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Abstract:

A noteworthy tendency emerges from the
examination of natural disasters in India from
1900: although the number of documented
catastrophes has grown, the mortality toll has
dropped. Nonetheless, there are notable
differences in the fatality rates between various
catastrophe categories and geographical areas.
Furthermore, more study is required because
there seems to be a possible association between
some calamities and rising temperatures.
However, biases including few data examples
and reporting inequalities call for caution. This
work uses ARIMA and linear regression
techniques to solve these problems. The study's
main concern is the disparity between the number
of natural disasters that have been reported in
India since 1900 and the number of people who
have died as a result of these catastrophes.
Furthermore, there are notable differences in the
fatality tolls across various types of disasters and
geographical areas. Furthermore, it is imperative
to examine any possible association between
certain categories of natural calamities and
increasing temperatures. This study uses two
primary approaches (linear regression and
ARIMA) to solve the concerns found. Data
patterns are analyzed using linear regression,
with a focus on the correlation between natural
catastrophes, mortality tolls, and plausible causes
like climate change. Taking into account the
temporal component of natural catastrophes,
ARIMA (Auto-Regressive Integrated Moving
Average) modeling is used to anticipate future
trends and detect patterns in the data.
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1.INTRODUCTION

Natural catastrophes have long been a major
global issue since they have an impact on
ecosystems, economy, and societies. In India, a
nation vulnerable to a wide range of natural
disasters [1], the effects of these occurrences go
much beyond their immediate devastation,

20

frequently escalating pre-existing socioeconomic
issues and vulnerabilities. These catastrophes
present difficult problems because of their long-
term effects on the resilience and well-being of
society, in addition to their immediate
destruction. The issue of homelessness and
displacement is one of the most important
societal issues that is made worse by natural
catastrophes. When natural disasters like floods,
earthquakes, or cyclones damage homes or leave
them untenable, people and families are forced
into temporary shelters or improvised dwellings
[2], which frequently lack security and basic
amenities. In addition to upsetting people's lives,
this relocation exacerbates already-existing
socioeconomic divides, which disproportionately
affects underprivileged populations.

Moreover, natural catastrophes frequently lead to
the loss of livelihoods, especially in industries
like fishing, agriculture, and unofficial urban
economies [3] that are susceptible to
environmental shocks. Crop failures,
infrastructural failures, and the loss of productive
assets cause economic suffering for both
individuals and communities, hence extending
cycles of poverty and susceptibility. Furthermore,
natural disasters have an economic influence on
long-term sustainability and regional growth
paths in addition to acute costs. A significant
societal issue that is made worse by natural
disasters is the interruption of vital services like
healthcare, education, and access to sanitary
facilities and clean water. Disease outbreaks
frequently occur in the wake of catastrophes,
adding to the burden on health systems and
endangering public health and welfare [4].
Similar to this, changes to education systems may
have a lasting impact on the growth of human
capital and societal cohesiveness, especially for
marginalized groups.

Natural catastrophes not only have these
direct socioeconomic effects but also make pre-
existing problems with environmental
degradation and climate change worse. Extreme
weather, droughts, and floods [5] are examples of
phenomena that are frequently connected to more
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general environmental problems, such as
deforestation, land degradation, and poor urban
design. Thus, addressing the social ramifications
of natural catastrophes necessitates a
comprehensive strategy that takes into account
how environmental, social, and economic
systems are interrelated. Even though natural
disasters provide serious socioeconomic
difficulties, little is known about their frequency,
distribution, and effects in the Indian setting.
Planning and policy initiatives targeted at disaster
risk reduction and mitigation depend heavily on
accurate information on the frequency, intensity,
and socioeconomic effects of catastrophic events.
Effective decision-making and resource
allocation [6] are hampered by the constraints of
current data sources, which frequently include
underreporting, data gaps, and inconsistent data.

This study attempts to fill up these
information gaps by offering a thorough
examination of natural catastrophes in India with
an emphasis on the consequences and societal
effects they have. The goal of this study is to
discover important patterns and causes of disaster
risk in various locations and demographic groups
by looking at trends in catastrophe incidence,
death rates, and socioeconomic vulnerabilities. In
addition, the study will examine how
environmental deterioration and climate change
influence the frequency and severity of natural
catastrophes, offering suggestions for mitigation
and adaptation measures. The results of this study
can benefit policy and practice aiming at
fostering sustainable development and resilience
building in disaster-prone areas by illuminating
the social aspects of catastrophe risk.

LITERATURE SURVEY

wave action are examples of hydrological
hazards that include water flow. Extreme
temperatures, fog, and storms are examples of
meteorological risks [7]. A few examples of
climatological risks associated with climate
change include wildfires and droughts. Exposure
to hazardous compounds and live organisms,
such the COVID-19 virus, is referred to as
biological risks. Asteroids, meteoroids, and
comets are examples of extraterrestrial dangers
that can alter Earth's interplanetary conditions
and have an impact on the magnetosphere,
ionosphere, and thermosphere. Singh et al.
proposed that population expansion, global
warming, earthquakes, and disease-carrying
vectors are all contributing factors to the
increased frequency and severity of disasters.
According to the World catastrophes Report
2016, between 2006 and 2015, catastrophes
claimed the lives of 772,000 individuals
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worldwide. The epidemic of Spanish flu, the
earthquake in Tokyo, the floods in China, the
cyclones in Bangladesh, the tsunamis in 14
nations, and Hurricane Katrina in the United
States are among the notable natural disasters.
Since the 1970s, India, a country with vast hilly
regions, a coastline, deserts, forests, rivers,
heavily populated cities, and harsh climates, has
had thirty significant natural catastrophes [8]. A
few instances are the 1999 super cyclone in
Odisha, the 2001 earthquake in Gujarat, the 2004
tsunami, the 2005 floods in Maharashtra, and the
2013 severe rains and landslides in Uttarakhand.

Both material destruction and a severe loss of life
are caused by these calamities.

Kaul et al. proposed that the management
of natural disasters and their mitigation strategies
[9], including landslides, avalanches, floods,
droughts, earthquakes, and cyclones, are the main
topics of this subject. It gives a historical
description of these catastrophes and talks about
the steps that must be taken to prevent property
damage and save lives. The study comes to the
conclusion that all the natural disaster
management and mitigation strategies are helpful
in putting these strategies into practice, which
will eventually save lives and lessen property
damage. Proposed an extreme natural
phenomena and human activity combine to create
natural hazards like lateral erosion and floods.
Fluvial risks are a result of water pollution and
decreased transit capacity caused by the growing
anthropogenic effect on fluvial streams. Flooding
and lateral erosion are two types of river-related
natural hazards. Heavy rains or rising water levels
can cause floods, and socio-hydro climatological
factors including sea level rise, climate change,
and socioeconomic dynamics make flood control
in India difficult. The distinct geomorphic
patterns of Uttarakhand, Kashmir, and
Chennai—three significant flood-affected
locations in India—are covered in this article.
The operations of Indian flood management
organizations and contemporary flood
management strategies are also included in the
essay.

METHODOLOGY

It is necessary to build a defined
technique before starting the data collecting
process. This entails specifying the sources,
duration, and data variables. There will be several
columns in the dataset, including Date, Disaster
Info, Year,

Duration, and Title. The disaster's name
or title will appear in the "Title" column, and its
duration will be specified in the "Duration"
column. The year of the catastrophe will be



shown in the "Year" column, and comprehensive
details on the event will be provided in the
"Disaster Info" column. Furthermore, the precise
date of the calamity will be included in the "Date"
column. To extract insights from the data,
exploratory data analysis, or EDA, is the next
stage after data collection. Exploratory Data
Analysis (EDA) is essential to comprehending
the dataset's properties. Knowing how frequently
catastrophes occur throughout time is one of the
main assessments done for EDA. We may learn
more about the pattern of catastrophes throughout
time by looking at the amount of disasters that
happened annually during the given period.

Natural Disasters Data

Data Preprocessing

ARIMA & LR Model

Forecasting

Fig.1 Working Methodology

Once the annual frequency of
catastrophes is known, attention may be turned to
large earthquakes. Major seismic events can be
distinguished by their size and effects. Major
earthquakes during the course of the 31-year
period can be studied independently to provide
insight into their occurrence and distribution.
Analyzing big floods independently also
provides a more comprehensive knowledge of the
frequency and distribution of floods throughout
the course of the 31-year timeframe. Based on
their effect and intensity, major floods may be
distinguished, and examining each one
independently aids in deciphering their historical
patterns. In addition to examining the distribution
and frequency of catastrophes, it's critical to
examine the textual data linked to every event. A
kind of term grid can be made to do this.

A statistical matrix that indicates the
number of terms that appear in a set of documents
is called a document term matrix. It facilitates
more efficient text data analysis. The textual data
connected to any catastrophe may be analyzed by
generating a document term matrix. This aids in
finding recurring themes, patterns, and trends in
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the collection, which might offer insightful
information for additional research. Several
forecasting models may be used to anticipate
future trends in catastrophes once EDA is
finished. ARIMA (Auto Regressive Integrated
Moving Average) and linear regression are two
frequently used methods for forecasting.

ARIMA is a time series forecasting
technique, whereas a linear regression analysis is
a statistical technique that examines the
connection between two or more variables. We
can predict the likelihood of disasters in the future
using past data through integrating such models
to the dataset.

METHODS ARIMA

ARIMA, or Autoregressive Integrated
Moving Average, is a well-liked and often applied
time series forecasting technique. It is an
effective technique for forecasting and evaluating
time series data. Three essential elements make
up ARIMA: Moving Average (MA), Integration
(), and Autoregression (AR). It is essential to
comprehend these elements in order to use the
ARIMA model properly. A model known as
autoregression (AR) forecasts future values of a
variable by utilizing its historical values. The
"AR" component of an ARIMA model denotes
the correlation between a single observation and
many lag observations. The number of lag
observations in the model is determined by the
autoregression's order, which is indicated by the
parameter p. One lag observation is used, for
instance, by an ARIMA(1,0,0) model to forecast
the current observation.

The process of distinction the time series
information to make it stationary is called
integration (I). In longitudinal analysis,
stationarity is crucial since it guarantees that the
data's statistical characteristics won't alter with
time. The number of distinction transformations
needed to render the data steady is specified by
the order of integrating, which is indicated by the
parameter d. For instance, an ARIMA(O0,1,0)
model suggests that in order to ensure
stationarity, the data must be differenced once.
The dependence among a finding and the
remaining error from a model with moving
averages applied to lag observations is used in the
Moving Average (MA) model. The amount of lag
forecast errors in the equation for prediction is
specified by the sequence of the average's
movement, which is represented by the parameter
g. To anticipate the current observation, for
instance, an ARIMA (0,0,1) model makes use of
the remaining mistakes from one lag.

Three component functions make up an
ARIMA model: 1 (d), which measures the



variation in the nonseasonal data; MA (q), which
measures the size of the average moving average
window; and AR (p), which indicates the amount
of observations with lags or an autoregressive
terms in the model. The order or number of times
the function appears when running the model is
represented as (p, d, q) in an ARIMA model. Zero
values are permissible. The data is made
stationary using the ARIMA model using
differenced data, indicating that the data is
consistent throughout time. When it comes to
market or economic data, this function eliminates
the impact of trends or seasonality. Seasonality is
the presence of recurring, predictable patterns in
data.

It is possible to construct seasonal and
nonseasonal ARIMA models. compared to the
autoregressive, differencing, and average terms
for each season, a seasonal model has to account
for the total number of occurrences in each
season. One may construct ARIMA models using
a variety of software programs, such as Python.
The data scientist has to make sure the method in
issue fits the model before selecting an ARIMA
model. The data scientist creates and trains the
model on a dataset if the data is a good fit for the
ARIMA model, then inserts real data to create and
visualize a forecast. While ARIMA models are
useful for forecasting based on historical data,
there are additional reasons to exercise caution
when utilizing ARIMA models. Unlike
investment disclaimers that assert that "past
success is not a gauge of future achievement"
ARIMA models estimate future occurrences
using historical data, assuming that past values
have aresidual impact on present or future values.

RESULTS

Interpreting the analysis's findings is
crucial after carrying out an exploratory data
analysis (EDA), which includes examining the
number of disasters annually, the number of
major earthquakes every 31 years, and the
number of major floods every 31 years. Let us
start by discussing the findings derived from the
examination of the various graphs. The "Disasters
per year" graph can be analyzed to get insight into
the distribution and frequency of catastrophes
during the given time period. It assists in figuring
out whether there are any obvious variations or
patterns in the data, as well as comprehending the
general trend of catastrophes over time and
recognizing any notable spikes or drops. It is
possible to identify big floods based on their
impact and intensity by analyzing the "Major
Floods in 31 Years" graph. Understanding any
noteworthy patterns or trends in the occurrence of
big floods is made easier by this research, which
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sheds light on the frequency and dispersion of

significant floods over the course of the 31-year
period.
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Fig.6 Forecasting of Temperature

The predicting outcomes that came from
using the ARIMA model. Forecasts for upcoming
time periods are produced using the ARIMA
model using past data. Statistical measurements
like as MAE, MSE, RMSE, and visual inspection
of the actual vs. anticipated values can be used to
assess the predictions' accuracy. We may evaluate
the accuracy and dependability of the model by
contrasting the anticipated values produced by
the ARIMA equation with the actual values.
When the expected and actual values nearly



coincide, the ARIMA framework is functioning
well and is a useful tool for producing precise
forecasts. The findings from the examination of
several graphs shed light on the distribution and
frequency of catastrophes across the given time
period. Furthermore, the outcomes of using
forecasting models like ARIMA and linear
regression offer important details on the precision
and dependability of these models for projecting
future trends in catastrophes.

CONCLUSION

A 3l-year period's worth of significant
earthquakes, large floods, and catastrophes every
year are analyzed to give important insights on
the distribution and frequency of these
occurrences. Prospective patterns in catastrophes
can be predicted by the use of forecasting models
like ARIMA and linear regression.

The ARIMA model enables more complex time
series forecasting than the linear regression

knowledge of the connection among parameters
and their predictive value.

:With the linear regression model, the
performance of the model can be assessed using
the following metrics: Mean Absolute Error
(MAE), Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), and R2 score. The
average magnitude of mistakes in a collection of
predictions is measured by the MAE, the average
squared discrepancies between actual and
projected values is measured by the MSE, the
square root of the MSE gives a comprehensible
scale for the errors is provided by the RMSE, and
the The percentage of the dependent variable's
variation that can be predicted from the
variability of the independent variables is shown
by the R2 score.
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