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BACKGROUND AND OBJECTIVES: Soil or rock types in a region are often interpreted
qualitatively by visually comparing various geophysical properties such as seismic wave
velocity and vulnerability, as well as gravity data. Better insight and less human-dependent
interpretation of soil types can be obtained from a joint analysis of separated and independent
geophysical parameters. This paper discusses the application of a neural network approach
to derive rock properties and seismic vulnerability from horizontal-to-vertical seismic ratio
and seismic wave velocity data recorded in Majalengka-West Java, Indonesia.
METHODS: Seismic microtremors were recorded at 54 locations and additionally
multichannel analyses of surface wave experiments were performed at 18 locations
because the multichannel analyses of surface wave experiment needs more effort and
space. From the two methods, the values of the average shear wave velocity for the upper
30 meters, peak amplitudes and the dominant frequency between the measurement points
were obtained from the interpolation of those geophysical data. Neural network was then
applied to adaptively cluster and map the geophysical parameters. Four learning model
clusters were developed from the three input seismic parameters: shear wave velocity,
peak amplitude, and dominant frequency.
FINDINGS: Generally, the values of the horizontal to vertical spectral ratios in the west of
the study area were low (less than 5) compared with those in the southeastern part. The
dominant frequency values in the west were mostly low at around 0.1–3 Hertz, associated
with thick sedimentary layer. The pattern of the shear wave velocity map correlates with
that of the horizontal to vertical spectral ratio map as the amplification is related to the soil
or rock rigidity represented by the shear wave velocity. The combination of the geophysical
data showed new features which is not found on the geological map such as in the eastern
part of the study area.
CONCLUSION: The application of the neural network based clustering analysis to the
geophysical data revealed four rock types which are difficult to observe visually. The four
clusters classified based on the variation of the geophysical parameters show a good
correlation to rock types obtained from previous geological surveys. The clustering classified
safe and vulnerable regions although detailed investigation is still required for confirmation
before further development. This study demonstrates that low-cost geophysical experiments
combined with neural network-based clustering can provide additional information which
is important for seismic hazard mitigation in densely populated areas
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INTRODUCTION
Site amplification, rock and soil properties and
other subsurface characteristics are among key
parameters in building construction (Day, 2012).
Site amplification indicates how the ground motion
in an area increases when seismic waves from an
earthquake traverse. The shaking of sites due to
earthquakes varies depending on the type of rocks
and thickness of sediment layers. Horizontal shaking
resulting from shear and surface waves is considered
to contribute more to damage then vertical shaking.
Therefore, the horizontal-to-vertical spectral ratio
(HVSR) of seismic microtremors at natural resonance
(dominant) frequency can be considered as site
amplification. Nakamura (2009) showed a strong
correlation between HVSR values and building
damages. Building damage is also related to the
natural frequency. When a seismic wave arrives at a
site, a building shakes considerably if the dominant
frequency of the ground motion of the site is close
to the natural frequency of the building (Kham et al.,
2006). The dominant frequency has also suggested to
be related to the thickness of the subsurface structure
underneath a site (Nakamura, 2009). When an
earthquake occurs, physical properties (e.g., stiffness)
of the soils of a site where a building is situated play
crucial role in the level of building damage (FatHelbary et al., 2019). The stiffness of soil or rock can
be represented by shear wave velocity. In general,
the shear wave velocity increases with the stiffness of
rock. Studies on the impact of earthquakes in Dinar,
Turkey showed that an alluvial flat basin with a low
Vs30 (average shear wave velocity over the upper
30-m soil profile) had the highest damage ratio (Kanlı
et al., 2006). Engineers use Vs30 values to classify
types of soil or rock in building standards (e.g., Ching
and Winkel, 2018; Dobry et al., 2000). Rocks or soils
with Vs30 within 180–360 meter per second (m/s) and
360–760 m/s are classified as stiff and very dense,
respectively (BSSC, 1997). Soil with Vs30 less than
180 m/s are classified as soft and require a detailed
investigation before buildings are constructed in
a seismically active region. Shear wave velocity is
also essential in the analysis of deterministic and
probabilistic seismic hazards (Shreyasvi et al., 2019).
For instance, the shear wave velocity at shallow
depth is key input parameter in estimating ground
motion. The Vs30 values of sites can be determined
by multichannel surface-wave analysis (MASW) using
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active sources such as a sledgehammer (Park et al.,
2007). Another approach to determining Vs30 is based
on the inversion of microtremor data recorded by
a single three-component seismometer (Arai and
Tokimatsu, 2004). Alternatively, the less invasive
spatial auto-correlation (SPAC) method can be used
to determine the average shear wave velocity at a
certain depth (Chávez-García et al., 2005). Hollender
et al. (2018) applied modified spatial auto-correlation
(MSPAC) using three component seismic records to
determine the shear wave velocity structure. The
SPAC and MSPAC methods need to have ambient
noise sources to randomly distributed to obtain
reliable velocity estimation (Hollender et al., 2018).
Thus, MASW is more reliable in determining the
seismic wave velocity. The determinations of shear
wave velocity, predominant period, and seismic
amplification are parts microzonation studies. Such
microzonation studies are often conducted because
the more accurate studies based on in-situ penetration
test are much more expensive. A geological structure
can be also studied using other geophysical methods,
e.g., ambient noise tomography (Ryberg et al., 2016),
traveltime body wave tomography (Muksin et al.,
2013a) and attenuation tomography (Muksin et al.,
2013b), and using seismic refraction and reflection
imaging. Compared with the tomography method,
HVSR and MASW analyses are low-cost and robust
methods for investigating the near-surface geological
structures of densely populated areas. Several
authors have combined both Vs30 and HVSR data and
qualitatively conducted a joint interpretation of soil
or rock types and compared it with geology.
Asten et al. (2014) for example, suggested that the
characteristics of Vs30 were strongly correlated with
HVSR. Stanko and Markušić (2020) investigated an
empirical relationship between Vs30 and HVSR (e.g.,
dominant frequency). The results showed that the
relationship between the two parameters remains
unclear with large standard deviation. There could be
a relationship between Vs30 and H/V values because
both parameters represent physical properties of
rocks. In microzonation studies, the correlation
between the shear wave velocity and HVSR parameters
is commonly investigated by visually comparing the
geophysical parameters (Gallipoli and Mucciarelli,
2009). An area is defined as less vulnerable if the
region is characterized by high Vs30, low H/V and
high dominant frequency. However, the wide ranges
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of geophysical values make us difficult to derive the
characteristics of rocks more precisely and objectively
from visual interpretation. The development of neural
network methods offers the possibility of improving
the analysis of geophysical data and advancing the
interpretation of various parameters objectively. One
can interpret various rock types and site amplification
using a less human-dependent method based on
pattern recognition of collocated geophysical data.
Clustering different types of data has become more
frequently used in geospatial data analysis (Jena
et al., 2020). For instance, the method of neural
network has been used to correlate the shear wave
velocity information with soil type microzonation
based on the data pattern with visual interpretation
(Nejad et al., 2018). Stambouli et al. (2017) applied a
neural network approach to acceleration and HVSR
data to infer characteristics of site amplification. The
latter mentioned examples make use neural network
methods with supervised learning, where desired
output such as soil type are specified by the user
as a kind of target function during training. Here we
present an exemplary feasibility study for the usage
of self-organizing maps (SOM) in regional seismic
vulnerability evaluation based on HVSR and shear
wave velocity data. The SOM approach is different
from other neural network method by application of
unsupervised learning. This can provide an alternative,
unbiased view on vulnerability classification, as the
clustering is not influenced by any presumptions
in supervised neural network methods. Common
geophysical site proxies are derived and analyzed by
the SOM method. The resulting classification map is
interpreted and discussed based on comparison with
pre-existing geological mapping and petrophysical
signatures of the derived clusters. Similar approaches
have been applied by Bauer et al. (2020) where a
combination of different seismic parameters from
tomographic inversion was used to identify and map
the distribution of different lithologies. The objective
of the study is to investigate the correlation among
the site amplification (H/V peak ratio), dominant
frequency and Vs30 as well as to identify various
geophysical signatures of soils or rocks from the data
recorded in 2018 in Majalengka (West Java, Indonesia)
by using the neural network method. The study area
is a seismically active region surrounded by volcanic
environment and highly populated city in West Java
where earthquakes can occur along the subduction

zone and several active faults around the area (Fig.
1). The microzonation study in the study area was
conducted as the region is planned to be developed in
the near future. The result of neural network analysis
is compared with the results of previous geological
survey to demonstrate the feasibility of the approach.
This study has been carried out in Majalalengka, West
Java in Indonesia in 2018.
Geology and tectonic setting of west Java and
Majalengka
The tectonic setting of West Java illustrated in Fig.
1 is characterized by the northward movement of
the Australian plate subducting beneath the Eurasian
plate. The material subducted into the mantel is
partially melted and rises to create several active
volcanoes in west Java (Fig. 1). The combination
of subduction, complicated plate motion, and
crustal deformation triggers the presence of active
faults in West Java including Cimandiri, Lembang,
and Baribis (Fig. 1). These active faults and some
volcanoes surround the district of Majalengka, which
is populated by more than 1.1 million people, and
hence earthquake risk in the region is high.
The closest active fault to Majalengka is the Baribis
Fault (Fig. 1) extending from Subang to Majalengka
(Supendi et al., 2018). The Baribis Fault has recently
generated earthquakes with magnitudes between
Mw 2.0 and 4.7 (Pasari et al. 2020). The Baribis Fault
is a thrust fault accommodating the relative motion
between the Java and Sunda block (Koulali et al.,
2017). Daryono et al. (2019) suggested that the
maximum magnitude of earthquakes on the Baribis
Fault could reach Mw 6.5-7.0 based on the fault
length; i.e., 29 kilometer (km), whereas the recurrence
time of large earthquakes was estimated to be 170670 years. Another fault close to Majalengka is the
Lembang Fault (Fig. 1), which accommodates the
trench parallel component of the Australian-Eurasian
convergence. The recent activities of the Lembang
Fault are indicated by an M 3.3 earthquake reported
by Meteorological, Climatological, and Geophysical
Agency (BMKG) of Indonesia in 2011, as also suggested
by Afnimar and Rasmid (2015). Further southwest, the
Lembang Fault is offset by an active Cimandiri thrust
fault (Supendi et al., 2018). Based on the fault length,
the maximum magnitude of an earthquake that can
occur along the Cimandiri Fault is approximately M
6.0–7.0 (Irsyam et al. 2017). Majalengka is surrounded
17
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consists of conglomerate, breccia, and sandstone.
Further south, Majalengka comprises shale members
and sandstone in the Tjinambo Formation (Fig. 2). As
the region is surrounded by volcanoes, Majalengka is
characterized by high topography with an elevation
of 19–857 m above sea level. Thus, this hilly area is
vulnerable to secondary impacts of seismic activities,
such as landslides.

by three main volcanoes: Tampomas in the west,
Galunggung in the south, and Ciremai in the southeast
of Majalengka as shown in Fig. 1. The Galunggung
volcano erupted several times in 1822, 1894, 1918,
and 1982–1983. Numerous fatalities were caused
by the 1822 Galunggung eruption. The Ciremai
stratovolcano was reported to erupt latest in 1937
without any fatality after the eruptions in 1772, 1775,
and 1805 (Griffin, 2020). However, there is no report
of the activity of the Tampomas volcano. The geology
of Majalengka comprises tertiary sediments with
intrusive and extrusive igneous rocks (Fig. 2). In the
east, Majalengka generally comprises young volcanic
products. The western part comprises Tjitjalang
Formation and Aluvium. The Tjitjalang Formation

MATERIALS AND METHODS
Two geophysical experiments were performed to
record 1) ambient seismic microtremor data and 2)
controlled source MASW seismic data in Majalengka
(West Java, Indonesia). The locations of the recording
sites are marked with blue and red triangles in Fig.
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2. Particularly, the microtremor data were recorded
at 54 sites indicated by blue triangles, whereas the
MASW experiments, were performed at locations
indicated by red triangles. Both deployments, seismic
microtremor recordings and MASW experiments
were relatively evenly distributed over the study area
to interpolate and produce a representative map of
the area.
HVSR data derived from seismic microtremor survey
The sources of seismic microtremors comprise
the microseismic wave fields caused by human
activities, the moon–earth interaction, and oceanic
or tide-induced waves. The seismic microtremor
measurements followed the procedure of
SESAME (2004). A three-component short period
seismometer, Lennartz Lite, equipped with a seismic

data logger was deployed for 30 min to record
seismic microtremors at each location. Then, the
time-domain recording at each location was subdivided into waveform segments of 50-s lengths.
Waveform segments with transient noise, i.e., a
sudden increase in the short-term-to-long-term
average ratio, were excluded from the analysis.
Thereafter, the fast Fourier transform was applied to
the remaining 50-s waveform segments to transform
the data from the time to frequency domain, and
an algorithm from Konno and Ohmachi (1998) was
applied for spectral smoothing. The horizontal and
vertical components from all segments were stacked
to obtain the averaged horizontal and vertical
spectra for specific stations. After this stacking,
HVSR was determined from the averaged spectra.
The natural frequency (f0) was determined at the
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highest HVSR peak. The site amplification is given by
the squared HVSR peak at the natural frequency. An
example of the HVSR curve at Point H020 is shown in
Fig. 3. The analysis procedure of HVSR is presented
in Nakamura (2000). Next, the HVSR and dominant
frequency values were interpolated to obtain twodimensional maps of the geophysical signatures of
the study area.
Shear wave velocity modeling by using MASW
The data acquisition for the shear wave velocity
investigation was performed using the MASW
method in Majalengka, West Java, Indonesia
(indicated by red triangles in Fig. 2). A 2 kg hammer
was used as the seismic source, and seismic waves
were recorded by a 2-m interval of 24 geophones.
All geophones were connected to a seismic digitizer.
The 2-m interval was chosen to be comparable
to the minimum surface wavelength to avoid
undesired spatial aliasing. The seismic lines were
set along a relatively flat 50 × 50-m2 area to avoid
significant changes in seismic recordings. The
hammer was shot on the metal plate at one end
of the seismic lines. The recordings were triggered
by the hammer, and the seismic data were stored
in the digitizer. The procedure of data acquisition
for MASW followed the method described by
Park et al. (1999). Then, the recordings from the
forward and reverse shootings were transformed
into a dispersion curve showing the relationship
between the phase velocity of the Rayleigh wave
and frequency (Fig. 3). Seismic surface waves
with different wavelengths penetrate to different
depths and propagate at different velocities. The
dispersion curve is significantly influenced by S
wave velocities for frequencies higher than 5 Hertz
(Hz). Afterward, an iterative inversion method from
Xia et al. (1999) was applied by imposing different
S wave velocity models and layer thickness. Then,
theoretical dispersion curves were calculated for
different imposed models. The models (velocity and
layer structure) were chosen as the final models
when the theoretical and measured dispersion
relation was closely fit. Examples of dispersion
curves and resulting velocity models are shown in
Fig. 3. As the inversion was applied for frequencies
higher than 5 Hz, the consistently resolved depth
range of the average velocity model was less than
30 m; hence, the velocity is called Vs30 (Xia et al.,

2002). The analysis was performed to obtain onedimensional velocity models for all locations. The
values of geophysical data, including Vs30, HVSR, and
dominant frequency between measurement points,
were obtained from the data interpolation.
RESULTS AND DISCUSSION
An area is classified as a high level of seismic
vulnerability if the H/V value is high and the
dominant frequency is low (Nakamura, 2009), and
the Vs30 value is low. An example for the seismic
vulnerability analysis is shown for point H020 in
Fig. 3. The bold line represents the HVSR result,
whereas the dashed lines indicate the range of
variations around the average curve. The maximum
value of HVSR in the area of H020 is around 4.82.
The dominant frequency (measured at the H/V
peak) at Point H020 is 4.36 Hz which corresponds
to a period of 0.23 s. The horizontal shaking due to
an earthquake in the M005 area is suggested to be
most amplified at frequencies of around 4.36 Hz. In
general, the microtremor data are of good quality,
so similar analyses could be performed for all 54
sites to determine the dominant frequency and
H/V values. In addition, the MASW data are of good
quality, supported by the fact that active sources and
densely spaced multichannel receiver spreads were
used in the experiments. Dispersion curves were
determined (Fig. 3) and compared with theoretical
curves to derive optimal 1D velocity models for each
location.
The values of H/V peak, dominant frequency,
and Vs30 for all locations were interpolated to plot
the Majalengka map. The H/V peak ratios show
variations between 1 and 7 (Fig. 4a), whereas the
dominant frequencies vary between 0.2 and 12 Hz
(Fig. 4b). At some points, the two geophysical data
correlate. The highest amplification indicated by the
H/V value is the Point H053 region (Fig. 2), which is
also constituted by lower values of the dominant
frequency. Fig. 4c shows the Vs30 map. The Vs30 values
in Majalengka were between 234 and 606 m/s. The
Vs30 map from Babakan to Majalengka (Fig. 4c) forms
a pattern similar to the geology. Although Asten et al
(2014) suggested a strong correlation between Vs30
and HVSR data, the comparison of the Vs30, H/V,
dominant frequency values (Fig. 4) do not reveal clear
correlation. Nevertheless, there was a clear anomaly
in the east of the study area characterized by high H/V
21
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value (between 6–7) and low dominant frequency
(less than 2 Hz). There was also no clear empirical
relationship between dominant frequency and Vs30
as suggested by Stanko and Markušić (2020). The
three geophysical map is difficult to interpret based on

visual comparison. Therefore, the correlation among
the three geophysical parameters was analyzed by
neural network clustering. Thereafter, the results
were interpreted by additionally considering the
geology.
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Neural Network clustering
The seismic parameters derived from the
microtremor and MASW data (H/V peak ratio,
dominant frequency, Vs30) were combined and
analyzed using a neural network clustering approach.
The general objective was 1) to identify clusters
with similar seismic properties which are related
with well-defined rock properties and vulnerability
and 2) to map the geographic distribution of the
clusters. Kohonen (1990) introduced the concept
of self-organizing maps (SOM) which is based on
unsupervised learning and Bauer et al., (2012)
applied the method to geophysical data analyses. The
SOM comprises an input layer and a two-dimensional
arrangement of neurons (Kohonen, 1990). The input
layer and neurons are fully connected (Fig. 5a). The
values of H/V peak ratio, dominant frequency and
Vs30 from the inversion at given surface points are
converted into three-component input vectors.
Equally, each SOM neuron is represented by a threecomponent neural model vector. Before learning, the
values of all neural model vector components are
initialized with random numbers. During iterative
learning, input vectors are randomly chosen and a
learning rule is applied (Bauer et al., 2008). The socalled winning neurons with model vectors most
similar to the input vector are modified to improve
similarity between the input vector and the winning
neural model vector. Such modification is also applied
to the neighboring neurons of the winning neuron,
but to a smaller degree. The effects of the iterative
learning are illustrated in Fig. 5b–d. The model
vector components show a random distribution
over the SOM at the first iteration (left panels in Fig.
5b–d). With increasing iterations during learning,
a systematic distribution develops across the SOM
(right panels in Fig. 5b–d). Consequently, similar
input vectors are associated with winning neurons at
specific regions at the SOM. These specific clustering
regions show small variations in the neural model
vector components of neighboring neurons due
to the learning rule. We use a gradient function to
detect these regions based on small gradient values
(Bauer et al., 2012). The separation of different
clustering regions is indicated by large gradient values
(dark colors in Fig. 5e). The gradient function is finally
used for an automated definition of clusters in the
trained SOM using an image processing technique
called watershed segmentation (Bauer et al., 2020).

In this procedure, we firstly identify regions with
low gradient (Fig. 5e). For each of those regions, the
surrounding ridge with high gradient (watershed) is
determined and used to define the outer boundary of
the cluster at the SOM. The different clustering regions
are color-coded where the gradient function is used
to modify the color intensity (Fig. 5f). More insight
into the application of the watershed segmentation
algorithm is presented by example in Bauer et al.
(2012). The gradient function is finally used for SOM
automated segmentation (Bauer et al., 2020). The
different clustering regions are color-coded, where
the gradient function is used to modify the color
intensity (Fig. 5f). Ultimately, for each winning neural
vector, the related rock type with the corresponding
color is used for plotting the geographical map.
Joint analysis and interpretation
The result of the neural network analysis is
a clustering of the data into groups with similar
petrophysical properties (classification). The
classification was based on the values of Vs30, H/V
value and dominant frequency as shown in Fig. 6. The
geological interpretation is based on (1) comparison
of the geographic distribution with pre-existing
maps, and (2) by consideration of the petrophysical
signature of each cluster. The Neural Network
clustering provided four types of near-surface rocks
(Types 1–4) and vulnerability in Majalengka (Fig. 5f).
The geographic distribution of Types 1–4 is shown in
Fig. 6a. Each type is related to well-defined values of
H/V peak ratio (Fig. 6b), dominant frequency (Fig. 6c),
and Vs30 (Fig. 6d). The rocks classified as Type 1 (red
colors in Fig. 6) are characterized by low amplification
with H/V peak ratios of around 2, low dominant
frequencies (below 5 Hz), and low Vs30 velocities
(between 200 and 380 m/s). The Type 1 rocks comprise
Alluvium and claystone with limestone beds of the
Subang Formation (the geology of Majalengka in Fig.
2) and are mainly located in the northern part and
some parts in the center of Majalengka. The Subang
Formation and Alluvium are considered as stiff soils,
which are consistent with Vs30 velocities between
200 and 350 m/s. However, the HVSR and dominant
frequency values of the areas comprising Type 1
rocks are low. A low dominant frequency is normally
associated with a thick layer of rocks or sediments;
therefore, the vulnerability is high. The Type 2 rocks
(blue colors in Fig. 6) are characterized by moderate
Vs30, low HVSR, and high dominant frequency values.
24
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The Type 2 rocks are situated mostly on the east
side of Majalengka and comprise young volcanic
products, e.g., andesitic and basaltic lava from the
Tampomas and Ceremai volcanoes (Marliyani et
al., 2020). The geology of the Type 2 rocks agrees

with their geophysical properties. The seismic wave
propagates faster within the volcanic rocks than
within sedimentary rocks. Areas comprising dense
rock are characterized by low amplification and high
values of dominant frequency (Leyton et al., 2013).
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The geophysical and geological data reveal that sites
within the cluster of Type 2 rocks are the safest areas
from earthquake damage.
If we look at the geographic distribution of the
Type 3 rocks (green colors in Fig. 6) and compare
with the geological map from Djuri (1995), the type
3 cluster is associated with the Cinambo Formation,
comprising sandstone and graywacke members. The
cluster’s areas comprise very dense soil or soft rock as
indicated by high Vs30 values above 400 m/s. Moreover,
moderate-to-high amplification is indicated by the
high H/V peak ratios of above 3, whereas the dominant
frequencies are low. This combination of high H/V
peak ratios and low dominant frequencies can be
explained by a thick subsurface layer of the Cinambo
Formation. Djuri (1995) estimated the thickness
of the Cinambo Formation to be between 400 and
500 m. A tall building located on a low dominant
frequency site, such as the thick Cinambo Formation
is highly vulnerable as it responds sensitively to low
frequency shaking. The Type 4 rocks (yellow colors
in Fig. 6) cover the largest area and occur mainly in
the western part of Majalengka. Comparison with
the geological map indicates that Type 4 is associated
with the Citalang Formation, comprising tuffaceous
sandstone and conglomerate (Zaputlyaeva et al.,
2020). The histograms in Figs. 6b–d show moderate
amplification (H/V peak ratios of 2–4), low dominant
frequencies, and moderate Vs30 values (300–450 m/s)
for this rock type. Based on this petrophysical and
lithological characterization, the areas classified as
Type 4 are relatively safe from seismic shaking and
hence suitable for future development.

not found in the geological map are revealed.
Visual observation shows that the western part of
Majalengka is more vulnerable than the eastern
part. Although the patterns of the three geophysical
maps resulting from the conventional data analysis
seem to relate to each other, it is difficult to classify
different types of rocks and vulnerability in detail
from visual observation. As an alternative approach
for such vulnerability evaluation, the SOM method,
an unsupervised NN-based approach, was applied to
the three combined geophysical parameters in the
form of data pattern vectors. The NN-based SOM
method successfully defined four clusters associated
with different rock types and related degrees of
vulnerability in Majalengka derived from the three
geophysical parameters. Each cluster correspond
to a set of data pattern vectors representing similar
underlying geophysical properties.
The characteristics of the clusters correlate
well with pre-existing geological information,
showing that the two largest clusters are those for
the Type 2 rocks, in the east, comprising young
volcanic products, such as andesitic and basaltic
lava, and the Type 4 rocks, in the west, comprising
tuffaceous sandstone and conglomerate. These
two largest clusters are considered safe for future
development because the areas are characterized
by moderate-to-high Vs30 values and low seismic
amplification. Two smaller clusters comprising Types
1 and 3 rocks require more detailed studies before
future developments are undertaken. These two
smaller areas are characterized by low Vs30 values
of Alluvium (Type 1) and thick layers of sandstone
with high amplification and low dominant frequency
(Type 3). The application of the NN-based SOM
method revealed several safe zones located within
seismically vulnerable areas, e.g., Type 3 rocks
located within Type 4 rocks in the western and
eastern part of Majalengka, which are difficult to be
distinguished by visual observation and comparison
of the three geophysical maps. Another advantage of
the NN-based SOM application is that a small cluster
of rocks can be automatically identified inside a
larger cluster as the Type 3 is situated inside the Type
4. Future research could include comparison with
similar multiparameter interpretation approaches
and additional involvement of vulnerability
modeling.

CONCLUSION
Three key geophysical parameters, Vs30, H/V, and
dominant frequency, were mapped in Majalengka
based on a micro-zonation study. The eastern part
of Majalengka is considered more vulnerable as H/V
value is higher and the dominant frequency is lower
than those in the western part. The Vs30 values are
generally between 220 and 400 m/s, except in a
particular area in the east that is visually similar to
the dominant frequency pattern. The pattern of Vs30
correlates relatively well with the geology in a certain
zone of the study area. Several possible geological
features represented by the geophysical anomalies
from the H/V, dominant frequency, and Vs30 data
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