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Abstract. Spatial interpolation methods, such as Inverse Distance Weighting (IDW) and kriging, are
commonly used in various fields. In Kriging method, semivariogram fitting is an important step, where
empirical data are used to derive a theoretical model. However, when the known theoretical semivariogram
model does not provide a satisfactory fit, the bias in the estimated values is increased. To address this limitation,
Support Vector Regression (SVR) can be used to model the empirical semivariogram with a machine-learning
method. This method has been applied in ordinary kriging interpolation for semivariogram fitting to estimate
parameters related to the potential occurrence of earthquake. Specifically, the calculated parameters, based on
the Gutenberg-Richter law, include the seismic activity (a-value) and rock fragility (b-value) in the Sumatera
region. The results showed that SVR can model the empirical semivariogram better than the theoretical. The
integration of SVR-Ordinary Kriging provides the best performance compared to other methods, such as IDW,
with the smallest RMSEP values for both the b-value and a-value measuring 0.1378 and 0.7423, respectively.
Aceh and Mentawai Islands tend to show low a and b values, suggesting that these areas are more vulnerable to

earthquake with large magnitudes.
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1. Introduction

Spatial data research is an area that has experienced
significant development in recent years. The main issue of
spatial associations is frequently a concern in the modeling
or predicting of a specific response. Another issue is the
challenges faced in conducting measurements at all locations
due to the continuous nature of the area. Consequently,
estimation at points where measurements are not taken is
essential. Interpolation method is used to estimate data at
unsampled points. Spatial interpolation estimates values for
unobserved locations based on observations at the observed
(Pebesma & Bivand, 2023). The two spatial interpolation
methods often used are kriging, which was introduced by
Georges Matheron and Danie Kringe in 1963 (Matheron,
1963), and inverse distance weighting (IDW) (Shepard,
1968). IDW uses the principle of weights that are inversely
proportional to the distance from the interpolated location
(Pebesma & Bivand, 2023). Meanwhile, Kriging principle
weighs the data measured by a stochastic model, considering
the spatial variance represented by semivariogram (Matheron,
1963; Oliver & Webster, 2015).

Fitting semivariogram in kriging is important as it
infers the theoretical semivariogram based on the empirical.

The theoretical semivariogram that are popularly used are
generalized linear, spherical, exponential, and Gaussian
(Yakowitz & Szidarovszky, 1985). In some cases, a known
theoretical semivariogram model does not provide a
satisfactory estimate, thereby increasing the bias in the
estimated value.

Semivariogram fitting was developed by (Shapiro
& Botha, 1991), who added linear constraints related to
smoothness, monotonicity, and convexity to the variogram
function, which was previously known as the nonparametric
method. Furthermore, this method is carried out using
machine learning, namely the Support Vector Regression
(SVR) algorithm (Han et al., 2016; Setiyoko et al., 2019) and
Least Square Support Vector Machine (LS-SVM) (Huang et
al,, 2012), which provides better results. Therefore, integrating
the SVR and kriging method in semivariogram fitting process
will affect the calculation of weights on the estimated value.
An advantage of SVR is computational complexity, which does
not depend on the dimensions of the input space, and also
has excellent generalization capabilities with high prediction
accuracy (Awad & Khanna, 2015).

As an archipelago, Indonesia is very vulnerable to natural
disasters such as earthquake. Based on earthquake disaster
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risk index in 2022 (Adi et al., 2023), 59% of cities/districts
in Indonesia are included in the high-risk area. Sumatera
Island is the most vulnerable area to earthquake, with several
sources of threats, such as being located on active faults that
are close to the subduction of the Indo-Australian plate and
the Eurasian plate. Other threats include the Mentawai Fault
System (MFS), the Sumatera Fault System (SES), the existence
of the Bukit Barisan Mountain, and active volcanoes that can
cause volcanic earthquake (Kartikasari & Choiruddin, 2022;
Metrikasari et al., 2021).

This study evaluates the performance of three spatial
interpolation techniques —IDW, Kriging based on parametric
semivariogram, and Kriging based on nonparametric
semivariogram using SVR— in interpolating seismic activity
parameters in Sumatera.

2. Methods

Secondary data from earthquake catalogs in Sumatera
were used in this research. These data were obtained through
the open-source website of The International Seismological
Centre (ISC) Bulletin, and earthquake events from the
Indonesian Agency for Meteorology, Climatology, and
Geophysics (BMKG) from January 1, 2000, to December 31,
2023. The data showed 2771 earthquake events with moment
magnitude (Mw) > 5. According to (Irawan et al., 2020),
earthquake with a scale of 5.0 - 5.9 will cause damage to a small
area.

In the IDW method, the resulting predictions of
earthquake are localized. The formula used to estimate the Z
value at a given point u is as follows (Li, 2022):

2wy = ZA:'Z[“:') (2.1
i=1

(1 )
d”
E:z:l(dp)

Where # is the estimation point, ; is the area of the
sample points around the estimation point, and 4, is the weight
function, which is the inverse of the distance €l; between
; and 1. The value of p is the IDW power (IDP) or exponent
value of a distance. The prediction model using the ordinary
kriging method is as follows (Olea, 1999):
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where U, 1¢; is a vector of areas for estimation and one
of the closest data denoted by i; Z *(tt) 5 is the estimated
value at the location (1t) through ordinary kriging method;
A, is weight value at the i-th sample point; and 7 is the number
of sample data. The weight value in ordinary kriging can be
estimated through the following equation (Olea, 1999):
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The estimator for semivariogram was obtained through
the method of moments, and the results are as follows (Isaaks
& Srivastava, 1989):

Nim

Z [Z(w,+ h) — Z(u,)]* (2.6)

i=1

y(h) =

2N

with N, is the number of pairs of observations
separated by distance h; Z (1, + h) is the value of the variable
at the location u; + h; Z(1t;) is the value of the variable at
the location u;, while the distance is calculated using the
Euclidean distance.

The weight measurements using the IDW method were
based only on the inverse distance, but the ordinary kriging
method also considered the spatial variation represented
by semivariogram plot. Theoretical semivariogram has
limitations, as these models do not always adequately
describe empirical semivariogram conditions. Therefore, a
nonparametric method was developed based on the fitting
process. (Huang et al., 2012) proposed the LS-SVM and the
method was developed by (Han et al., 2016) using SVR for
modeling empirical semivariogram with enhanced flexibility.

SVR is a development of a Support Vector Machine
(SVM) with output variables as real or continuous values.
The SVM model structure consists of input process variables,
support vectors, kernel functions, and output variables (Han
et al., 2016). The concept of SVR is based on the principle of
structural risk minimization (SRM), which minimizes the
upper bound of the expected risk. In SVR, the input variables
in a lower-dimensional space are projected into a higher-
dimensional space in order to convert nonlinear problems
into linear models. This conversion is carried out using some
nonlinear hyperspace functions.

Suppose a training data set
(20,¥1)) eeer (3, ¥ JE R™ % R, where x;€R™ is the
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i-th data input variable and ¥; is the output value. The SVR
model can be formed through the following equation (Han et
al., 2016):

v = f(x) =Zwiﬁi(x) +bhb=wid(x)- @7

where W is the weight vector on the hyperplane, &; (x) is
the function that maps the input data into high-dimensional
features, and b is a constant. The parameters in equation 2.7
can be obtained by minimizing the following risk function (
L .)(Han etal, 2016) :
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three main steps performed when integrating SVR in
semivariogram fitting in the ordinary kriging method are as
follows:

a) Calculating the empirical semivariogram.

b) Modeling the empirical semivariogram based on the SVR
method where the parameters have been optimized.

c) Calculating weights for each observation point using

SVR-based empirical semivariogram modeling results.

This research used the leave-one-out cross-validation
(LOOCYV) method, which is a special form of k-fold cross-
validation where the number of folds equals the observations
in a dataset (Li, 2022). The stages of LOOCYV in kriging method
are as follows:

a) Suppose Z(x;) is the i-th observation point data,
i=12,..n

b) Deleting one Z(x;) temporarily from the observation
data set

¢) Interpolation using kriging method on (1 —1)
observation data is carried out to estimate Z ( ;) that has
been deleted in the initial stage.

d) Compare the estimated value of zZ (x;) with Z(x;) and
calculate the estimation error with the following formula:

- (2.9)
e; =Z(x;) — Z(x;)

Where €; is predicted residual.

f) Repeat steps a to d for each i=1,2,....,1

g) Calculate the performance measure of model goodness-

of-fit.

(Li & Heap, 2008) proposed and briefly reviewed several
error measures to evaluate the performance of methods. Root
mean square error (RMSE) is the best measure because the
method summarizes the average difference in observed units
and predicted values.

539

RMSE = (2.10)

=3 (2 —ztm):l

Where 11 is the number of observations/samples, Z [ x; ) is
the i-th observed value, and £ [:x i ) is the i-th estimated value.

The distribution of earthquake magnitude can be
explained by the Gutenberg-Richter law (Gutenberg & Richter,
1944) in the following equation:

logN(M)=a—bM (2.11)

Where N{M) is the total occurrence of earthquake
above magnitude M, & is a seismic constant that depends on
the period, area, and activities of the observation area, and b
is a measure of the size distribution of earthquake, which can
provide information about the stress conditions in the Earth
crust. The a and b parameters can be estimated through the
maximum likelihood method with the magnitude distribution
following an exponential distribution and formula:

- loage
b= ——— (2.12)
(M —my)
T En:. a'-’f[a'ﬁ"[
where LN is the mean magnitude of

earthquake data; M is the magnitude of the i-th data; N; is
a number of magnitudes of the i-th data; N is a number of
earthquake data; 711y is the magnitude of completeness of
earthquake data. The estimated a-value can be obtained by
Wekner’s formula (Wahyuni et al., 2020) as follows:

d=logN(M=M,)+ Iog(ﬁ!n 10) + mDE (2.13)

The type of magnitude obtained from the secondary data
of earthquake catalogue in Sumatera varies for each event.
Meanwhile, in the process of calculating the a and b values, the
moment magnitude (M,,.) is needed to obtain conversion of
various types, such as Surface Wave (M), Bodywave (1, )
, and Local Magnitude (M, ). The conversion equation of
My and M, into M, followed the procedure in the research
conducted by (Arimuko et al., 2023) while M does not need
to be converted due to the representation of the moment
magnitude.

The results of this research provide an overview of the
performance evaluation of the three spatial interpolation
methods using empirical data. Figure 1 describes the stages of
analysis.

3. Result and Discussion

Data showed 2771 earthquake events in Sumatera from
January 1, 2000, to December 31, 2023, which are visualized
in Figure 2.

Figure 2 shows the distribution of earthquake events that
spread in the southern region, as there are many active faults
and subduction between the Eurasian plate and the Indo-
Australian plate. There were five earthquake with magnitudes
above 7 Mw, including Aceh on December 26, 2004, Nias on
March 28, 2005, Bengkulu on September 12, 2007, Padang on
September 30, 2009, and the Pagai Earthquake on October
25, 2010. The recorded data still requires a declustering
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Figure 2. Map of Earthquake Occurrence in Sumatera for the period 2000-2023

process, which separates the main shock and aftershocks. The
declustering process produced 1479 events with the largest
magnitude of 7.9 Mw. The calculation of earthquake potential
in an area is based on statistics of seismicity parameters as a
and b values. This research divided Sumatera into research
grids of 0.5° x 0.5°. An overview of the number of earthquake
events per research grid is shown in Figure 3.

Based on Figure 3, The Nias Islands have experienced high
seismic activity over the past 23 years. This is illustrated by the
color gradient on the map, where lighter colors in each grid
indicate a higher number of earthquake events in the area. The
data extraction results in 238 points that have a and b values

540

were further analyzed to dwiscover the performance of the
three interpolation methods. The data is divided into training
and testing data with a proportion of 80:20. The training data
was used to build interpolation model while the testing data
predicted the a and b values at these areas. The distribution
of points that become testing data is shown in Figure 4. The
interpolation points are randomly distributed across the study
area and are displayed as red dots. At these points, seismic
parameter values are estimated based on the values from
surrounding locations with known seismic data.

the IDW spatial interpolation method, the
determination of IDP is essential due to the effect on the

In
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Figure 4. Distribution Map of Interpolated Points

calculation of weights on the predicted value. The optimal IDP
was determined through LOOCYV by examining the smallest
RMSE value, as shown in Figure 5.

The result showed that the larger the IDP used, the smaller
the resulting RMSE. At the b and a values, RMSE stabilizes
when IDP is 4.4 and 5.0. The large IDP value shows that

541

interpolation results through IDW are local. This implies that
a greater distance between the sample data and interpolation
point results in a smaller weight, and even tends not to affect
the estimation process (Karaca et al., 2024). The predicted
value at interpolation point will follow the pattern of values in
the surroundings.
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Table 1. RMSE of Fitting Semivariogram Model
Methods Model RMSE of b-Value RMSE of a-Value

Spherical 0.0746 2.0487
Parametric Exponential 0.0806 2.2729
Gaussian 0.0737 2.0210
Non-Parametric SVR 0.0297 0.8439

In the ordinary kriging method, the weight calculation
process considered spatial variation through the empirical
semivariogram pattern. Empirical semivariogram modeling
was carried out through two methods. First is a parametric
method using common theoretical semivariogram, such
as spherical, exponential, and Gaussian (Obroslak &
Dorozhynskyy, 2017; Pyrcz & Deutsch, 2006). The second is
a non-parametric method, which was carried out through
modeling using the SVR machine-learning method. The
process of fitting empirical semivariogram through the four
models is shown in Figure 6.

The result showed that the empirical semivariogram
data pattern is not linear and does not always increase
monotonically. At a certain distance, the semivariance value
tends to decrease. The empirical semivariogram modeling
using SVR is visually better because the method follows
the empirical semivariogram data pattern for both a and b
values. Furthermore, the SVR modeling used in this research
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includes a Radial Basic Function kernel function with optimal
hyperparameters are 0.2 epsilon (¢), 100 penalty constant (C),
and 1 gamma. Radial Basic Function is a kernel used to solve
problems in data with non-linear or complex relationships
(Ding et al., 2021; Elen et al., 2022; Han et al., 2016).

Based on the result in Table 1, the parametric-based
modeling of the Gaussian theoretical model has the smallest
RMSE value of both b and a values, namely 0.0737 and 2.0210,
respectively. However, compared to non-parametric-based
modeling (specifically, SVR), the resulting RMSE for both
values are significantly smaller, accounting for 0.0297 and
0.8439, respectively. This result showed that the SVR method
is more effective than the theoretical Gaussian semivariogram
model in modeling empirical semivariogram. The result is
consistent with the report of (Han et al., 2016) that empirical
semivariogram modeling based on SVR has a better ability
without knowing the shape of the underlying model and
more objectively reflecting spatial variation. Subsequently, the
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weights were calculated based on the two methods to evaluate
the performance during ordinary kriging interpolation. The
Root Mean Square Error of Prediction (RMSEP) measures
the predictive error of IDW, Gaussian-Ordinary Kriging, and
SVR-Ordinary Kriging in estimating the b and a values at
interpolation point, as showed in Figure 5. The RMSEP results
for the three models are shown in Table 2.

The data in Table 2 shows the smallest RMSEP value
obtained by the SVR-Ordinary Kriging method for both the

b-value and a-value, which are 0.1378 and 0.7423, respectively.
This result shows thata more accurate empirical semivariogram
model is associated with minimized prediction bias and
increased accuracy of predicted results. Although the RMSEP
value of the SVR ordinary kriging method is the smallest,
the difference with the other two methods is quite close. The
number of interpolated points was 48 points. According to
(Al-Anazi & Gates, 2012), the performance of SVR remains
consistently better for small sample sizes but depends on the

Table 2. RMSEP of All Models

Model RMSEP of b-value RMSEP of a-value
IDW 0.1446 0.7995
Gaussian-Ordinary Kriging 0.1382 0.8051
SVR-Ordinary Kriging 0.1378 0.7423

Distribution Map of b-Value in Each Grid for Training and Predicted Data using SVR-Ordinary Kriging
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type of kernel and loss functions used. The SVR method with
the Radial Basic Function kernel also performs best for small,
complex, non-stationary, and non-linear data (Kurnia et al.,
2024). Based on Figure 7, the distribution of the b and a values
at the interpolated point was concluded to follow the pattern
of surrounding values, as shown by the similarity of colours
around the area.

Figure 7 shows a map of b and a values distribution on
the grid that can be calculated. The color intensity shows
the b and g, as dark and light shades represent low and high
values, respectively. Based on this representation, the Aceh
and Mentawai Islands tend to show low a (seismic activity)
and b values (rock fragility), suggesting that these areas are
more vulnerable to earthquake with large magnitudes. This
is consistent with the result of (Arimuko et al., 2023), who
applied spatial segmentation to the Sumatra Fault Zone based
on the spatial variation of the b-value. The results showed that
the lowest and highest b-values were observed in northern
and central Sumatera, respectively. The existence of the Aceh
Fault can also lead to seismic hazards in the densely populated
areas along the fault line, including the city of Banda Aceh
(Marliyani et al., 2024). (Pailoplee, 2017) conducted a seismic
hazard estimation along the Sumatra-Andaman subduction
zone, and the results showed that the southern segment of
the northwest and west coasts of Sumatra is a high-hazard
area. The high hazard in this area was due to short recurrence
intervals of 6-12 and 10-30 years for magnitude 6.0 and 7.0
Mw earthquake, respectively, compared to other areas. In
addition, the Mentawai megathrust subduction zone makes
the Mentawai islands one of the priority areas with a high risk
of tsunamis in Indonesia (Mardiatno et al., 2017).

4. Conclusion

In conclusion, the empirical semivariogram fitting process
in the ordinary kriging method was essential in the weight
calculation process. The SVR method modelled the empirical
semivariogram better than the theoretical. SVR-Ordinary
Kriging integration provided the best performance compared
to other methods with the smallest RMSEP for both b and a
values, namely 0.1378 and 0.7423, respectively. Based on the
distribution map, the area around Aceh and the Mentawai
Islands had low b and a values, showing the potential for
earthquake with large magnitudes. The findings demonstrate
that SVR-Ordinary Kriging outperforms the parametric
semivariogram model in capturing spatial variability, resulting
in more accurate predictions at unobserved locations. This
highlights the potential of machine learning, particularly SVR,
to address the limitations of traditional Kriging methods,
which rely heavily on theoretical semivariogram models, and
to enhance the accuracy of spatial interpolation of seismic
parameters.
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