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KEYWORDS ABSTRACT
Neural ~ Networks, ~ Volcanic When it comes to volcanic eruption surveillance, technique rely on seismic analysis of data
eruption, seismic zones, tend to use mechanistic techniques that ignore the fact that volcanic formations are varied

Prediction, Classification. and flexible. Sophisticated procedures for data categorization and assessment, evaluation,
investigation and interpretation are needed to identify small variations in seismic sequences
linked with wvolcanic instability. Machine Learning (ML) and Deep Learning (DL)
technologies are continually being devised to better machine extraction and processing of
valuable data. In this study we employed Radial Basis Function Neural Networks (RBFNN)
to predict volcanic eruptions in Indonesia. We compared RBFNN with other Neural
Network (NN) models. It was observed that RBFNN outperformed all the other models in

terms of accuracy.

INTRODUCTION

Volcanic eruptions may be extremely dangerous, thus
it's critical to be able to anticipate them as precisely as
possible. In theory, we can make such estimates using
general ML approaches. Moreover, such algorithms, in
particular, need an impractical amount of computing
effort when no previous knowledge is available. As a
result, it's a good idea to seek for more knowledge to
help us speed up the calculations.

Environmental risk forecasting is a growing field of
study that focuses on community security while

minimising the socioeconomic damage caused by

that

environmental disasters are unexpected, prior detection

environmental disasters. Despite the fact

methods rely on providing enough knowledge about the
threats

Persistent surveillance of operational eruptions, for

depending on academic knowledge [1].
instance, helps specialists to get a greater comprehension
of their underlying processes and provide more reliable
predictions and alerts, reducing the risk of seismic
disturbance and explosion that could be fatal to adjacent
communities [2]. In this way, ML aids in the discovery
and comprehension of multiple datasets. They've shown

to be effective instruments for assessing information in a
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variety of domains, particularly volcano seismic
interpretation, as a proper diagnosis. Conventional
supervised learning methods need a specific quantity of
labelled samples throughout the training phase in order
to fully understand the characteristic domain and
subsequently categorise unknown data [3], [4]. Luckily,
certain ML techniques may overcome such drawbacks.
Transitions including translated version, spin, resizing,
twisting, and ripping are popular ways of information
enrichment in 2-D forms like pictures. Nevertheless,
because the characteristics of seismic impulses are
warped, certain of the modifications performed to
spectrum analyzer (e.g., spinning and tilting) are not
useful in seismic information. In this study, we use a
RBFNN which is a technique that learns from samples in
a training set and then generates new data samples with
the same statistic setting as those in the training set. The
economic cost of volcanic eruptions may be calculated.
Damage to infrastructure and residences are direct
expenses, while interruption to commerce and
transportation are indirect costs. Figure 1 depicts one
such economic cost study. The impact of volcanoes on

human beings is shown in figure 2.

Nevado del Ruiz, Colombia, 1985
Mount St Helens, USA, 1980
Calbuco, Chile, 2015
Mount Pinatubo, Philippines, 1991 [IEZE

Galunggung, Indonesia, 1982 [IIEIER]
Tungurahua, Ecuador, 2006 [ISEN

Gamalama, Indonesia, 1983
El Chichon, Mexico, 1982
Rabaul, Papua New Guinea, 1994 m
Puyehue-Cordon Caulle, Chile, 2011

Fig 1: Economic cost damaged due to volcanoes

Because of their tremendous strength, VOLCANIC
outbursts are ecological extravaganzas. However,
because eruptions release toxic fumes and cause strong
tremors, such sights could be deadly for surrounding
residents. The energetic interchange between volcanism
and the surroundings causes acoustic abnormalities
linked with volcanism. Tension and calm activities,
temperature shifts, and liquid motions all contribute to
this energetic interchange. Tracking eruptions with
reliable automated identification methods will aid in the
refinement of our comprehension of underpinning

seismicity and the humanistic comprehension of inside

volcanic processes. Furthermore, modern geological
infrastructures supply huge volumes of elevated
geological information, establishing a second frontier for
developing strong prediction methods using artificial
intelligence (AI) and ML to analyse that data. The
organization of the paper is as follows: It is that in
section 2 where background work is represented and
proposed methodology is represented in section 3 and

results was discussed in section 4 and concluded in

section 5.
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Fig.2 Impact of volcanoes on humans

RELATED WORKS

Many researchers employed different techniques like
Recurrent Neural Networks (RNN), Transfer Learning
(TL), Generative Adversarial Networks (GAN), Random
(RDEF), (CT),
Convolution Neural Network (CNN) Naive Bayesian
Approach (NBA), NN, Support Vector Machine (SVM),

Evolutionary Algorithms,

Decision  Forest Classification Tree

Deep Neural Networks
(DNN) and Artificial Neural Networks (ANN) to predict

volcanic eruptions.

J. Parra et al., (2017). [5] They presented actual data for
eruption systems with disordered and deferred behavior
and also demonstrated that by taking into account the
disordered and deferred nature of the related system,
relevant forecasts can be enhanced in particular and in

eruption forecasts especially.

F. Tempola et al, (2018). [6] Indonesia is not
exceptional when it comes to calamities produced by
volcanism. This is due to the fact that Indonesia has the
planet 's highest dynamic volcanoes, with 127 canyons.

The Institute for Volcanology and Geosciences Disaster
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Management uses two methods to determine the
indication of eruption state in Indonesia: ocular
inspection and acoustic considerations. Depending on
this

forecast the condition of eruptions. Deep explosive

seismographic parameters, investigation will
disasters, deep continental drift, profound volcanoes,
seismic impact, and prior state are the five factors in the
position suggestion. Regular, alarm, and warn are the
three condition suggestions to be forecast. In this work,
stochastic inference was utilised to forecast the state of
eruptions, utilising the NBA as the method utilized to
forecast the state of the eruption. F urthermore, k-fold
cross-validation was used to validate the results before
calculating the normal variation. In this investigation,
there is a three-fold. The reliability of the findings was
79.91 percent on mean, with a confidence interval of 3.55

percent.

F. Grijalva et al, (2021). [7] introduced GAN
framework for generating explosive incident amplitude
resonant frequencies. GAN develops to create the
that

volcanic-tectonic occurrences from Cotopaxi eruption,

harmonic elements describe  lengthy and
according to their studies. They used Fréchet range to
assess the efficiency of model during the training
process, and then they reconstruct the inputs into
moment to be assessed with Frechet genesis value. P. E.
E. Lara et al., (2020). [8] Researchers suggested utilising
(EMD)
ML approaches to create an autonomous predictor for
kinds of

occurrences at Peru's Ubinas summit, which is the

experimental modal deconstruction and

recognising the five most significant
country's most explosive volcanic eruption. Their
research was put to the test using a big archive including
a significant quantity of explosive occurrences recorded
at the Ubinas volcano near Arequipa, Peru. Their
suggested method was a

categorization huge

competence, with an excellence percentage of over 90%.

T. Scofield et al., (2020). [9] They developed a ML
pipeline that simplifies the selection of pre - processing
stage, extraction of features, and classification models.
They identified volcanoes in synthetic aperture radar
(SAR) photographs of Venus' surface. The chosen dataset
is unbalanced in that there are few photographs of
volcanic eruptions, which is prevalent in several
automated sensor modules. A series of techniques may

be combined to detect volcanoes with good recall, they

demonstrated. While the classifier's accuracy is low, it
may still be utilised to decrease dataset volume and
enhance dataset balance. A. Hooper et al., (2020). [10]
Geodetic studies of lithosphere displacement rate show
that stress and pressure accumulates quicker or slower
than the pace implied by recorded tremors. They used
the COMET-LiCSAR InSAR computing technology to
build ultimate tensile rate maps for the whole Alpide
belt and utilise them to evaluate tectonic threat for
Anatolia. Displacement is a crucial sign of volcanic
instability and is typically linked to lava movement.
Sentinel-1's regular revisits and quick data transmission
make it appropriate for worldwide subaerial volcanic
surveillance. They created ML techniques to identify
when a new displacement trend appears, or when a

preexisting displacement trend alters pace.

J. E. Gomez, et al, (2018). [11] In their work, a
documented overview of ML in seismology was created.
Their research reveals that for this sort of solution area,
incremental learning (IL) outperforms non-IL. One of
them is IL, which takes into account changing situations
and changes the optimal solution in instantaneously
while requiring the filters to be retrained. Depending on
the foregoing, this work gives an expanded assessment
of the existing research in the eruption detection
problem, several forms

investigating of learning

approaches.

M. Titos et al (2020).

volcano-seismic emissions were classified using a TL

[12] Mexico's solitary

technique. Employing a sample set of statistics
encompassing local disasters, volcano-tectonic seismic
activity, long-period occurrences, seismic vibrations,
eruptions, and failures, as well as CNN as a pattern
Their

generalization potential while merely fine-tuning the

generator. approach contrasts the systems'
higher levels with fine-tuning the entire network.
Classifier methods built on TL methods outperform
other latest techniques in terms of generalization
(achieving approximately 94 percent of occurrences
properly

constraints.

categorized) and computing energy

A. A. T. Peixoto et al., (2021). [13] They provided a
guided tensor-based training system for categorising
eruptive occurrences from waveforms collected from

Peru's Ubinas summit throughout a high phase in 2009.
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The suggested strategy is completely tensorial, as it
combines the three primary stages of an instantaneous
categorization scheme (functionality retrieval, subspace
decrease, and categorization algorithm) into an overall
multifaceted structure for torus information, bringing
together torus learning methods like multilinear primary
element assessment and assistance torus system. The
suggested nonlinear categorization scheme
outperformed its vectorial equivalents substantially,
according to the results. The classifier, in combination
with the Multilinear Primary element Assessment,
produced the highest results. P. Venegas et al., (2019).
[14]

centered on an appropriate mixture of five popular ML

Researchers suggested a complete technique
classifications that deliver the best efficiency over the

region underneath  the recipient operational
characteristics graph for classifying long-period and
volcano-tectonic acoustic occurrences. The suggested
technique proved successful in creating comparable
alternatives for the categorization of volcanic seismicity,

as per the Wilcoxon Statistical testing.

M. Malfante et al (2015). [15] Eruptive activity
assessment and forecast, as well as related dangers, are
currently a relevant and active topic. The volume of
volcano-seismic information recorded by modern
observation systems is enormous, necessitating the use
of ML for autonomous interpretation. The ephemeral
character of the volcano-seismic signals of relevance
emphasizes the importance of automated identification
and categorization. They described a unique framework
for automated categorization of volcano-seismic
occurrences built on a huge characteristic collection and
a complete waveform description in their research. This
is one of the earliest efforts, to their knowledge, to
automate the categorization job of these indicators. To
create a forecasting models, the study used supervised
Y. Maeda et al, (2020). [16] They

present a novel technique for dynamically detecting

ML techniques.

volcanic tectonic occurrences from uninterrupted signals
that focuses on geographical intensity characteristics.
Signal-to-noise levels are used to identify potential
earthquake occurrences. After that, the system used
supervised ML to sort the potential occurrences into
correct and incorrect groups. The margins of the amount
of time specimens with frequency and magnitude

greater than the backstory sound stage at 1-second

interims (high magnitude margins) granted at each
depot location, as well as a conventional reference table
in which 'correct' or 'incorrect' signs are delegated to
applicant occurrences, serve as the feedback learning
information. In their process, they use a
dual-fold strategy. Firstly, a NN system describing a
constant geographical extent of big magnitude
probability is studied at 1-second periods utilising the
high magnitude proportions at all locations. Secondly,
numerous characteristics are collected from these
geographical patterns, and a SVM is used to develop a
relationship  between  the  characteristics and
categorization to correct and incorrect occurrences. This
dual-fold procedure is required to compensate for
information deterioration over time, as well as
equipment construction, transfer, and deletion. They
tested the system utilizing information collected over the
first ten days of an intensive monitoring experiment at
the summit location of Mt. Ontake, Japanese (October
1-10). The reliability of the categorization was higher

than 97 percent.

R. Lara-Cueva et al, (2017). [17]

computerized method for recognising seismo-volcanic

developed a

phenomena, such as long-period occurences and
volcano-tectonic tremors, as well as non-volcanic alerts,
such as thunder and ambient disturbance, using
ML techniques. The recognition step correctly identified
BN

segmentation process correctly classified them 90% of

occurrences 98% of the time, whereas the
the time. The gaussian function, with an exchange of 10
to 80, and Serial Minimalist Tuning have been the best

variables for efficiency categorization.

M. Malfante et al, (2018). [18] Devoted to the
automated assessment of volcano-seismic data, with an
emphasis on integrative and practical instruments. They
also looked at techniques for the best description of
volcano-seismic information and strategies for detecting
and classifying volcano-seismic occurrences.
Their system is based on SVM and achieves a prediction
performance of 92.2 percent across six categories. The six
years of collected data are then extensively analysed

using this statistical method.

N. Peréz et al, (2020). [19] Attempted to depict a
catastrophic tectonic occurrence from a new and unusual

perspective, using picture synthesis approaches rather
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than  traditional = geophysical data  treatment
methodologies like amplitude or size assessment. R.

Lara-Cueva et al., (2016). [20] Their research looked at a
number of ML algorithms that have already been used to
categorise tectonic occurrences, as well as reliability and
efficiency characteristics. M. Titos et al (2018). [21]
developed a unique strategy to classifying
volcano-seismic occurrences using densely integrated
DNNs in the area of volcanoes volcanology. M.
Lopez-Pérez et al (2021). [22] The usage of Gaussian
processes (GPs) and Deep GPs (DGPs), as well as their
nested expansion, for volcano-seismic occurrence
categorization was suggested and investigated. A. B.
Rodriguez et al, (2021). [23] They introduced a
conditional inferential approach built on Bayesian DL for
tracking frequent variations in volcanic tectonic events.
This framework was built to identify and categorize
single tremor nonlinearities in explosive settings. They
validated it by studying seismic data from Bezymianny
Volcano (Russia) outbursts in 2007. There were no
significant changes in the volcanic system in the hours
before erosive behavior. A novel use of DL in tremor
surveillance, their method may be applied to other
eruptions and seismic activity locations. Owing to
information restrictions such as a lack of high-quality
examples in the training examples, incomplete names,
and an uneven depiction of categories, among many, the
sample size required to train and evaluate latest ML
Classifiers as DL models is a major problem.  When
classify

information, these issues become more difficult to solve,

professionals  individually —gather and

particularly when tectonic sensors capture more
examples of one category than competitors, resulting in
information with an imbalanced class representation,

such as the information presented in [24] [25].

METHODOLOGY

The ability to correctly identify numerous kinds of
explosive acoustic occurrences can be linked to a
mountain's fundamental nature, and it might be
beneficial in providing an advance warning in the
occasion of an approaching explosion. Long-period and
volcano-tectonic acoustic occurrences are the utmost
significant to follow among the many documented
acoustic occurrences, because its increased recurrence
might aid in forecasting potential explosions. As a result,
correctly classifying all kinds of tectonic occurrences

might improve the security of those who live near the
summit.

The design of RBFNN is significantly distinct from that
of many NN topologies. The majority of NN architecture
has multiple levels and generates variability by
implementing
repeatedly. The RBFNN, on the other hand, is made up
of just three layers: Input Layer (IL) , Hidden Layer (HL),

hyperbolic ~ tangent  parameters

and Output Layer (OL). The IL is not a processing level;

it simply collects sends it into the
RBENN special HL. The processing that takes place
inside the HL differs significantly from that of other NN,

and this is where the RBFNN power derives from. The

input and

forecasting assignment, such as categorization or
extrapolation, is performed by the OL. The NN's input is
the model's parametric value, and its output is the
equivalent efficiency. Sufficient preliminary input and
output data are needed as examples in order to retrain
the NN to reach great adequate precision to replace the
finite element model. The RBFNN is depicted in figure 3.
The RBFNN is made up of only one HL that computes
the result in its own manner. RBFNN is founded on the
coverage hypothesis; it throws data into a
higher-dimensional field utilizing its HL. Hence the HL's
number of neurons should be bigger than the IL's
The OL

straight activating mechanism or be conceived of as

number of neurons. can have a
having no activating mechanism at all. Even though the
RBFNn's OL can be utilised as the ultimate outlet,
RBFNN can be stacked with other networks.

instance, we can substitute the RBFNN's OL with a

For

MLP and training the NN from beginning to finish.
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Fig. 3 RBFNN
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RESULTS AND DISCUSSION

The photographs of seismic eruptions were gathered
using a crawler approach on the internet. Crawler is a
tool that gathers essential information or resources from
the internet autonomously. Python crawlers such as
Requests and Beautiful Soup are featured in this article.
A maximum of 2,736 photos of seismic eruptions were
gathered, including photographs of eruption breakout
945 photos of

non-seismic eruptions were gathered. The seismic

and lava flow. Simultaneously,
explosion dataset was created by combining all of these
photos. There are just a few low-resolution publicly
available picture datasets that may be used to recognize
seismic eruptions. We gathered and classified a large
number of volcanic outburst videos, then used the
annotated videos to create a seismic eruption dataset.
Crawling internet seismic explosion photos, segregating
the burning zones, and preserving the subdivided
sections resulted in the seismic eruption dataset. The
accuracy table was given in Table 1. The accuracy graph
was given in Figure 4.
Table.1 Accuracy of different NN's

Method Accuracy
RNN 78
ANN 86
DNN [21] 90
RBENN (Suggested 92
method)
Accuracy Graph
100
—— ORNN
90
Model BANN
80 ODNN
70 ORBFNN

accuracy

Fig. 4 RBFNN's accuracy level compared to other
NN’s.

CONCLUSION

A RBFNN was used in this study to forecast volcanic
eruption. To anticipate volcanic eruptions in Indonesia,
we used Radial Basis Function Neural Networks
(RBFNN). RBFENN was contrasted to other Neural
Network (NN) models. In terms of accuracy, it was
discovered that RBFNN surpassed all other models.
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