance with limited large errors.
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Fig. 6 - Comparison of predicted and actual frequencies using the bootstrap approach. The blue line represents the
bootstrap mean, the green shaded area indicates the 95% Cl, and the blue dots denote actual frequency values,
showing strong agreement between model predictions and observed data.

few samples show relatively wider confidence bands, particularly at higher frequency ranges,
implying greater variability or possible data sparsity in those zones. The close alignment
between the bootstrap mean and actual values across the majority of samples demonstrates the
robustness of the model in estimating frequency parameters. This consistency further supports
the reliability of the employed prediction framework in modelling frequency dependent site
response characteristics.

To further quantify model uncertainty, Fig. 7 illustrates a detailed comparison between
residual-based and bootstrap-based uncertainty metrics. Fig. 7a shows the residual distribution,
where most residuals are centred near zero, indicating that prediction errors are unbiased and
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well distributed. The residual o of 1.558 Hz and a 95% Cl of +3.054 Hz confirm moderate variability
with limited extreme deviations. Fig. 7b presents bootstrap uncertainty distribution, which
estimates prediction variability through repeated resampling. The mean bootstrap uncertainty
is 1.357 Hz with a o of 0.394 Hz, suggesting consistent model performance across resamples.
Fig. 7c compares multiple uncertainty indicator residual g, 95% Cl / 1.96, and bootstrap mean
uncertainty showing strong agreement and a coverage rate of 70%. These results confirm that
the linear SVR model captures prediction uncertainty effectively and provides stable, reliable
estimates of the f.

3.4. Feature analysis

Fig. 8 illustrates the relative importance of input features, such as peak amplitude, peak
frequency, mean amplitude, o of amplitude, and mean frequency, across four ML models: RR,
linear SVR, SVR RBF, and RF. The heatmap and bar plots clearly indicate that the peak frequency
is the most dominant feature in all models, while the contributions of other parameters are
minimal.

For the RR model, peak frequency (0.51) and mean frequency (0.43) exhibit comparatively
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higher importance, suggesting that frequency related parameters significantly influence model
prediction. Mean amplitude (0.04) and o of amplitude (0.02) show very low contributions, and
peak amplitude is almost negligible. Similarly, both linear SVR and SVR RBF models highlight peak
frequency as the most influential variable, with importance values of 0.98 and 0.91, respectively,
while all other features contribute less than 0.1. This pattern indicates that variations in the f,
play a decisive role in determining the output of these models. The RF model shows a feature
importance distribution nearly identical to RR, again emphasising peak frequency and mean
frequency as key predictors.
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Fig. 8 - Feature importance comparison of RR, linear SVR, SVR RBF, and RF models. a) Heatmap of normalised feature
importance values for RR, linear SVR, SVR RBF, and RF models, illustrating the relative contribution of each HVSR
derived feature across algorithms. b) Feature importance obtained from the RR model, highlighting the role of peak
frequency. c) Feature importance from the linear SVR model, showing a strong dependence on peak frequency
with negligible contribution from amplitude-based parameters. d) Feature importance from the SVR RBF model,
demonstrating a consistent importance pattern despite differences in model structure.
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3.5. Regional transferability evaluation

The histograms (Fig. 9) show that the KiK-net dataset covers a wider and more continuous
range of peak frequencies and peak amplifications compared to the values reported by Poudyal
et al. (2004). In Fig. 9a, most of the KiK-net sites fall roughly between 1 and 12 Hz, with a
dense concentration near the upper part of this range. The minimum and maximum values
reported in the earlier Kathmandu Valley study lie inside this distribution but represent only
a narrow portion of it. This indicates that the local study captured the primary basin response
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Fig. 9 - Feature space overlap between KiK-net HVSR characteristics and the expected site response range for the
Kathmandu Valley. a) Histogram of f, derived from the KiK-net database, with the minimum and maximum values
reported for the Kathmandu Valley based on Poudyal et al. (2004) indicated by dashed lines. b) Histogram of peak
amplification from the KiK-net, with the corresponding Kathmandu Valley range shown for reference. c) Joint
distribution of peak frequency and peak amplification for KiK-net stations, overlaid with the expected Kathmandu
Valley response envelope, illustrating the degree of overlap in the combined feature space. d) Quantitative similarity
indices summarising the overlap for frequency, amplification, and their combined behaviour.
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but did not sample the full variability that appears in a larger and more diverse strong motion
dataset.

A similar pattern is evident in the amplification histogram (Fig. 9b). KiK-net values exhibit
a long tail with amplifications exceeding 30, whereas the range from Poudyal et al. (2024) is
comparatively short and located in the denser part of the distribution. This suggests that the
earlier findings are consistent with the central tendency of KiK-net observations but do not
represent the full range of potential amplification levels observed in deep or highly stratified
sedimentary sites. The scatter plot (Fig. 9c) of peak amplification versus peak frequency
reinforces this interpretation. KiK-net sites produce a cloud of points with substantial vertical
spread, reflecting strong site-to-site differences in amplification even at similar frequencies. The
rectangular region representing Poudyal et al. (2004) occupies a small, low amplification corner
of the plot. This highlights that the Kathmandu Valley values fall within the KiK-net envelope
but do not extend into the higher amplification domain, which is often associated with thicker
or more NL sediment profiles. The similarity plot (Fig. 9d) provides a quantitative comparison
between the two datasets. The frequency similarity of about 42.4% suggests moderate overlap,
indicating that the f s reported for the Kathmandu Valley correspond to a subset of the broader
KiK-net distribution. The amplification similarity of 62.4% is higher, showing that the Kathmandu
Valley amplification levels align more closely with typical KiK-net behaviour. The overall similarity
of 52.4 percent reflects partial agreement, consistent with the idea that the regional dataset
captures the main response characteristics but lacks the diversity present in the larger Japanese
database.

Although the ML models were trained using data from Japan, the geological characteristics
of the Kathmandu Valley make this approach broadly transferable. The valley contains thick
Quaternary sediments, complex basin geometry, and limited strong motion instrumentation,
conditions that parallel many KiK-net sites. The feature space overlap assessment further shows
that the f, and amplification patterns occurring in Japanese sedimentary basins fall within the
expected response range of the Kathmandu Valley. This suggests that the relationships learned
from KiK-net, including the link between HVSR curve shape and peak frequency, remain valid
for Kathmandu-like environments. The present results, therefore, provide a proof of concept,
demonstrating that HVSR-based ML can support scalable site characterisation and microzonation
in data scarce regions. In future work, the framework will be fine-tuned using locally collected
microtremor or seismic data to capture region specific behaviour more accurately and enhance
its applicability to the Kathmandu Valley.

4. Discussion

The comparative analysis of the developed ML models demonstrates that the framework
effectively captures the relationship between HVSR-derived features and the site f,. The close
clustering of predicted and observed frequencies along the 1:1 reference line confirms the
robustness and reliability of the models. The linear SVR model, in particular, exhibited the highest
predictive accuracy with a R? of 0.992 and the lowest RMSE and MAE values, indicating that
the frequency—feature relationship in this dataset is predominantly linear. RR also performed
consistently, though with slightly higher prediction errors, while RF and SVR RBF models showed
moderate deviations at the extremes of the frequency range. These differences suggest that,
while NL and ensemble approaches can capture complex variability, the linear mapping between
frequency and HVSR parameters remains dominant for the studied dataset. The selected
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performance metrics were chosen to reflect both statistical accuracy and practical applicability
of the proposed workflow. RMSE provides a direct measure of prediction error in physical units,
which is particularly important for seismic site characterisation where absolute errors can
influence ground motion estimates and design decisions. The R? complements this by indicating
how well the model captures spatial and site-specific variability in amplification characteristics.
Together, these metrics enable the assessment not only of the predictive accuracy but also of
the reliability of the model for real-world deployment, especially in data-scarce regions where
robust and interpretable performance measures are essential.

The residual-based and bootstrap-based uncertainty analyses further confirm the model’s
stability. Most residuals clustered near zero, indicating minimal systematic bias, while the narrow
95% Cls highlight low uncertainty and consistent performance across samples. Minor deviations
at higher frequency values likely arise from sparse data distribution and variations in site specific
soil conditions, particularly at sites with stiffer or thinner sedimentary layers. Despite these
variations, the predictive reliability of the model remained strong, demonstrating its potential
applicability beyond the original KiK-net dataset.

The feature importance evaluation provides valuable insights into the physical meaning
behind the model performance. Across all four models, peak frequency consistently emerged as
the most influential feature, followed by mean frequency, while amplitude related parameters
contributed marginally. This dominance of frequency parameters underscores their fundamental
role in representing site stiffness and resonance characteristics, aligning with established
seismological understanding. The results validate that frequency domain features derived
from HVSR analysis carry the most critical information for predicting site response behaviour.
Beyond standard performance metrics, statistical robustness was evaluated through multimodel
consistency, uncertainty calibration, and feature dominance analysis across a large number of
stations and recording years. The convergence of model performance metrics, stable residual
distributions, and consistent feature importance rankings across different learning algorithms
indicates that the learned relationships are not site specific artefacts but reflect general site
response behaviour captured within the KiK-net. This internal statistical consistency provides
indirect but meaningful evidence supporting the methodological transferability of the proposed
framework. Nevertheless, full confirmation of regional generalisability requires validation using
independent datasets from geologically distinct areas, which is identified as an important
direction for future work.

The overall consistency of the findings shows that the proposed ML framework can function
as a dependable predictive tool for site classification and seismic microzonation. The ability
of the model to learn stable relationships from the KiK-net database suggests its potential for
transferability to other tectonically active basins. For the Kathmandu Valley, where deep sediment
deposits and basin geometry resemble conditions at several KiK-net sites, the framework offers a
practical approach for regions with limited ground motion records. By connecting HVSR derived
spectral features to f, through interpretable ML models, this study outlines a scalable path
for estimating regional site response and supporting improved seismic hazard mapping in the
central Himalayas.

The use of HVSR-based features also strengthens the applicability of the model beyond
Japan, since the predictive variables reflect physical soil properties rather than region specific
characteristics. Parameters such as peak and mean frequency primarily capture impedance
contrast and sediment stiffness, which follow similar trends across many sedimentary basins.
Previous studies report that the Kathmandu Valley exhibits site periods and amplification
levels that fall within the feature ranges observed in the KiK-net, further supporting the
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model suitability for Nepalese conditions. This alignment indicates that the framework can
operate reliably in Kathmandu, provided that local sites share comparable frequency domain
characteristics.

The results align with the broader pattern reported in earlier studies that combined HVSR
analysis with ML. Previous studies showed that HVSR features contain enough structure for ML
models to extract reliable information about site behaviour, whether the goal is automated
peak picking, site classification, or amplification prediction. The strong performance of the
linear SVR model in this study supports such trend. It shows that f, can be predicted with
consistent accuracy using a small set of HVSR-derived features, similar to how earlier studies
used HVSR to classify sites or estimate amplification. The finding that frequency related
parameters carry most of the predictive weight is also consistent with the AutoHVSR results
reported by Vantassel et al. (2023) and with the feature importance patterns observed in more
complex models such as those used by Wang et al. (2023). While this study focuses on f, rather
than amplification or site class, the overall behaviour of the model fits well within the growing
body of evidence that ML provides stable and interpretable improvements in HVSR-based site
characterisation.

While the results are promising, several limitations should be noted. The dataset contains
1,654 samples, which is less than the datasets used in earlier large scale studies. A limited dataset
can restrict the range of soil profiles represented and may reduce the model ability to recognise
rare or extreme site conditions. Another limitation is the regional focus of the data. All records
originate from Japan, and although many KiK-net sites resemble sedimentary basins found in the
Kathmandu Valley, regional bias may still influence the learned relationships. The final limitation
is the reliance on standard algorithms such as SVR, RR, and RF. These methods work well but do
not use domain specific constraints or recent advances in transfer learning that may improve
cross regional applicability.

To directly address these limitations and advance the development of robust, globally
applicable site-response models, we propose a multi-faceted strategy for future work:

1. cross-regional validation and benchmarking. A critical next step is systematic

validation against datasets from diverse tectonic and geological settings (e.g. Taiwan,
Italy, California, and, specifically, the Kathmandu Valley). We recommend a phased
validation strategy, beginning with geologically analogous regions before testing in
contrasting settings. Establishing open benchmark datasets and standardised evaluation
protocols would enable objective comparison across studies and help quantify regional
biases;

2. data integration and feature enhancement. To mitigate regional bias and improve
generalisability, future models should integrate publicly available global data from networks
like Center for Engineering Strong Motion Data and NGA-West2. Concurrently, expanding
the feature set to include parameters such as V_ , resonance frequency bandwidth, or
morphological indicators of the HVSR curve shape could capture a broader spectrum of
site variability;

3. advanced modelling techniques. These move beyond standard algorithms, thus propose
exploration;

4. domain adaptation and transfer learning. A model pre-trained on the large Japanese
dataset can be fine-tuned with a smaller set of local recordings (e.g. from microtremor
arrays in the Kathmandu Valley). This bridges regional differences without requiring
extensive local data;

5. physics-informed or hybrid models. These incorporate domain knowledge through
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physics-guided neural networks or hybrid ensembles which can regularise learning,
improve extrapolation, and model NL site effects more effectively than purely data-driven
approaches;

6. sensitivity and uncertainty quantification. Conducting sensitivity analyses will be crucial
to understand how regional differences in key parameters (e.g. soil stiffness profiles,
impedance contrasts) affect model performance. This should be coupled with enhanced
uncertainty quantification to provide more reliable probabilistic inputs for seismic hazard
assessment.

By pursuing these concrete steps, validation, data diversity, advanced algorithms, and
rigorous uncertainty analysis of future work can transform the current workflow into a more
powerful, generalisable, and trustworthy tool. This will significantly improve site-specific seismic
hazard assessments, particularly in data limited regions that stand to benefit the most from
robust transferable models.

5. Conclusions

This research demonstrates the successful integration of the AutoHVSR framework with ML
techniques for seismic site characterisation, using a comprehensive dataset from the Japan KiK-
net. The yearly HVSR analysis revealed clear temporal and spatial variations in site amplification
behaviour, linked to subsurface geological diversity. ML models trained on HVSR-derived features,
particularly f -related parameters, showed consistently high predictive performance, with the
linear SVR model yielding the most stable results. These findings suggest that f, can be efficiently
estimated from HVSR spectral features using interpretable and computationally efficient models.
Compared to traditional manual HVSR processing, the proposed automated workflow primarily
contributes by improving consistency, reducing subjectivity, and enabling reproducible large
scale analyses, rather than replacing established site characterisation approaches. The feature
space overlap analysis indicates that the range of f s and amplification characteristics observed
in KiK-net data overlaps with those expected for sedimentary basins such as the Kathmandu
Valley. This observation supports the physical relevance of the learned relationships, while
acknowledging that direct validation using local data remains necessary.
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