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ABSTRACT

There are numerous sub-continents in the world where cyclones yearly hit a
certain region. Since cyclones directly affect people's lives and homes, their prediction
is crucial to preventing the loss of life and property. There are many ways of techniques
that is able to forecast tropical storms systems such as Dvorak technique, different kinds
of time series analysis, Artificial Neural Network (ANN), numerical weather prediction
system (NWP) model, machine learning, etc. Machine learning theory such as
regression analysis is still challenging for forecasting tropical cyclone’s track. It is very
useful and suitable for predicting and great impact on independence and random data
for time series.

Tropical cyclones that occurred in the Northern Indian Ocean affected Myanmar
Land. Historical datasets are obtained from Joint Typhoon Warning Center (JTWC) and
provided from 1945 to 2022 years. Feature extraction has a critical role in machine
learning theory and also strong features impact the outcome of the cyclone trajectory.
The movement of the cyclone trajectory points out the value of Latitude and Longitude.
In this research, these values are changing in the direction and magnitude of the
movement. The main contribution is stand on the correlation coefficient value of the
direction and magnitude of the historical trajectory data and test data. Not only the
latitude and longitude of the cyclone but also metrological data such as wind speed and
sea level pressure are also used the input data to extract the features. Features of
Direction and Movement are extracted to build the model based on similar cyclones
and tested one. Logistic regression method is used to forecast the latitude and longitude
of a cyclone's location 24 hours ahead of time by using the last twelve hours of
observations (two positions, at six hourly intervals, and the current position).

The threshold value is also an essential decision-maker or forecaster of the
system. According to the value, the accuracy of the system can also change. Three
threshold values of the sigmoid function are tested which is based on two similar and
three similar cyclones are tested. For the evaluation of the system, three matrixes are
selected such as mean absolute percentage error (MAPE), mean absolute error (MAE),
and root mean squared error (RMSE). By adding a maximum wind speed and minimum
sea level pressure from the historical dataset, performance evaluation is gradually

improved for these regression methods.
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CHAPTER 1

INTRODUCTION

Myanmar suffers the risk of natural disasters and the cost of damage is
enormous and very affected to coastline regions such as Rakhine State and Ayeyarwady
division. Heavily rainfall, extreme temperature, and floating and cyclone surges can
hurt the suffering nations and result in significant financial losses. The Bay of Bengal,
situated in the northeast of the Indian Ocean, is subjected to the formation of some of
the most powerful and damaging Tropical Cyclones (TC) in the world [3]. The Bay of
Bengal's coast is shared among Bangladesh, Myanmar, Sri Lanka, and the western part
of Thailand. Our country was affected annually by these cyclones. The direction of
tropical storms that occur in the Bay of Bengal sometimes goes to Bangladesh, India,
or Myanmar. So, predicting the trajectory of tropical cyclones plays a major task in
mitigation and prevention of disasters for our country.

Many processing methods have been used to predict weather forecasting in the
past year but it remains the challenge to forecast the storm track. Numerical image
processing techniques are fundamental tools for the initial preparation of input satellite
pictures where image processing is applied to these images. Dvorak technique was a
famous technique for intensity estimation science in 1972. Thousands of lives in regions
that were affected by cyclones were saved by the application that used Dvorak
technique.

Today world, artificial intelligence has increased to present itself rapidly and
generally. Machine learning is also one of the sectors of artificial intelligence and it is
very important in many areas [1]. In the field of meteorology and climatology, it can be
used to classify the region of tropical cyclones achieved from multi-dated satellite
images. The rapid development of satellite observations and numerical modeling
capabilities has led to improvements in the strength and track of the cyclone forecast
methodologies. The location of the cyclone is an essential point of the prediction model.
Many researchers presented artificial intelligence and morphological image processing
algorithms to extract the cyclone center automatically [4]. These data can be obtained
in two forms, the statical data (latitude and longitude) and the formation of the cyclone
extracted from satellite images. This technology employs a machine learning algorithm
to recognize cloud patterns from satellite imagery. The exact location of the cyclone
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can be obtained easily from past statistical data. The past statistical data of tropical
cyclones is enormous and many types of learning techniques are still solving this
system. Specifically, the development of ensemble approaches and data assimilation
employing a range of observational data has led to continual improvements in cyclone
track prediction. There is still a lack of accuracy in cyclone track forecasting,
particularly when it considers the metrological data such as wind speed, sea level
pressure, wind intensity, and eye diameter as well as the area covered [8]. This is despite
the rapid advancement of observational technologies and numerical modeling. Machine
learning systems that can take nonlinear and complex data have only been slightly

studied for tropical cyclone trajectories.

However, several parameters, including the thermodynamics and kinetics of the
tropical storm structure and the surrounding meteorological conditions, influence the
development of a tropical cyclone. The greatest sustained wind speed, the lowest sea
level pressure, the wind intensity, and the eye diameter are only a few of the different
factors that can affect a cyclone's path. Forecasting tropical cyclone trajectories is a
huge difficulty due to the interplay of these elements. Researching new tropical cyclone
track forecasting techniques is essential because of tropical storms have enormous
effects on people and the challenges involved in predicting them.

At the moment, there are two main kinds of forecasting techniques for TCs:
numerical weather prediction (NWP) is the dominant method. When the initial situation
and atmospheric boundary situation are known, NWP computes the equivalent result of
partial differential equations, including atmospheric state variables. A statistical model,
which often makes use of multiple regression, is the alternative forecasting technique.
The relationship between the TC's mobility and its unique historical features forms the
basis of the statistical model [11]. Nowadays, numerous deep learning models are used
to forecast cyclone tracks; however, they have certain limitations, such as high
computational cost, overfitting, lack of interpretability, and dependency on data
accuracy. When utilizing deep learning to solve a problem, several limits must be
considered.

The major goal of this system is to create a new tracking model for the TC track
using the multidimensional logistic regression method. The proposed model uses only
a simple multiple logistic regression method, which uses the location of the past 18

hours in terms of latitude and longitude to Magnitude and Direction by using a



mathematical equation, maximum sustained wind speed, and minimum sea level
pressure for new cyclone track and two most correlated cyclones that happened in the
same basin (Northern Indian Ocean) to extract features for the model. This process can
reduce time complexity and improve the prediction accuracy of the next timestamp for
6-hour short-term prediction. Features of direction and magnitude are passing through
the multiple logistic regression method with sigmoid function, predicted results are not
labeled as binary form as “0” or “1”, “yes” or “no”, and “true” or “false” which is
assumed as the probability value and changing as the direction and magnitude of the
next point. This research shows less powerful and time-consuming prediction model
can be developed by using mathematical equations with a logistic regression model
changing the nature of the input variable. Finally, this proposed system is developed in
a real-world dataset of cyclones from the Joint Typhoon Warning Center (JTWC),
which supports the storms’ geographical factor at 6-hour intervals and this proposed
system carries out better than some existing traditional methods, statical method, and

deep learning technique for short term prediction.

1.1 Problem Statement

The trajectory of tropical cyclones plays an essential role in understanding the
areas it can affect Myanmar Land. The damaging power of TCs is growing in reaction
to global warming [2]. The two primary statistical forecasting models and numerical
prediction models used in traditional methods of tropical cyclone track prediction are
[3]. For numerical models to handle complex thermodynamic formulas and mimic a
tropical cyclone's interior structure, they need a strong computational capacity [4].
Although the numerical model has gained widespread use with the advancement of
computer technology and the installation of ground stations, it still suffers from issues
related to low forecast accuracy and relatively high computational complexity. In the
case of cyclone track forecasting during 24, 48, and 72 hours, for instance, errors of
about 97.4, 188.2, and 302.7 km have been recorded when using a numerical model; in
contrast, these mistakes were only about 84.2, 145.6, and 205.4 km when utilizing a
subjective empirical approach, according to data released by the Shanghai Typhoon
Institute [5]. More improvement in prediction accuracy is possible using statistical
models that identify tropical cyclones based on features from historical data [6].
Tropical storm path prediction is becoming a big data challenge due to the increase in



data volume that comes with the installation of ocean observation stations, terrestrial
stations, and meteorological satellites.

Recently, machine learning algorithms have been used in object detection,
natural language processing, and image processing, and they have shown a strong
ability to analyze vast amounts of complex data in two different ways. In this system,
processing time for a significant amount of historical data can be decreased by the
correlation coefficient on one side. This technique uses the direction and magnitude of
historical data instead of the latitude and longitude of the cyclone center. In contrast,
short-term forecasting data can be processed simply and effectively with multiple
logistic regression techniques. The precision of the method is further increased by using
additional meteorological data. According to the above problem statement, forecasting

tropical cyclone tracking systems is still necessary to prevent natural disasters.

1.2 Motivation of the Research

One of the motivations for doing this research is to develop a computer program
that supports tropical cyclone mitigation and incorporates the plan before the TC strikes
to lessen destruction and injury from the storm. Moreover, the area of tropical cyclone
strikes from Bay of Bangel effects Bangladesh, Myanmar, Sri Lanka , and the western
part of Thailand every year. Although many channels in other countries announce
weather forecasting, Myanmar has only the Department of Meteorology and
Hydrology. For this reason, developing a prediction system for tropical cyclone tracks
is needed to construct.

Furthermore, there are many other techniques used in the prediction system,
regression model was not proposed in the system. Regression model is also the
prediction model that constructs the relationship between the variables. This model can
construct not only linear interconnection but also nonlinear variables.

The last reason is to propose an automatic tracking system by using the latitude,
longitude, wind speed, and sea level pressure as statical input data from the Joint
Typhoon Warning Center (JTWC). Therefore, this research on feature extraction and

forecasting the track of tropical cyclone motion system for Myanmar Land.


https://en.wikipedia.org/wiki/Sri_Lanka
https://en.wikipedia.org/wiki/Thailand

1.3 The Objectives of the Research

The main objective of this system is to propose feature extraction and prediction
of tropical cyclone tracing systems using historical data. Nowadays, artificial
intelligence approach and machine learning approaches are usually used in the
prediction TC system. However, much historical data is needed to train these
approaches. Features are extracted from the historical data to create a database that can
be used directly without making the training step. Therefore, a newly created database
has been tested by using multiple logistic regression techniques with three threshold
values to compare the accuracy of the system. The objectives of this proposed system
area are as follows:

1. To reduce the injuries and damage of natural disasters to Myanmar Land.

2. To develop an automatic tracking system for short-term forecasting.

3. To decrease the time consumption, a correlation coefficient value is used in this
system.

4. To create new features that are extracted from tested cyclones and similar
cyclones.

5. To forecast the direction of cyclones accurately by using a simple multiple

logistic regression technique.

1.4 Contributions of the Research

Many tropical cyclone tracking systems were used by various machine learning
algorithms. The reality of the machine learning system, and the training and testing data
are important to learning the model. Many kinds of features are used in the machine
learning system. An automated tracking system is comfortable for the user who doesn’t
know the weather prediction system. Some systems are semi-automated and some
systems need experts to use the application. This system is an automated tracking
system and accuracy is the most important factor for the research.

This system is an automatic feature extraction and tracking system for tropical
cyclones. The first contribution is to decrease time consumption for using huge amounts
of data, the correlation coefficient technique is used between tested data and historical
data. There is no time to compare all historical data with testing data, only the two most

similar cyclones need to be emphasized to extract the feature.



Moreover, getting a high accuracy hit-and-miss ratio is important for this
forecasting system. The second contribution is to create the data that seven features of
direction and eight features of magnitude with sea level pressure and wind speed are
extracted from the tested cyclone and similar cyclones’ statical data.

There are also many tracking systems using machine learning techniques, but a
regression model has not been used for these systems before. Therefore, the multiple
logistic regression model is used for the forecasting of the tropical cyclone trajectory
and getting high accuracy is the third contribution of this research.

1.5  Organization of the Research

The structure of this study is with six chapters, including a general introduction,
literature review, theory background of machine learning systems, detection and
tracking, theory of correlation coefficient, multiple regression model, and experimental
results.

Chapter 1 includes the study areas, the motivations, the research issues, and the

goals and aims of the study. The contributions of the research work are also presented.

Chapter 2 focuses the literature review on cyclone formation, cloud tracking,
and related works concerning existing tropical cyclone tracking systems.

Chapter 3 describes the background theory of Machine learning theory and
mentions possible approaches to the solution of cyclone tracking.

Chapter 4 presents the implementation and the basic concepts for the correlation
coefficient and multiple regression model.

Chapter 5 discusses the experimental results of the proposed system.

Chapter 6 concludes the thesis and outlines avenues for future research.



CHAPTER 2

LITERATURE REVIEW

This chapter displays an introduction to tropical cyclone formation, machine
learning systems and tropical cyclone tracking systems. In addition, the current
different approaches to the prediction of tropical cyclone tracking systems are

reviewed.
2.1  Tropical Cyclone

Low atmospheric pressure, high winds, and heavy rain are characterized of
tropical cyclones and it develops over warm tropical oceans. A tropical cyclone makes
extreme winds because it gets energy from the sea surface. Tropical cyclones generally
generate between 6 to 30 degrees of Latitude. The surface water must be about 80° F.
The regions of Bangladesh, North Indian Ocean, Gulf Coast of North America and the
Southern Pacific were struck by cyclones in every late summer month. Tropical cyclone
is sometimes called typhoon or hurricane depends on the regions they are formed.
Hurricanes is called over North-Eastern, North Atlantic and Caribbean Ocean. Tropical
Cyclone or Cyclones are called South Pacific and Indian Ocean. In Northwest Pacific

is known as Typhoons. It is a small size but can generate high-speed wind [13].

Figure 2.1 Sample Images of Cyclone

2.1.1 Categories of Cyclone

The harshness of a tropical cyclone is expressed in category 1 to category 5

and connected to the maximum mean wind speed demonstrates in the below table.
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Table 2.1 Categories of Cyclone

Name Category | Strength of Gust | Effects
(km/h)
Tropical Low TC | Tropical >63 Gales
Depression
Moderate TC 1 90-125 Damaging Wind
Serve TC 2 125-164 Destructive Wind
TC 3 165-224 Very Destructive Wind
Intense TC 4 25-279 Very Destructive Wind
Very Intense TC 5 >279 Extremely Destructive
Wind

2.1.2 Impacts of Tropical Cyclones

Tropical cyclones can bring out destructive winds, heavy rainfall that causes

flooding and storm surges that can cause overflow to low-lying coastal areas [26].

1. Wind
A consequence resulting from tropical cyclones is wind with gusts in above 70
km/h. Sometimes, very intense tropical cyclones can overtake 280 km/h. These
destructive winds can destroy buildings and roofing loss. There will be an interruption
in the wind when the cyclone’s eye crosses over a location, but the destructive wind

will come from another direction.
2. Rain

Heavy rainfall is connected with a tropical cyclone that can cause immense
flooding. This can affect intensive loss and damage. The heavy rain can continue as
long as the cyclone goes to the interior and degrades into a low atmosphere air pressure

system. Therefore, intense tropical cyclones cause heavy rain and flooding.
3. Storm Surge

As well as extreme winds, a tropical cyclone can affect not only the extreme
winds but also can raise the sea to become the highest tide. Strong and onshore winds



can produce storm surges and decreased atmospheric pressure. Mainly, the storm surge

is a harmful and dangerous natural disaster related to a tropical cyclone [17].

2.2  Tropical Cyclone Pattern

The cloud features of the tropical cyclone are divided into two sets; one set is
used to estimate its current intensity and the other its future intensity. A cloud system
center may be cloud-free and located within the curve of a cloud line on one day and
be obscured under a central dense overcast (CDO) on the next day [46]. The
characteristics of CDO are illustrated in Figure 2.3 and examples of each pattern are

shown in Figure 2.4. The more spiral the cloud pattern is the more intense is the cyclone.

TI T2 B T4 TS5 TS
PRE -STORM PATTERNS
~ .-} . AR
i LA é‘\ e "6\ "\ ;_\\ (// R
(a) 4‘*)) _/\\ ) \ ‘& (& (=55
=
ONE _HOOKING WIDE BAND TIGHT CURVE CFa BFO CFa BFi CF5 BFI
.| e lte | a
-
(b): |52 x¢ = \\\\9 — K_/ Y =
- ~—
"CDO" CENTRAL TO CU BANDS CF25 BFOS CF4 BFO CF5 BFO CF6 BFO
G i | P V| it =
N\ (lsim 7= 3 (@
(c) _//) < 2 y \ \(:o/ 3 V& \.{
&4 e
I
TWO HOOKING WIDE BANDS CURV. IN OVCST. CF3 BFI CFa BFI CF5 BFI
2| =% sl = ligs | T
TO WIDE BAND CF2 BF 1 CF3 BFI CF4a BF1I CF4 BF2
o A
N
(e) g PSR RS, >
R W \ /
CURVED WIDE BAND cFz2s BFO.S CFa4 BFO CF5 RAGGED 5 BF 15
= ~.)y.
I — ~ — —
-, - N / UL
m [T 5 ~ | B ] [ e @l e>
\, s _ e e
= A — Z
CU LINE CENTER NEAR OVERCAST TIGHT CURVE CF3 BFI CFS5 BFO CF6 BFO

Figure 2.3 Common Tropical Cyclone Patterns and their Corresponding
T Numbers




2.3  Cyclone Cloud Classification Techniques

Location of the tropical cyclone cloud from satellite images is a basic and
important fact of the forecasting system. Especially used satellite images-based system,
there are many different techniques to locate the tropical cyclone from the input satellite
image. In early 1975, the most essential and weather forecasting tool was developed by
Dvorak technique. It is to determine the intensity of the cyclone according to the pattern
of the cloud. Nowadays, the high beneficent Tropical Cyclone (TC) archives gathered
by this technique. The best track of historical TC datasets is the foundation for the
prediction of risks from TCs effect the region with only computer program. Satellite
based TC intensity estimation method is the major interest to meteorologist. This
technique based on the pattern of the cloud such as curved band, shear, cloud’s eye the
central dense, embedded center and central cold cover. There are two steps in this
method, step one is to find where the cloud's center is. The second step is to analyze the

cyclone cloud pattern [38]. Figure 2.4 illustrate the references for typical cloud pattern.
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Based on the Dvorak technique, the researchers were developed many advanced
Dvorak techniques [22] developed ADT. The Advanced Dvorak Technique (ADT) was
developed by the Timothy L. Olander and Christopher S. Velden, Space and Science
Engineers at the University of Wisconsin-Madison. This technique can be used to
identify the cyclone intensity from the beginning of the cloud formation form
development to disappearance. In Dvorak method, pattern evolution and rules for

associated patterns are determined to the intensity of the cloud [9]. The approach for
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determining intensity and incorporating several rules and analytic techniques has been
designed in the ADT to closely resemble the SDT methodology. The ADT amended
portions of the original SDT rules, and the rules and performance analysis of the ADT
are predicated on the modified rules. Moreover, based on regression methods, ADT
modified some intensity relationships. The original objective satellite estimating
methods used in the development of the ADT were created at Colorado State
University's Cooperative Institute for Research Applications and the University of
Wisconsin's Space Science and Engineering Center. The ADT has undergone
significant additions and revisions, with the consequence that the algorithm's technique,
functionality, and content are very different from those of its predecessors. [34]. The
original modifications from earlier digital Dvorak methods cover the adding of
historical data, implementation of a time-weighted averaging arrangement, new
meanings, and resolution of different environmental temperature values, parameters
and intensity estimation. These modifications have brought more reliable and accurate

intensity estimation.

Relationships between tropical cyclone cloud and intensity are also important
considerable data in cyclone classification. Charles P. Arnold describes the study of
cyclones based on infrared Satellite images. Four stages of cyclones are the formation
of storms, tropical depressions, tropical cyclones and typhoons. Characteristics of
cloud, wind and thermodynamics are connected to these stages. Storm size, types of
banding storm, type of circulation center, intensity and cyclone’s eye are the physical
characteristics [48]. The ratio of cyclones is surrounded by cirrus, different cyclone
type and distribution are the cloud characteristics. vertical motion, velocity, tangential
wind, moisture content, and temperature were among the wind and thermodynamic
parameters examined. The results of this research expose a consequential variance
made in the cloudiness of tropical cyclones. This study has also displayed that great

alternation in the tropical cyclone typically is discovered in multi-cellular complexes.

In this paper [24], an automated tropical cyclone detection system uses a novel
deep learning model. This model applies a mask R-CNN model to segment the cyclone
and wind speed filter. To discover a TC for the maximum amount of number of its life
process, ML pipeline method was proposed by satellite images hold at every 6 hours’
gap. This result also produced confused dataset with segmentation masks for each

satellite image and can easily be at GitHub repository2 publicly. The satellite data were
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gathered from Meteosat 5 and & in Indian Ocean Data Coverage. From year 2002 to
2016, every 6 hours frequency satellite images can be gathered. ML pipeline was
developed in four stages. The first stage is to pass an input satellite image to the
detector. If one or more enclosing boxes are found, the wind speed needs to be
examined. In the third stage, the classifier supports to extract ROl more than one
forecasting for a satellite image using the box coordinates [7]. The last stage is to
determine the cyclone from the cropped images with the highest assurance sore from
the classifier. 86.55% accuracy rate is obtained by using this method.

Another technique is to detect the center of TC automatically from multi-band
cloud images by using SCBeM technique. This research studies the digital IR1 and
visible and water vapor satellite images gathered by FY-2C from year 2012 to 2016, 4-
year data. From an input image, the fixed-size domain was extracted by the following
steps. First of all, the expected region was gained from the NMC of China or the latest
predicted location [13]. Then, the expected region as the center of the input image, 10°
was extracted from an input image as a square area. To determine the fixed data, a
fusion of multi-band images and TCSS extraction is used. Different number of TC
intensity, the area of the Latitude and the location where TC occurred are the essential
facts to form the TC spiral cloud belts. There are two conditions in which the TC makes
landfall or the formation of TC, the cloud bet is chaotic without ambiguous clouded and
it is not a spiral shape [50]. TC can get easily in the condition of a strong cloud. And
necessary addition needs to get the ground-based radar that TC will make landfall. The
accuracy is good but many conditions need to be considered to complete this technique,
such as terrain, wind shear value and flow need to be considered, there will be more

accuracy rate will be gathered in the construction of the CBT.

Typhoon is a type of cyclone and its intensity is greater than another cyclone.
Typhoon also brings flooding, severe winds and thunderstorms. Many researchers were
developed different type of method to detect typhoon centers and tracking the moving
of the typhoon from the satellite images. This paper [16] was developed a novel method
that partition the input satellite image into sub pieces to bring out feature of the typhoon.
Morphological image processing was used to image enhancing to get the location of
typhoon and statistical image classification method to discover the center of the
typhoon [48]. By using different image resolution and ROI, vector quantization method

is used to encode satellite images to reconstruct image. From year 1995 to 2006, 71
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typhoons' historical infrared satellite images are used in this research. By using this
technique, the location of the typhoon cloud can be extracted from the satellite image
with a fusion background. This expected method could recognize the detection of
typhoon clouds simply and fast without complex calculation by using the features such
as eyed section, spiral cloud belt and cloud wall compared with other methods. Getting
the accurate location of the typhoon cloud can be helpful to predict the track of the

typhoon movement.

Deep learning Convolutional Neural Network (CNN) is one type of deep
learning algorithm and also a feed-forward neural network, that can easily feedback to
nearby disclosed networks through artificial neurons, so getting a deep learning
algorithm for fast feedback to data. To form a network topology, a convolutional layer
and a sampling layer are needed [29]. CNN applies the method of back propagating
neurons to understand the renewed network of each neuron's data. Many type of
research have been developed to predict the typhoon tracking mode, but some problems
remain such as the prediction accuracy rate being poor, cannot to recognize the location,
and confused feature extractions discovered in the previous prediction model. This
paper [35] contributed to overcoming this problem with a modified GCLSTM model to
locate typhoon clouds and prediction models effectively. The performance of using this
algorithm sounds good. Compared with other neural network models, 13.3% was
improved and the accuracy of the prediction of the typhoon was 95.12%. But pros and
cons are also together with this research. Some limitations of this research are only one
GCN neural network being performed and the second limitation is the actual application
will involve a huge amount of data but this model does not involve it. For future work,
this research is analyzed by using the satellite-based cloud typhoon prediction model to

prevent loss and damage to people’s lives [42].

Prevention disaster mitigation is the major role for environmental prevention
system. Determining TC intensity is the basic step for the tracking system. Machine
learning also used to create this application [19]. Supervised and unsupervised learning
are the type of machine learning. Supervised learning must have the historical statistic
data needed. Support Vector Machine (SVM) is a supervised learning system and it can
use in the classification process. In this research, the input infrared image is extracted
into 14 GLCM features such as Grayscale, Ycbcar and Red Green Blue (RGB) to

recognize image. Combination of these features to become the new features that to be
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bring out the classification stage. OAO and OAA coding design was used to test the
classification [25]. From the result, 88% of accuracy rate of tropical cyclone intensity
are gathered by using with the saffir-simpson hurricane wind scale is shown in Figure
2.5.

Wind speeds

Category (for 1-minute maximum sustained winds)

knots (kn)

58-70m/s 113-136 kn 130-1568 mph 209-251 km/h

Three  50-58 m/s 96—112 kn 111-129 mph 178-208 km/
Two 43—49 m/s 83-95 kn 96—110 mph 154177 km/h
One 33—42 m/s 6482 kn 74-95 mph  119-153 km/h

Figure 2.5 Saffir-Simpson Hurricane Wind Scale

Satellite based tropical cyclone detection system can be performed by using
only Morphological image processing method. It can detect the location of the cyclone
cloud automatically. In this research, several preprocessing methods were used to get
the clear structure of the cloud from the input satellite image [37]. After doing this step,
extract the feature from the skeleton cloud. Least square error method was used to
compare the inner, outer and skeleton curves of the cloud structure. Some logarithmic
helix to suit the tropical cyclone feature and the core point of the helix is the core point
of the cyclone; confirming to its moving structure, a rotation matching technique, the
rotation center is the cyclone core point. Some experimental results show a high

accuracy rate and low error [49].

To detect the eye of typhoon center was proposed by using a new Al algorithm.
This paper was also used morphological image processing as the pre-processing stage.
Opening and closing are the basic structures of image processing. Using the entropy-
based threshold techniques, the features can be extracted and the gravity calculation
technique can locate the core of the typhoon. Compared with other typhoon center
location methods, the deviation value is small [10].

An effective method for typhoon core position is presented using fractal feature
and gradient of satellite image. Before the typhoon makes landfall, the centers of

typhoon clouds are normally pointed in this region for a typhoon [31]. The features of
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the cloud region are smooth and have a higher level of gray values than the thickness
of borderlines. So, the window evaluates technique is proposed to locate the right cloud
position. Finding the window with the largest difference value between the total of the
fractal dimension and the gray-gradient co-occurrence matrix yields the closed cloud
region. The temperature value near the eye of typhoon clouds is small. These factors
must be considered to construct the model. This system uses a window to traverse the
dense cloud region. If there is a closed curve, the region of the curve is considered as
the typhoon center region [42]. If there is a curved cyclone region, it can be assumed as
the typhoon center. Another considerable factor is the largest density and most texture
structure. The information that is bring out from the strong and dense eye typhoon is an
important factor. If the location of the eye can’t be examined, the small region of the
geometric center can be considered. This research is tested by using Chinese FY-2C
stationary satellite image. Many other detection typhoon centers in “Tropical Cyclone
Yearbook” which was produced by Shanghai typhoon institute of China Meteorological
Administration is compared with this result. The outcomes of the experiments show
that high precision is achievable. [23].

2.4 Type of Tropical Cyclone Tracking Systems

When the pressure is low with warm core, a tropical cyclone forms over tropical
and subtropical waters. A huge amount of energy from the sun are given to the tropical
and subtropical oceans and become water vapor. The charge of heat drives an upward
direction of air, causing a low-pressure zone that is set into spiral by the circulation of
the earth [28]. A cyclone occurs when the energy involved in the circling airflow is
prominent. Cyclones are formed, made motion and finally disappeared over sea; they
cannot be correctly detected from land. TIROS-1 was the first weather satellite and it
was launched in 1960s. Satellite images have become input data sources for prediction
weather forecasting system. Cyclone’s location, eye, intensity, storm surges and rainfall
are also correlated features for forecasting system [27]. All forecasting methods use the
recent past behavior of the current cyclone as well as the historical behavior of similar
cyclones that have already occurred. Current cyclone is similar to the previous cyclones
so their behavior and manner will be same. In the prediction stage, based on the
previous cyclones the manner of current cyclone is called predictors. There are many
other tropical cyclone forecasting techniques are existed and all of them are used

historical data to forecast [14].
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Track Forecasting Techniques
2.4.1 Tropical Cyclone Formation Basins and their Characteristics

There are seven tropical and sub-tropical basins around the world as shown in
figure 2.7. They are

Northwest Pacific basin

Northeast Pacific basin

North Atlantic basin

North Indian basin (Bay of Bengal and Arabian sea)
Southwest Pacific basin

Southeast Indian Ocean basin

N o gk~ wDd e

Southwest Indian Ocean basin

| Bayof
| Bengal

Figure 2.7 Basins Where Tropical Cyclones Form on a Regular Basin
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2.4.2 Statistical Forecasting Techniques

Regression model are mainly contributed in statistical forecasting method.

There are five major types of statistical forecasting techniques [15]. They are:

Climatologically-aware forecasting techniques
Climatology and persistence forecasting techniques
Statistical synoptic techniques

Steering airflow determination

a ~ Wb oE

Statistical-dynamical techniques

Short-time means (24 hours) and long-time means (72 hours) forecasts can be
created using statistical data. The predicator data set is made up of information from
the current cyclone, the prior cyclone, the synoptic research, and numerical
experiments. Any fusion of criterion or variables in the observed data set can be taken
into consideration is the major advantages of statistical method. Generally, statistical
methods have also some disadvantages [36]. Statistical regression technique makes
predictions that display the average manner of cyclones in the historical data set.
Therefore, statistical method operates the best when the current synoptic condition, as
obvious in current cyclone movement, does not come too much from the typical
climatology of the basin. Moreover, these statistical techniques relay on high quality of

data in order to reliably forecast the statistical trends in the cyclone motion.

This research proposed combination of short-range tropical cyclone system with
upgraded traditional statistical method by using satellite images that are extracted as 9
features as the input data. Input satellite images are gathered from two resources that
obtained from Japan Metrological Agency Satellite and Tokyo Typhoon Center [18].
Traditional method uses very large amount of input variables and it needs to run high
end computer, this proposed method can reduce the input variables and it is portable to
run the model. The performance of the average error is smaller than the traditional
model. But it is still challenging for automated typhoon center location and forecasting
of the typhoon movement have high error [43].
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Figure 2.8 Satellite from Japan Metrological Agency and Tokyo Typhoon

Center

Figure 2.9 High Resolution of Typhoon Image by MTSAT-2 on 8 October 2014
2.4.3 Climatology and Persistence Techniques

The motion of the cyclone goes in the same direction when the atmospheric
conditions are constant. An averaging across occurrences is based on this obedience or
can cause satisfactory predictions for short-term duration [34]. When the atmospheric
conditions are not consistent within a cyclonic occurrence, for long-term forecasts it is
essential to know which weather climates are managing the cyclone motion. This data
can be gained by including actual storm tracks in the same basin as the present storm,
and under similar weather climates to the currently determining ones. The
climatologically-aware forecasting model is to consider previous data under similar
weather climates when forecasting the present cyclone motion. These methods perform

satisfactorily in long-term projections. [35].
2.4.4 Statistical Synoptic Techniques

Air pressure is inversely proportion to the height of the sea level. This
incremental decreasing of air pressure with increasing sea level may also make other

changes in weather climate conditions. Statistical synoptic methods are contributed by
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the differences of air pressure at different pressure levels [20]. Another use of pressure
level data as one type of forecaster has made these methods bring out from the

climatology and persistence method.
2.4.5 Forecasting Techniques Based on Satellite Image

Cyclones generally move long lengths over the basin before they make landfall.
Sometimes ground-based observations cannot be affected because of the long lifetime
of cyclones over the oceans [19]. At that time, forecasting the cyclone track must be
observed with detailed knowledge from the formation of the cyclone to make landfall.
The pattern of the cyclone movement is also important for forecasting. In this condition,
satellite images can support valuable instruction for the entire life of a cyclone.
Nowadays, many researchers have developed various methods to predict cyclone tracks
by using satellite images as historical data [33]. To translate satellite images, statistical
equations are used and make predict cyclones, they are computed under statistical
methods. Moreover, most other techniques use satellite images to get more accuracy

rate.

In predicting of the weather forecasting system, clouds play an essential role.
Satellite images can give distinct view of cloud motion and behavior of cloud manner
in every hour. Forecasting the cyclone trajectory is the major role for disaster mitigation
and decreases loss of lives and households. Previous satellite images are mainly
gathered from the Doppler Radars in India. But it has a limitation and semi-automatic
system, the researcher proposed to create an automatic tropical cyclone prediction. To
extract the location of the cyclone and features such as shape, texture, and color, Fuzzy
C-means clustering method is implemented. Observation of the different features
between multi-dated satellite image compares this difference and predicts the tropical

cyclone movement [40].

According to the difference satellites have launched, satellite images have
different resolutions and background noisy. This paper is proposed the automated
tropical cyclone motion system that uses multiple satellite images from five satellite
sources and wind field images [12]. There are three main parts that are data processing
to detect the location of cyclone from the satellite image, eye detection algorithm and
combining the eye detection results from different sources by using filter-based
predictor. Data processing using morphological image processing method. To detect
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the cyclone eye, the first step is to segment the cyclone eye by using wind speed value
and ensemble classification using histogram of wind speed and wind direction,
histogram of speed-to-direction, and outstanding wind direction. Graph based tropical
storm eye detection algorithm is used [37].

To establish a tropical storm forecasting system using a single orbiting satellite
to capture a extended behavior is inappropriate because of its limitation of spatial and
temporal scope. One finding way is to use multiple images from multiple satellite
sources for cyclone forecasting. Sometimes, data from some satellites do not support
features as useful as other orbiting satellites in the detection of cyclones. Moreover,
weak cyclone cannot provide distinct features while strong cyclone has obvious
features. In this paper, a tropical cyclone prediction system is used weak cyclone data
from multiple sources. Images of 3 hours using TRMM and Quiescent satellites. Linear
Karman filtering method is used in this research. Using only the satellite data with
strong cyclone selection features reduces the detrimental effects of blocking and coarse

temporal resolution associated with this framework.

10:14

TRMM (Precipitation)
21:55

QuikSCAT (Wind)

Figure 2.10 Satellite Images from Multiple Sources
2.4.6 Empirical Forecasting Techniques

This method needs the expert who decides on the motion of the cyclone. The
forecaster’s experience level is mainly impacted by this techniqueMajor errors related
to storm acceleration into mid-latitudes and missed re-curving can be eliminated by a
forecaster with pattern recognition expertise. Therefore, major errors will occur by
these experts recognize the pattern of cyclones. The main disadvantage of these
techniques is that the forecaster needs to take the time to become an expert. The Dvorak

technique is also empirical forecasting technique and determine the intensity of the
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cyclone based on the manner of the cloud by using Satellite Images. Different stages of
cyclone development, cloud patterns will be changed and the forecasting is based on
these patterns. Not only the cyclone’s intensity but also the cyclone’s near-future are

also being predicted through translation of current cloud patterns in the satellite [40].
2.4.7 Techniques using Artificial Neural Networks

In typhoon prediction and tracking systems, satellites images are also the most
important for gathering information about the tropical cyclone and its near
environment. Traditional prediction techniques face challenges that combination of
information gathered through the sensors, and recognition of spatial pattern. Numerical,
and statistical techniques can perform these barriers but it is complex task and needs
high-end computers to operate [45]. Moreover, satellite images are very huge in size
and noisy. According to these barriers, Artificial Neural Networks (ANNS) is proposed

for data processing.

This paper [28] is the typhoon track forecasting system using a generative
adversarial network (GAN) with satellite images as inputs. As a training date, the
historical multi-dated satellite images of typhoons which occurred in the Korea
Peninsula are used the trained GAN is operated to create a 6 hours motion of a typhoon
for which the GAN was not trained. The forecasted motion of a typhoon image
generously detects the next position of the typhoon eye as well as the shapeless cloud
manners. Distance errors between forecasted centers and actual typhoon centers are
calculated numerically in kilometers. 10 typhoons are tested and the average error is
95.6km. There is a limitation about the changes of cyclone track direction into westward
northward directions is pointed out when the prediction is remarkably improved when
satellite photos are combined with velocity variables.

Since 1975, Dvorak technique has mainly used as to detect the intensity of
cyclones. Detecting the intensity of tropical storm is the most important step in TC
motion forecasting system and the prevention of natural disasters. But Dvorak
technique is sometimes misleading to consistent intensity estimation. So, deep-learning
model using satellite images was developed to evaluate storm intensity. Compared with
the Dvorak technique, CNN model is flexible with the variable among various basins
[33]. Arevised approach is also suggested in this study, which aims to further increase
accuracy by attempting a post-smoothing step and utilizing the basin, day of the year,
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local time, longitude, and latitude. CNN-TC is the first CNN model that can forecast
the intensity of tropical cyclones using regression analysis. The training dataset consists
of 1407 worldwide TCs from 2003 to 2014 and further data from 188 TCs from 2015
to 2016. 94 TCs during 2017 were used for testing data to determine the performance
of the CNN model [16].

Another paper proposed Long Short-Term Memory LST based Recurrent
Neural network RNN model to forecast cyclone track using GridIDs. That uses data of
the initial time of occurring cyclones and forecasts cyclone track for the coming several
hours. Central pressure, maximum sustained surface wind speed, latitude, and longitude
are used as input data and which are accessible at a constant time interval. This network
can represent the fusion nonlinear manner of cyclones and plays reasonably in terms of
MAEs outperforming past grid forecasting results. Forecasting cyclone motion well in
advance supports in performing preventive measures much more quickly to decrease

damage and property loss [30].

This research presented to establish the multi-layer neural network by using
satellite images from NOAA-AVHRR. This proposed network consisted of five layers,
an input layer, three hidden network layers, and an output layer. This is a bidirectional
network layer except for an input layer. The features of small clouds in input satellite
images are encoded by the first layer V1. 66 x 66 pixels satellite images are
preprocessed to transform grayscale image and chaining the value into the interval
[0,1]. The trained network can create the correct cyclone forecasting for 98% with little

variations in the cyclone position [39].
2.4.8 Hybrid Radial-basis-function Network

A hybrid radial-basis function (HRBF) network can identify cyclones
automatically from input satellite pictures and can accurately forecast the cyclone's
track and strength. There are two components to this network. The initial step involves
identifying the characteristics of the retrieved cloud and extracting the cloud patterns
from the input satellite photos. The second component aims to categorize the data from
module one and forecast the cyclone's velocity and strength. Module 1 is further
distinguished into three different parts: Sub 1: Bring out of the cloud manners of tropical
storms using Gabor filters that are used to carry out the cloud manner and these filters
are used as locators of small, isolated cloud extends or balls in the satellite image [44].
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As these predictors are isolated, a huge number of Gabor filters are operated to conceal
the entire image. The products from these predictors are then linked and operated to
identify the cloud structure at massive scales in the satellite image. Sub 2: Composite
Neural Oscillatory Model is used as segmentation. Sub 3: NOEGM Model is used for
recognition and classification method. HRBF network is used to define the intensity of

the cyclone and to track the tropical cyclone motion.

2.5 Chapter Summary

This section explains the nature of tropical cyclones, their formation, common
tropical cyclone patterns, impacts, and types of cyclones. This chapter intends to
highlight the types of cyclone cloud classification techniques and types of tropical
cyclone tracking systems within the research area by making a carefully analyzed
literature review. And also explains the forecasting techniques such as statistical
forecasting, climatology and persistence, statistical synoptic technique, forecasting
based on satellite images, empirical forecasting, artificial neural networks, hybrid

radial-basic function networks, etc.
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CHAPTER 3

THEORETICAL BACKGROUND

There are many definitions of Machine Learning (ML) from the diversity of
area. Form the side of technical view, machine learning is different from traditional
programming language. In traditional computer programing, data and program are
passed the computer and computer produce the output. In machine learning, data and
output form experiences are passed to the computer and computer produces the program
according to the nature of data and experience from the output [21]. Computers are
trained by machine learning, which uses the experiences of humans and animals to teach
them tasks. Machine learning algorithms use computer approaches to "learn™
information directly from data, as opposed to using a pre-existing equation as a model.
The more examples that are available for learning, the more adaptively the algorithms
work. [32]. Figure 3.1 describes the nature of traditional computer programming and

machine learning system.

Data
Output
Program
Traditional Computer Programming
Data
Program
Output

Machine Learning

Figure 3.1 Traditional Programming Versus Machine Learning

ML is a subgroup of computing theory in artificial intelligence and fraction of
computer science that developed from the appliance of pattern recognition. Machine
learning algorithms establish the model constructed on dataset that can train and test
the new dataset to produce forecasting. These algorithms execute by developing a
prototype from a training dataset to make data-driven forecasting or determinations,



rather than following exactly defined program orders. Machine learning is nearly
related to and usually interconnects with geometrical information; a regulation that also
practices in forecasting-making. It has powerful attaches to mathematical improvement,
which produce models, assumption and application areas to the sectors. Machine
learning is occupied in an area of computing functions where developing and
programming explicit theory is unusable [50]. Different disciplines of knowledge and

the discipline of machine learning systems are shown in Figure 3.2.

Figure 3.2 Different Disciplines of Knowledge and the Discipline of Machine

Learning

3.1 Real World Applications Using Machine Learning
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Figure 3.3 Applications Using Machine Learning for Different Purpose
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Real world applications by using machine learning algorithm are shown in
Figure 3.3. With the increasing in big data, machine learning has developed generally
important for determine difficulty in application like these below [22]. Example areas

include

1. Computational finance, for credit scoring and algorithmic trading

2. Image processing and computer vision, for eye recognition, weather forecasting,
and GIS system

3. Computational biology, for tumor detection, drug discovery, and DNA
sequencing

4. Energy production, for price and load forecasting

5. Automotive, aerospace, and manufacturing, for predictive maintenance

6. Natural language processing [41]

Moreover, machine learning is not an easy step. There are seven steps bring to

machine learning and each step decides with these input datasets.
3.2 Seven Steps of Machine Learning

There are seven steps of machine learning algorithm as shown in Figure 3.4.

Gathering data

LT 2 Preparing that data
[ 3 Choosing a model
i 4 Training
| 5 | Evaluation
6 Hyper parameter tuning
7 Prediction

Figure 3.4 Seven Steps of Machine Learning
1. Gathering data: Machine learning needs training dataset. Texts, Graphs,
Tables, Numbers, Clickstreams, Videos, Images and Transactions are also
datasets and it come in different dimensions [36].
2. Preparing data: In machine learning system, raw data alone is not very

convenient. The data needs to be developed, standardized, non-copied and
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mistake and bias required to be extracted. Envision of the data can be applied to
consider patterns and outliers to see if the correct data has been gathered or if
the data is removing.

Choosing a model: The next step includes choosing the correct model. Many
different models can be applied for many reasons. Based on choosing the model,
need to confirm that the model catches the business plan. In addition, three facts
need to be known, the first one is how much preparation the model needs, how
exact it is and how scalable the model is. Sometimes the simple model is more
suitable for the plan even though some models are more complex. Various
techniques are available, including but not limited to logistic regression,
decision trees, K-means, principal component analysis (PCA), support vector
machines (SVM), random forest, neural networks, and naive Bayes. [11].
Training: Training the model is the key portion of machine learning system.
Training the data is more increases the accuracy of the forecasting decision for
the model [44]. One training step is one epoch of weight and bias change. While
unsupervised machine learning attempts to generate hypotheses from raw data,
supervised machine learning builds the model using classified sample data.
Evaluation: Evaluation is also the main step after training model. This step is
needed to know which data set is unused. Evaluation step can determine how
the model operates in the business application. The enormous amount of

training and testing data are needed for the real-world application.

Parameter tuning: Parameter must be tested to get more accuracy to develop
the Artificial Intelligence. Increasing the epochs of the training data can get the
more accuracy. Moreover, changing parameter can get more accuracy for the

mode. This is an experimental process.

Prediction: After doing the six steps, the final step is prediction. Prediction is
the answer of the whole problem. Using training and testing data, evaluation
step to determine the strength of the model and making the changes the
parameter value for the model, prediction is the key point for the machine

learning system [27].
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3.3  Types of Machine Learning

There are three types of machine learning. They are supervised learning,

unsupervised learning and semi-supervised learning as shown in Figure 3.5.
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Figure 3.5 Types of Machine Learning
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3.4  Supervised Learning

The goal of supervised machine learning is to construct a model that makes
decisions depend on documentation in the presence of uncertainty. A supervised
learning algorithm uses a known set of source data and known feedbacks to the output
information and trains a model to produce acceptable forecasting for the answer to new
data. Supervised learning applies classification and regression methods to improve

predictive models [29]. Figure 3.6 describes the nature and feature of supervised
learning system.
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Figure 3.6  Supervised Learning

Classification techniques react discrete values; for instance, whether a tumor is
malignant or benign, or if an email is spam or real. Input data is categorized using
classification models. Credit scoring, speech recognition, and medical imaging are
examples of common uses. [42].

3.4.1 Support Vector Machine (SVM)

Support vector machines (SVMs) are type of supervise learning system for
classification and regression [1]. SVM can be clarified as a system which apply
hypothesis area of a linear functions in a high-dimensional feature space, taught using
optimization approaches’ learning theory that performs a learning bias come from
statistic. It can be used for real world applications, such as OCR, face recognition and

so on, mainly for pattern classification and regression-based applications [15].
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There are three types of SVM such as

1. Optimal Linear Classification
2. Nonlinear Classification
3. Nonlinear SVM and Kernels

Support Vector

v

Figure 3.7 Optimal Classification Hyper-plane.

It depends on the hyperplanes that distinguish decision margins between the
different class labels. In SVM method, the classification is applied by detecting the
hyperplane that maximizes the boundaries between the two class labels. SVM can used
when input data has exactly two classes. The best hyperplane for an SVM expresses the
largest boundaries between the two labels. Boundary expresses the highest width of the
slab parallel to the hyperplane that has no data exist in this boundary. The following
figure demonstrates these meanings, @ denoting A type data, and Yy denoting B type
data as shown in Figure 3.7 [26].

A single hyper-plane P can be separated linearly within the training data is the
simple form in SVM. This hypothesis is comparable to state that the parameters (y,a)

of the classifier must meet the set of constraints
(y'x;+a)d; =0,i=1,...,B. (3.1)
3.4.2 Nonlinear Classification

Nonlinear classification means that some input datasets cannot be spate linearly
by borderline margins and in this situation nonlinear classifier needs to produce features
immediately from the input data set. In most applications, this outcome can be
performed simple but adequate non-linear transformations of the input data. This

strategy is simpler to the multilayer perceptron [47] In any MLP, the output layer

30



performs as a linear classifier but the pre-processing of the input by one or more non-

linear hidden layers may perform a transformation of the input data such that the output

layer executes on a linearly separable feature space [19].

Nonlinear SVM and kernels

Kernel function is used in nonlinear classification systems and there are many

different types of kernel functions. Some kernel functions are described as

1.
2.
3.

3.4.3

Polynomial
Radial basis function

Sigmoidal type
Point in Using SVMs

Every classification method has benefits and drawbacks, which vary in

importance depending on the data being studied and have a relative relevance. When

there is non-regularity in the data, such as when the data are not regularly distributed or

have an uncertain distribution, SVMs can be a helpful tool for insolvency analysis. It

can assist in evaluating data, such as financial ratios, which need to be converted before

being entered into the scoring system for traditional categorization methods. The

benefits of using the SVM technique can be summed up like this:

1.

Due to the kernel's non-parametric and locally operating function, SVMs are
now more flexible in selecting the threshold form that separates solvent from
insolvent enterprises. This threshold need not be linear or even have the same
functional form for all data. Because of this, they are able to work with financial
ratios that have a non-monotone relationship to both the score and the default
probability, or that are non-linearly dependant, all without having to perform
specialized work on each non-monotone variable. Since the kernel implicitly
contains a non-linear transformation, no assumptions about the functional form
of the transformation, which makes data linearly separable, is necessary. The
transformation occurs implicitly on a robust theoretical basis and human
expertise judgement beforehand is not needed.

If the parameters C and r (in the case of a Gaussian kernel) are selected properly,
SVMs offer a good out-of-sample generalization. This indicates that SVMs can

be robust even in cases when the training sample has some bias, provided that
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the right generalization grade is selected. Outliers can be rescaled by selecting
different r values for various input values.

3. The optimal problem is convex, which allows SVMs to provide a unique
solution. This is advantageous over Neural Networks, which might not be as
robust across various samples because to the many solutions linked to local
minima.

4. By selecting a suitable kernel, like the Gaussian kernel, one may emphasize the
degree of similarity between two organizations. This is because the greater the

kernel value, the more similar the financial structures of the two companies are.
3.4.4 Discriminant Analysis

The process of determining which weightings of quantitative values or
predictors may distinguish between two or more groups of cases more effectively than
by chance is known as discriminant function analysis, or discriminant discriminant
analysis. Depending on a linear combination of the weightings and counts on these
values, the analysis causes a discriminant algorithm. The vast quantity of functions can
be expressed as the smaller of the two following values: the number of groups minus
one or the number of predictors. [34]. There are two possible objectives in discriminant
analysis: seeking a predictive function for classifying new groups or interpreting the
predictive function to better recognize the interconnection that may consist among the
values [8].

3.4.5 Naive Bayes

In a supervised learning system, many famous classification methods including
Bayesian are also statistical methods for supervised learning systems. Naive Bayes is
an underlying probabilistic model and it permits catching uncertainty about the model
in a principled way by deciding probabilities of the results. It can solve diagnostic and
predictive applications. Bayesian classifier supports effective learning methods and
prior knowledge and discovered datasets that can be cooperated. Bayesian Classifier
supports a helpful perspective for realizing and estimating many learning theories. It
computes explicit probabilities for the hypothesis and it is robust to noise in the input
data set [20].

This algorithm can be coded up easily and the predictions made quick is
an advantage of Naive Bayes Classifier. Therefore, it is simply scalable and is
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traditionally the algorithm of choice for real-world applications that are needed

to reply to user’s requests instantaneously.
3.4.6 Nearest Neighbor

The Nearest Neighbor classification is determined by the closest
neighbors' class. The simplest prediction algorithm for a test data set is this one.
It's easy to complete the training phase: just retain each indicated training. The
basic idea behind this technique is to calculate the distance between each training
data set and the input. Then, store the k closest training data, where k > 1 is a
fixed value. Find the class that appears most frequently in these records. The
prediction for this testing data is this class. Using the same set notation as above,
the nearest-neighbor method is a function of type (A X B)n x A — B . A distance
function has type A x A — R. This basic method is called the k Nearest Neighbor
algorithm. To select a design, you must know the value of k and the distance
function to utilize. The most popular option for k when there are two different
classes is a tiny odd integer, like k = 3, to prevent ties. Even when k is odd, ties
are still conceivable if there are more than two classes. When two distance values
are the same, ties can also form. There is disagreement over the most effective

method for breaking ties in a KNN implementation.

Euclidean distance is the most common function to find the distance between the
example data:

d(a,b) = lla,bll = /(a,b).(a,b) = (X,(a; — b)) /> (3.2)

where a and b are points in X = R m. But it is necessary complex time to
compute the distances for each examples and it is needed to recomputed until the
fixed value is the disadvantage of KNN algorithm. Assume that Rm has n training
data sets. A linear classifier, like a perceptron, can be applied in O(m) time,
however the method takes O(nm) time when applied to a single test set of data.
Should a complex data structure be used to hold the training data, for example a
kd-tree, then finding nearest neighbors can be done much faster if the
dimensionality m is small [11]. However, for dimensionality m > 20 about, no

data structure is known that is useful in practice.
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3.5  Regression Techniques

These techniques forecast continuous values for example, changes in
temperature or fluctuations in power demand. Typical applications include electricity
load forecasting and algorithmic trading [23]. There are many different regression

techniques including assemble method, decision tree and neural network are famous.
3.5.1 Ensemble Methods

Ensemble methods are mathematical and estimation learning process
expressive of the human social learning manner of finding various point of view before
doing any major conclusion. Combining the idea of different “experts” to achieve
general “ensemble” decision is basic. In the large borderline classification framework,
the first step is needed to examine the ensembles that develop the borderlines,
enhancing the conclusion skill of Output result and boosting-based ensemble
algorithms. The second step is depended on the labeled bias values decomposition of
the error, and it displays the ensembles can decrease values or both bias and values. All
different classifiers will create the same error is the major advantage of ensemble
methods. However, a minority of the classifiers make every mistake but optimal
classification will be achieved. All different learning algorithms are highly connected
so all algorithms are ready to similar types of mistakes. In particular, ensembles serve

decrease the value of classifiers [16].
3.5.2 Decision Tree Algorithm

The decision tree is a famous supervised regression algorithm in SVM. The
input data is derived as a hierarchical model and it is developed when the subspace is
connected with a labeled class. This algorithm is realized for being easy to translate and
easy to use. Because they facilitate an intuitive method of resolving challenging
decision-making issues, they are widely employed in applications related to business,
science, and healthcare. In the business domain, decision trees are utilized for various
purposes such as standardizing staff behavior about client wants and facilitating high-
value investment decisions. In the medical field, decision trees are employed to

diagnose ailments and make decisions about individual or community treatment. [33].

There are nodes in the decision tree that make up a rooted tree. The root node
has no incoming edges, and the tree is directed. Every other node has precisely one edge
coming in. A node that has outward edges is referred to be an internal or test node.
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"Leaf" refers to any other node (also known as terminal or decision nodes). In a decision
tree, each internal node divides the branches into two or more sub branches based on a
definite the input values. In deciding tree algorithm, choose one single input attribute
and according to the attribute’s value, the space is divided. In the case of numeric value,
the situation refers to a class. Each leaf is allocated to one class means that the
maximum suitable target value. Alternatively, the leaf retains a possibility vector
preferable the possibility of the target attribute meeting a definite value. Samples are
divided by operating them from the root of the tree down to a leaf, based on the result
of the example value across the route. Figure 3.8 expresses a decision tree that define
whether or not a potential customer will replay to a direct mailing. Internal nodes are
described as circles, whereas leaves are represented as triangles. These decision tree
integrated both nominal and numeric attributes.
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Figure 3.8 Decision Tree Presenting Response to Direct Mailing

Each directed edge of the tree can be translated to a Boolean expression (e.g.,
x1 > 5); So, a decision tree can simply be translated to a set of rules. Each path from
root to leaf creates one rule as follows: form the conjunction (logical AND) of all the
decisions from parent to child. Decision trees can be used with both ordered and
unordered attributes [28]. Given this classifier, the interpreter can forecast the feedback
of a potential customer, and estimated the detectable features of the entire possible

consumer population concerning direct mailing. Each node is categorized with the
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attribute it evaluates, and its branches are categorized with its corresponding values
[61].

3.5.3 Neural Network

Artificial Neural Networks (ANNSs) are motivated to biological neural networks
forming the brain. Integrating with mathematical theories, ANNs are well applicable
for linear programming, arithmetic and logic calculation such as image recognition and
matching, classification and clustering. The first ANN was very simple and consist of
some neural connections. A supervised learning system of artificial neural network
decreases the errors between actual and expected outcome. A training data set predicts
the expected outcome. This difference is back-propagated across the whole network
and permits the updated weights for each nodes. Figure 3.9 describes symbolically how
the perceptron accepts the inputs xi, X2, ..., xm and the upper left box with symbol “1”
describes a bias for the input data. These are combined with the weights wi in order. To
calculate the Net input function, the input data are passed on to the activation function
that creates a binary output -1 or +1 that correlate to the predicted class label of the
example data. To compute the error, the output is used in the learning phase. To improve
the weights for decreasing the error between the actual and the desired outcome is called

backpropagation.

Weight
update | Error

I Output

Net input Activation
function function

Figure 3.9 The Perceptron Work Flow
The Perceptron’s algorithm can be abstracted in the following steps:

1. Load the weights to 0 or to small random numbers.

2. Arrange a training data set and use it as input for the Perceptron.

3. Calculate the output value, yout using the unit step function.

4. Compare the output yout With the desired output yire (the true class label for
the selected training sample).
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5. Use the error (the difference between yiuwe and yout) for updating the
weights.

6. Repeat until the error is below a certain desired threshold.

These steps can be constructed as following. The unit step function produces
the outcome result that is the class label. The updated weight w; in the weight vector w

can be generally described as:
wj = wj+ Aw;
The update value
Awj is Aw;j = n(Yerue (i) — your (i) )xj (i) A5-4) (3.3)

The equation (3.3) is generally described as the Perceptron learning rule. It
permits the updated weights to reduce the error. However, the merging is only approved
if the two classes are linearly separable and if the “learning rate” n is acceptably small.
This is easy to create in two dimensions. These two sets are linearly separable if there
exists at least one line in the plane with all of the circles on one side of the line and all
the triangles points on the other side. In greater dimensional Euclidean spaces, the same
issue is approximately if the line is substituted by hyperplane. Its permanent restriction
to linearly separable classes described the main reason why the Perceptron reach serious

analysis [45].

The activation function, denoted by ¢(v) means the activation function and it is
the outcome of a neuron in terms of the induced local field v. Two basic types of
activation function are Threshold Function and Sigmoid Function. In Threshold

Function, the outcome of neuron n using such a threshold function is defined as

Y (1ifvy=0
n=
0if v,<0

where v, is the induced local field of the neuron

v, = Z;-”:l Wn X + by (3.4)

The another basic activation function used in the neural network is Sigmoid
function and whose graph is “S” shaped. It is described as exactly improving function
that expresses an elegant stability between linear and nonlinear nature. The logistic

function is an example of the sigmoid function,
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1
1+exp (—av)

o) = (3.5)

where a is the slope value of the sigmoid function. This function comes simply
a threshold function. Whereas a threshold function assumes the value of 0 or 1, a

sigmoid function assumes a continuous range of values from 0 to 1 [11].
3.6 Unsupervised Learning

Unsupervised learning does not need to have label class and it defines based on
their own input structure [6]. This learning seeks concealed structure or permanent
pattern in data. It is applied to sketch conclusion from datasets consisting of unlabeled
input data [19]. It is hard to imagine data set in more than two dimensions, and most
data is in hundreds of dimensions. Dimensionality decreasing is the issue of having
great dimensional data and embedding it in a lower dimension area. Another thing that
might want to do is automatically derive a partitioning of the data into clusters. The k-
means algorithm is unsupervised clustering algorithm and it is automatically partition
into the class. Gene sequence analysis, market research, and object recognition is an
example of unsupervised clustering application. Figure 3.10 describe the feature of
unsupervised learning structure.
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Figure 3.10 Unsupervised Learning
3.6.1 K means

Data clustering is frequently used in many applications, such as data mining,
image recognition, decision support system, machine learning and data segmentation.
K-means clustering is unsupervised clustering system and no labeled input data doesn’t
need. It repeatedly detects the k centroids and allocates each data to the nearest centroid,

where the coordinate of each centroid is the mean of the coordinates of the objects in
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the cluster. Sadly, K-means clustering algorithm is recognized to be subject to the initial
cluster centers and simple to get stuck to the internal optimal conclusion. Additionally,
when the data set is enormous, it takes long time to detect the conclusion. Simple K-
means algorithm works as follows:
1. Initialize k (random) data set (seeds) to be the initial centroids, cluster centers
2. Locate each data set to the closest k centroids
3. Re-calculate the k centroids by using the current cluster data
4. If a convergence criterion is not met, repeat steps 2 and 3

Different methods have been developed to improve the performance of the K-
means algorithm. There are many advanced K-means clustering algorithm. Some
researchers developed to improve K means in various ways such as randomly divide
input data set into 10 subsets. They choose randomly same initial seeds to all 10 subsets.
The outcome of the 10 computes is 10K center points. These 10K points are then
themselves input to the K-means algorithm and the algorithm run 10 times, each of the
10 runs initialized using the K final centroid locations from one of the 10 subset runs.
The resulting K center locations from this run are used to initialize the K-means
algorithm for the entire dataset. Huang [7] and Sun et al [8] developed the K-means
prototype to cluster into categorized data. Strehl and Ghosh [9] proposed to collect
many clusters data set into a single combined clustering without achieving the features
or algorithms that solved these partitions. Likas et al [10] developed the global K-means
algorithm (The GKM algorithm), which is an incremental way to clustering that
dynamically adds one cluster center at a time through a deterministic global search
procedure consisting of N executions of the K-means algorithm from suitable initial

positions [8].
3.6.2 Hidden Markov Model

The Hidden Markov Model is based on increasing the Markov chain. A Markov
chain states the probabilities of sequences of random variables, states, each of which
can draw on values from some set. These sets can be words, or tags, or symbols
describing anything, like the weather. A Markov chain causes a very powerful
acceptance to forecast the next step in the sequence, based on the current state. The
states before the current state have no impact on the next step except via the current
state. It is likely to predict tomorrow’s weather is based on today but don’t need to

consider yesterday’s weather [12]. A Markov chain is helpful to calculate a probability
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for a sequence of obvious occurrence. In many examples, the events are hidden and

can’t simply discover part-of-speech tags in a text. The nature of Markov chain is shown
in Figure 3.11.

(a) (b)
Figure 3.11 A Markov chain for weather (a) and one for words (b) showing

states and transitions

Figure 3.12 describes a generalized automate architecture of an operating HMM

M with the two integrated stochastic procedures.

Q' =
Q-

Figure 3.12 Generalized Architecture of an operating Hidden Markov Model

Each curve describes a random value that can accept any values. The random
variable s(t) is the hidden state at time t. The random variable o(t) is the examination at
the time t. The rule of provisional probability of the HMM value s(t) at the time t,
expressing the values of the hidden variables at all times based on the value of the
hidden variable s(t-1) at the time t-1. By the second stochastic model, the value of the
observed variable o(t) based on the value of the hidden variable s(t) also at the time t
[28]. A hidden Markov model (HMM) allows us to talk about both observed events
Hidden Markov model (like words that we see in the input) and hidden events (like
part-of-speech tags) that we think of as causal factors in our probabilistic model. The

sequence of HMM is described as the following steps.

R=rnr2..n a set of N states
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M = myz ...mjj ...MNN a transition possibility matrix M, each aj; describing the
possibility of changing from state i to state j, s.t.

Y my =1Vi

E=ee..e1 a sequence of T examination, each one gathered from a

vocabulary C = ¢y, Cz,..., Cv

L = Li(e) a sequence of examination likelihoods, also called
emission possibility, each describing the possibility of an

examination et being produced from a state i

T = T1,M2,...,TN an initial possibility distribution over states. m iS the
possibility that the Markov chain will begin in state i.
Some states j may have nij = 0, describing that they cannot

be initial states.
3.7 Semi-Supervised Learning

Semi-supervised learning is a classification technique for the application that
input data consist of a small amount of labeled data and large amount of unlabeled
data. Semi-supervised learning drops between unsupervised learning and supervised
learning. Many machine-learning researchers have found that unlabeled data, when
used in conjunction with a small amount of labeled data, can produce considerable
improvement in learning accuracy. The addition of labeled data for a learning issue
often needs a skilled human or a physical experiment. The charge connected with the
labeling procedure thus may deliver a fully labeled training set unusable, whereas
collection of unlabeled data is nearly cheap. In such condition, semi supervised
learning can be of great practical value. Semi supervised learning is also of theoretical

interest in machine learning and as a model for human learning [49].
3.8 Regression Analysis

Regression analysis is a type of forecasting model which examination the
connection between a dependent and independent variable. This method is used for
prediction, time series modelling and discovering the connection between the variables.
The aim of regression analysis is to describe the reply value as a consequence of the
predictor variables. The including of fit and the accuracy of result based on the input

data. Therefore, for powerful use of regression analysis one must contain:
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1. Examine the input data collection process,
2. Find any limitations in collected data

3. Limit consequences accordingly.

Once a regression analysis connection is achieved, it can be applied to forecast values
of the response variable, recognize variables that most impact the reaction, or confirm
hypothesized causal prototype of the reaction. The value of each predictor variable can
be evaluated through statistical trials on the predicted coefficients of the predictor
variables [38]. There are many advantages of applying regression analysis. They are as

follows:

1. Itillustrates the prominent connection between target and predictor.
2. It illustrates the powerful effect of multiple predictor based on a dependent

variable.

Regression analysis also permits to contrast the impacts of variables calculated on
different variables, such as the impact of price changes and the number of promotional
activities. These advantages assist data scientists, market researcher and data analysts
to decrease and calculate the efficient variables to build the predictive models.

3.8.1 Type of Regression Model

There are three types of regression model as shown in Figure 3.13. These are
linear regression, multilinear regression and nonlinear regression models. Linear and
multiple linear are basic type of model and these are easy and simple. Nonlinear
regression analysis is used in sophisticated application and its connection exists

between the target and predictors.

Liner
Regression
Regression Multiple
Analysis > Liner
Non-Liner
Regression

Figure 3.13 Type of Regression Model
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3.8.1.1 Linear Regression Model

In practical applications, linear regression is utilized to create and measure the
relationship between variables using statistical input data. The line of greatest fit for the
relationship between the z target value and the i predictor value is described by the
mathematical equation z = ni + b. The goal value is Z, and the informative value is I.
The intercept is b, and the slope of the line is n. The regression coefficient, or r2, shows
how much z is influenced by i. A line with advanced features is referred to as a hyper-
plane when it has several inputs (i). The complexity of a regression model such as linear
regression is a common topic of discussion. This explains how many coefficients are
used in the model. When a coefficient approaches zero, the input value's influence on
the model and the prediction derived from the model is essentially reduced (0 * x = 0).
The values of the coefficients utilized in a linear regression model are estimated in four

different ways.
1. Simple Linear Regression

When estimating a coefficient with a single input, statistical variables like
means, standard deviations, correlations, and covariance can be computed from the

data. All of these data must be accessible to cross and compute statistics.
2. Ordinary Least Squares

When there have more than one input value, Ordinary Least Squares used to
construct the values of the coefficients. These model finds to decrease the sum of the
squared residuals. This means that given a regression line through the data we The
input data point is used to compute the distance from each point to the regression line,
square it, and sum all of the squared errors together. This model handles the value as
a matrix and applies linear algebra equation to calculate the optimal values for the
coefficients. This approach need huge memory location to construct the matrix and all
of the input data must be accessible. It is simply like to call a procedure in a linear

algebra library. This approach is very fast to compute.
3. Gradient Descent

When there are one or more inputs you can use a process of optimizing the
values of the coefficients by iteratively minimizing the error of the model on your
training data. To minimize the error, iterating one or more input training data are used

to get the value of coefficient. This method is called Gradient Descent and select
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randomize value used for each coefficient. The means square error is calculated for
each input and output values. A learning rate is applied as a scale factor and to
minimize the error, the coefficients are renewed. Before the changes are not occurred,
this process is repeated to get a minimum sum squared error. In this method, the
researcher must choose a learning rate value to determine the optimization of the
process to use each iteration. Gradient descent is sometime trained using a linear
regression model because it is easily to realize. In reality, this method is useful in the

large dataset.
4. Regularization

The regularization approach is an updated linear model training procedure. This
technique uses ordinary least squares to minimize both the sum of the squared errors
of the model on the training data and the sum of the squared errors on the training
dataset. There are two well-known instances of linear regression regularization

processes:

1. Lasso Regression: this method updates Ordinary Least Squares to lower the
absolute sum of the coefficients as well (referred to as L1 regularization).

2. Ridge Regression: In this method, also known as L2 regularization, Ordinary
Least Squares are updated to lower the squared absolute sum of the coefficients. These
techniques work well when the input data set exhibits collinearity, and simple least
squares would overfit the training set.

3.8.1.2 Multi-Linear Regression Model

Multiple linear regression (MLR) is a statistical model that applies many
explanatory variables to forecast the result of a dependent variable. The aim of MLR is
to model the linear connection between the independent values and dependent values.
Basically, multiple linear regression is the addition of original least-squares
regression that consist more than one expository value defined as P and the connection
between the dependent variable and the expository value is described by the following

equation:
Yi=fotfxit+poxi+ ...+ foxiP+e (3.6)
I=n surveying

yi=dependent variable
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Xi= expository value

Po=y-interception point (constant value)

Ppr=slope coefficients for each expository value

e= error value (the residuals)

Some assumption need to consider to construct multiple regression model.

The first one is: There must be linear connection between the dependent values
and independent values. The second one is: The independent values are not too
highly interconnected with each other. The third one is; yisurveying is chosen
independently and erratically from the population. The last one is: Error value must be
the mean value is 0 and variance represented as . The coefficient R-squared vale is a
mathematical metric that is applied to compute how much of the changes in result can
be determined by the changes in the independent values. R? always develops as more
forecaster are combined to the MLR model after all the forecasters may not be
connected to the result value. R? by itself cannot be applied to point out which
forecasters should be involved in a method and which must be reject. R? value must be
between 0 and 1, where 0 defines that the result cannot be forecasted by one of the
independent values and 1 defines that the result can be forecast without error from the
independent values. Using a multiple linear regression model has three benefits.
Initially, it could be applied to identify the extent of the influence an independent value
has on a dependent variable. It can also be used to predict the consequences or
repercussions of changes. In other words, multiple linear regression analysis aids in
our comprehension of the degree to which changes in the independent variables affect
the dependent variable. For example, you can use a multiple linear regression to find
the expected gain or decrease in GPA for each one-point change in 1Q. Third, future
values and trends are predicted by multiple linear regression analysis. One method for

obtaining point estimates is to employ multiple linear regression analysis.

Another major consideration is the model fit. Combining independent values
to a MLR model will regularly develop the number of confirmed changes in the
dependent values. So, combining extremely independent values without any theoretical

confirmation may outcome in an over-fit model.
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3.8.1.3 Nonlinear Regression Prediction Model

Using a basic linear relationship to represent the shifting and trend of a time
series is very awkward and inaccurate because of the complexity and variety of real-
world data. When one or more independent variables and model parameters are
modeled as a non-linear function, the dependent or criterion variables are said to be in
a nonlinear regression. Nonlinear regression is typically employed in place of
hypothesis testing for estimating the parameters of a nonlinear model. It is not necessary
to make the standard assumption on the residuals' normality in this instance. Rather, the
essential premise that must be made is that the data might be accurately represented by
the model. [10].

In real world application, simple linear prediction model can’t resolve all
application because of the trend of a time series and some nature of application is
complex. In this situation, nonlinear regression prediction model is used for the
dependent values are constructed as nonlinear function. Nonlinear regression model is

normally used to construct the parameters without executing hypothesis tests.

To fit a nonlinear regression model is using quadratic or higher order trend is
the simplest way and it can be specified as x1,t=tx2,t=t2,....x1,t=t,x2,t=t2. But
quadratic or higher order trends is not suitable for the application of the forecasting and

it is not suggested. The results in forecasting application are sometime unrealistic.

A better attitude is to apply the piecewise definition introduced above and suit
a piecewise linear movement which curves at some point in time. So, it can be
constructed for a nonlinear curve using linear piecewise. If the trend curves at time r,
then it can be defined by simple replacing x=tx=t and c=tc=rt for above definition such
that the predictors are defined as,

x1,t=tx2,t=(t—1)+={ Ot<t(t—1)t>1x | ,t=tx 2, t=(t—1)+={ Ot<t(t—1)t>1 (3.7)

in the model. If the connected coefficients of x1,tx1,t and x2,tx2,t are f1p1 and 22,
then B1B1 permits the slope of the curve before time tt, while the slope of the line after
time tt is offered by B1+p2p1+p2. Another curves can be combined in the connection
by adding another values of the form (t—t) + (t—t) + where 1t is the “knot” or point in

time at which the line should curved.

Nonlinear regression is any connection between an independent value X and a

conditional value Y which outcomes in a non-linear function modelled data. Basically,
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any connections that is not linear, can be defined as non-linear and is usually described
by the polynomial of k degrees (maximum power of X). In fact, many distinct NLRs
model survives that may be applied to fit anywhere the data set favors and these can
continue and on to endless degrees. There are many types of non-linear regression

model and the most popular functions are defined the below:

Cubic
Quadratic
Exponential

Logarithmic

o L N

Sigmoidal / Logistic

3.9  Uses of Regression Analysis

There are many application areas that regression analysis model is applied.
Commonly, it can be distinguished as six groups. These are prediction model,
specification area, parameter estimation, the strength of predictors, to forecast the
result and to predict tendency forecasting. First of all, the equations of the regression
analysis are planed only to create predictions. Second, to develop good predictions
model, it should be not only the corrected specified model but also the accuracy of the
parameter is defined. Moreover, these two-application areas such as accurate
prediction and model specification want that all applicable variables be studied for all
data and the equation be described in the accurate effective construction for all
forecaster values. Third, the highest challenging is to build parameter estimation
because not only the model is required to be accurately detected, the forecasting must
also be accurate and the data should allow for better estimation. For example, multi
collinearity expands a difficulty and wants that some estimators may not be applied.
So, data limit and incapacity to calculate all predictor value correlate in a study limit
the use of prediction equations [48]. Fourth, the cause of the independent values has
on a dependent value, the regression can realize the power of the effect. Fifth, it can
be applied to forecast results or effect of changes. That is, the regression analysis
provides to realize how much the dependent value changes with a change in one or
more independent values. Last, regression analysis predicts trend and prospective

values. This analysis can be developed to gain point estimates.
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3.10 Chapter Summary

This chapter introduced real-world applications using machine learning
techniques. And also explains about seven steps of the machine learning system. This
chapter aims to highlight the type of machine learning system in detail. The chapter
also presents supervised learning, unsupervised learning, semi-supervised learning,
regression techniques, and regression analysis in detail. Logistic regression is a type

of nonlinear regression prediction system.
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CHAPTER 4

THE ARCHITECTURE OF THE PROPOSED SYSTEM

Humans can manage the avoiding plans when they notice the information of
cyclone's track and direction before it falls on land. Therefore, tropical cyclone position
detection and cyclone movement estimation are the essential preventing procedures for
people’s lives and decreasing the small impact of the damage for the attacked regions.
Many input data are used to predict the tropical cyclone track but mainly two types of
input data are used such as statistical and satellite images of historical and in time. Many
researchers have proposed the detection of cyclone position and track by using
statistical data. The historical data are developed in many research areas such as
biodiversity conservation, meteorology, geology, landscape, agriculture, forestry,
regional planning, education, intelligence, weather prediction, warfare, and so on. In
this chapter, a research paper “Feature Extraction and Tracking System for Tropical
Cyclone” is proposed to prevent natural disasters and mitigate the loss of human lives
and properties. Briefly, this chapter will describe with multiple sections to present the
proposed detecting tropical cyclone and tracking system. The workflow of the proposed
system is outlined. The suggested system operates in four basic steps as shown in Figure
4.1.

Data Preprocessin Tracking
- P 9 the Evaluation
Collection Stage L
Direction

Figure 4.1 Proposed System Workflow
Data Collection Stage: The first stage is the collection of historical data on the North
Indian Ocean basin year 1995 to 2022 from Joint Typhoon Warning Center (JTWC).

Preprocessing Stage: The second stage is the preprocessing stage which in order
contains three phases: changing the latitude and longitude of the historical data as
magnitude and direction by using Pythagoras theorem.

Tracking the Direction Stage: The third stage is to forecast the track of the cyclone

direction with various threshold values of multiple logistic regression to detect the
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cyclone tracking. Before detecting the position, calculate the highest correlation
coefficient value between the tested cyclone and past cyclones. After that, seven
features for direction and eight features for magnitude are extracted based on the

deviation in time series structure.

Evaluation Stage: The assessment of the suggested paper recommendation system is
the final phase based on the calculation of root mean square error, mean absolute error,
and mean absolute percentage error to find the distance in kilometers between two
points of Latitude and Longitude of ground truth data and predicted data. The detailed

evaluations are discussed in Chapter 5.

Test Input Data
(TDD)

v

Conversion X, Y to
Direction (D) and

Magnitude (M)
Y
Choose Similar Cyclones’ track using D
. - atabase
Correlation Coefficient |
Feature Extraction for Feature Extraction for
Direction Prediction Magnitude Prediction
v v
Direction Prediction Magnitude Prediction
using Logistic using Logistic
Regression Regression
v v

Conversion Direction (D) and
Magnitude (M) to Latitude (X) and
Longitude (Y)

Coordination of Predicted
Results

End
Figure 4.2 Overview of the Proposed System
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Figure 4.2 depicts an overview of the proposed system, and the detailed steps
are given in the following subsections. The latitude and longitude of all historical data
and input test data are changed into direction and magnitude. The suggested approach
mainly utilizes multiple logistic regression with pre-processed input data to generate
useful features using mathematical equations. Cyclones occurred in the North Indian
Ocean located from E40° to 100°, N 0° to 30°.

4.1 Data Collection Stage

The data used in this research are trajectory and metrological factors. The 146
TC track data originate from the North Indian Ocean Best Track Data provided by the
Joint Typhoon Warning Center [JTWC] between 1945 and 2022. In each historical data,
there are six hourly tropical cyclone landing locations of 0.1 by 0.1 degrees and several
meteorological factors, including the radius of the maximum winds (MRD), the
minimum sea level pressure (MSLP), the level of tropical cyclone development (TY),
the pressure in millibars of the last closed isobar (RADP), the maximum sustained wind
speed (VMAX), the wind intensity (kts) for the radii (RAD), storm speed (SPEED), the
eye diameter (EYE), storm direction (DIR), the maximum sea level (MAXSEAS),
storm name (STORMNAME), system depth (Depth), wave height for the radii given in
SEAS1-SEAS4, and radius code (SEASCODE). Meteorological factors were

represented as one-dimensional points on the track at each timestamp.

Table 4.1 Data representation of cyclone Nargis

YYMMDDHH| LatN/S | Lon E/W | VMAX MSLP STORMNAME
2008042512 105N 903E 20 1007 INVEST
2008042518 108N 895E 20 1007 INVEST
2008042600 107N 887E 20 1004 INVEST
2008042606 112N 885E 25 1002 NARGIS
2008042612 115N 879E 30 1000 NARGIS
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Cyclone Number : 43
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5N
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Figure 4.3 Cyclones’ Tracks over the North Indian Ocean

Table 4.2 Tropical Cyclones’ Climatology Elements and Persistence

Elements in the Proposed System

Predictors Description

Xo Current longitude
Yo Current latitude
Po Current minimum sea level pressure

WSy Current maximum sustained wind speed
D Direction
M Magnitude

TDI Test Data Input
D1 Direction of correlated cyclone 1
D> Direction of correlated cyclone 2
M1 Magnitude of correlated cyclone 1
M2 Magnitude of correlated cyclone 2
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4.2 Preprocessing Stage

Conversion of Latitude(Y) and Longitude(X) to direction and magnitude.

Direction (D) =6 4
tanéd = i
X (4.1)
6 =tan" (iJ
X (4.2)
Magnitude(M )+/(X, — X,)? + (Y, -Y,)? (4.3)

By using equation (4.2) latitude of the cyclone position is considered as
Direction(D) and the longitude is transformed as Magnitude(M) by using equation
(4.3).

>X

Figure 4.4 Direction and Magnitude
4.2.1 Selection of Cyclones with Similar Tracks

Similar cyclone tracks are selected by using the value of the correlation
coefficient. This method is very simple and effected to reduce the most similar cyclones
with the tested cyclone’s track. One way to define correlation is the strength of the
relationship between two variables [19]. For nominal and ordinal variables (as well as
for time-series research), there are several measures of connection, and there are several
correlation coefficients to address the unique properties of variables like dichotomies.
To understand the notation, consider that the coefficient of determination is equal to the
square of the correlation coefficient between x and y. That is the only true for a straight
line [22].

_ a2
rxy =+ /RZ :\/1_ SYY & Sxx =a S><x — SXY (4.4)
SYY SYY Sxxsw
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A popular statistical tool for describing straightforward relationships without
demonstrating cause or effect, correlation is a measure of how much two variables are
linearly related; correlations are also examined for statistical significance. The sample
correlation coefficient, or r, indicates the stability of the connection. In this step,
compute the correlation coefficient between the direction of test data input (TDI) and
all historical data (HD). The two most correlated arrays are selected from all historical
data. Pair the Direction of the test data input DTDI with directions D1, and D2, and the
Magnitude of test data input MTDI with M1 and M2. The degree of link between two

variables is known as correlation.

25N
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Figure 4.5 Tested Cyclone of Nargis with Two Correlated Cyclones
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Figure 4.1 Tested Cyclone of Mala with Two Correlated Cyclones
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4.2.2 Feature Extraction

Feature extraction is an important stage for this research. Depending on the input

extracted features, there will be different accuracy results. In this paper, direction is

based on the sea level pressure and magnitude may be changed upon maximum sea level

pressure and minimum wind speed of tested data input (TDI).

Table 4.3 Seven Features for Direction

FE1 FE2 FE3 FE4 FE5 FE6 FE7(Target)
D N Nt P D1, b2 ., D
Table 4.4 Eight Features for Magnitude
FE1 FE2 | FE3 FE4 FE5 FE6 FE7 FE8(Target)
M oot oy, | WS | RPN ML | M2 | M

Direction Features

Feature 1 | Feature 2 | Feature 3 | Feature 4 | Feature 5 | Feature 6 | Angle Dif
1 0 -41.6854 32,3824 0 6.0090 4.6896e-12 32.3824
2 -41.6854 32.3824 26.4082 -2 -3.4474 0 26.4082
3 32.3824 26.4082 -5.3509 3 -4.6827 177004 -5.3509
4 26.4082 -5.3509 -4.5696 -2 0.3649 -11.3542 -4 5696
5 -5.3509 -4 5696 -31.8746 3 77652 29274e-12 -31.8746
5] -4 5696 -31.8746 -9.0589 6 -5 9686e-13 -13.2824 -9.0589
7 -31.8746 -9.0589 -12.1004 -1 -21.0375 -2 6630 -12.1004
a -9.0589 -12.1004 -41.4350 -1 -5 5275 12873 -41.4350
9 -12.1004 414350 -23.9959 4 -3.2594 112415 -23.9959
10 414350  -23.9959 0.7418 1 -10.1755  4.5759e-12 0.7418
11 -23.9959 0.7418 13.2992 0 27927 228337 13.2992
12 0.7418 13.2992 -2 4966 4 -11.2435 -31.3287 -2.4966
13 13.2992 -2.4966 -22 6000 2 42917e12 1.3785e12  -22.6000
14 -2.4966  -22.6000 -10.1426 -2 402364 -11.5932  -10.1426
15 -22.6000 -10.1426 -1.9349 0 -4.7636 -F.7187 -4.9349
16 -10.1426 -4.9349 -1.4747 -1 -1.6895 0 -1.4747

Figure 4.2 Seven Features for Direction
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Magnitude Features

Feature 1 | Feature 2 | Feature 3 | Feature 4 | Feature 5 | Feature 6 | Feature 7 |Target Mag
1 -0.0481 -0.2768 01217 0 0 -0.0863 0.0377 0.6227
2 0.2768 0217 0.0419 4 -2 0.0121 0 0.6644
3 01217 0.0419 -0.1417 1 3 0.0207 0.0252 0.5225
4 0.0419 01417 -0.1043 4 -2 -0.0073 0.0344 0.4180
5 01417 -0.1043 0.1312 5 3 -0.0868 3.86858e-15 0.5492
i} -0.1048 0.1312 -0.1264 8 6 1.262%e-15 0.0200 04228
7 01312 -0.1264 -0.1063 10 -7 0.008% 0.0064 0.3165
2 -0.1264 -0.1063 -0.0113 16 -11 0.0057 0.0034 0.3046
9 -0.1063 -0.0118 0.1651 4 4 -0.0050 0.0413 04695
10 0.0118 0.1651 0.1185 2 1 -0.0021 9.6589%e-15 0.5883
11 0.1651 01185 -0.1022 0 i 0.006% -0.0026 0.4861
12 0.1185 -0.1022 -0.0962 5 4 0.0415 0.1061 0.3899
13 -0.1022 -0.0962 0.0905 3 2 -5.1625e-15 -9.4369e-15 04807
14 -0.0962 0.0908 0.1589 3 -2 0.0554 -0.0462 0.6395
15 0.0908 0.1589 0.1336 0 0 0.0186 0.0178 0.7731

Figure 4.3 Eight Features for Magnitude
4.3  Multiple Logistic Regression

A supervised machine learning technique called logistic regression is utilized for
classification problems in which estimating the likelihood that an instance will belong
to a particular class or not is the objective. A statistical method for analyzing the
correlation between two variable components is called logistic regression. Logistic
regression predicts the outcome of a categorical dependent variable. As a result, the
outcome needs to be discrete or categorical. That can indicate Yes or No, 0 or 1, true or
false, etc., but rather than providing a precise value between 0 and 1, it provides
probabilistic values that fall in that In logistic regression, the sigmoid function fits a
logistic function with an "S" shape, which predicts two maximum values instead of a
regression line (0 or 1). When there are two result categories and numerous independent
feature variables, multiple logistic regression is employed. For multiple logistic

regression, the following equations are applied.

P(y® =1|xV;0) = 5 (G % + 0x +...+6,x)
1

=o(0x") =

(4.5)

0" =[0y,-0,]
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i = i training example
n = number of feature

-1 G i [ i

20) =2y 0g(o(67x"))+(1-y" )log (1= (¢"x")) (4.6)
0 3(9))_—1 S (D) (ORW0)

0] mal TN (47)

o(J (6
0,=0,—a (81;- )) (4.8)

m = number of examples

i =anexample

j =featurej

o = learning rate
The logistic regression model's output is converted into a probability using the

non-linear sigmoid function. In this research, three types of thresholds are used in the

experiential result.

sigmoid(x) =1/ (1+e™) (4.9)
sigmoid(x) =1/ (1+e**%9) (4.10)
sigmoid (x) =1/ (1+e**) 4.11)

Sigmoid Function
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Figure 4.4 Sigmoid Function
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4.4  Chapter Summary

This chapter explains how the suggested system is being implemented and
explain the flow of the system step by step. Data collection stage, preprocessing stage
and how to forecast the track of the cyclone by multiple logistic regression. Moreover,
how to select the most correlated cyclones’ track and extract the features are also
explained. The following Chapter discusses the suggested system's experiments and

evaluation findings.
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CHAPTER 5

EXPERIMENTAL RESULTS AND EVALUATIONS

This chapter represented the experimental results of the proposed system. This
system is a computer-based feature extraction and tracking system for tropical cyclones.
An application is developed by MATLAB programming language with a Graphical
User Interface (GUI). Users can choose two types of input data formats: Data Input
Mode and Historical Data Mode for testing the track of cyclone. Moreover, the system
evaluation is also described in this chapter. In Data Input Mode: Users must define the
number of points of the cyclone location (latitude and longitude), the starting and
ending value of wind speed and sea level pressure, maximum wind speed, and minimum
sea level pressure. Changing magnitude and direction of all historical data are already
preprocessed and saved in the database. By getting the input data, the system changes
the latitude and longitude of the tested cyclone into direction and magnitude
automatically. Users need to click the button “Find Correlation” to choose the highest
similar cyclones to extract features by using the correlation coefficient value between
the tested cyclone’s data and historical data. Figure 5.1 illustrates the real-time Data
Input Mode; the Input Point Number means the latitude and longitude of the cyclone
position and the user needs to click on Ul. The user must type the value of the starting
point, ending point of wind speed, and maximum wind speed. Then also give the value

of the starting point, ending point of sea level pressure, and minimum sea level pressure.

Data Input Mode

Input Point Number - 15
Start WS Max WS End WS
Input WYWind Speed - 35 40 35
Start P Min P End P
Input Pressure : 1006 aQo 1000

Figure 5.1 Input Data Mode

Figure 5.2 and Figure 5.3 illustrates the graph of wind speed and Sea Level

Pressure.
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Figure 5.4 Tested Cyclone and Two Similar Cyclones
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Figure 5.4 shows the tested cyclone in green color and two similar cyclones in
blue and yellow color. And then extract the features for direction and magnitude as

shown in Figure 5.5 and Figure 5.6.

Direction Features

Feature 1 | Feature 2 | Feature 3 | Feature 4 | Feature 5 | Feature 6 | Angle Dif

8.5265e-13 -23.1770 -3.9891 -1 12.8160 -2.7792 -3.98M
-23.1770 -3.9891 50543 0 4.2633e-14 -8.5308 50543
-3.9891 505643 2.4368 -1 -8.8742 0 24368
505643 24368 -35.8067 0 -7.3860 ] -35.8067
24368 -35.8067 -34.8652 -1 4.2633e-14 -10.3048 -34.8652
-35.8067 -34.8652 -1.5303 0 -11.9414 -8.1301 -1.5303
-34.8652 -1.5303 0 -1 -1.7299 4 .9596e-12 0

-1.56303 0 102706 21476 4.5901e-12 102706
0 10.2706 59.2009 19.6538 -18.0939 59.2009
102706 592009 41339 0 -4.0724 41339

0
0
0
592008 4.1339 302254 0 0 -5.3291e-13 30.2254
0
0
0

4.1339 30.2254 -1.8900e-12 0 5.3291e-13 -1.8900e-12
30.2254 -1.8900e-12 -59.0362 0 -4.3987 -589.0362

mm_hwm_,mmm-qmm.pwm—l

-1.8900e-12 -59.0362 0 -8.7462 -3.0482e-12 0
-59.0362 0 23.0026 0 -5.2580e-13 7.6028e-13 23.0026
0 23.0026 2.8184 1 0 2.2879e-12 2.8184

Figure 5.5 Feature Extraction for Direction

Magnitude Features

Feature 1 | Feature 2 | Feature 3 | Feature 4 | Feature 5 | Feature 6 | Feature 7 |Target Mag
1 -1.2212e-15 -0.0599 0.0051 1 1 0.0553 -0.0011 0.9049
2 -0.0599 0.0051 -0.1121 1 0 -1.7208e-15 -0.0015 0.79238
3 0.0051 01121 -0.0428 1 1 -0.0026 7.1054e-15 0.7500
4 -0.1121 -0.0428 -0.2194 0 0 0.0026 -3.5527e-15 0.5306
5 -0.0428 -0.2194 0.0451 1 1 1.7208e-15 0.0157 0.&757
) -0.2194 0.0451 0.1193 0 0 01093 0.0196 0.6950
Fi 0.0451 0.1193 0.1596 0 1 0.0258 1.1380e-15 0.8546
a 0.1193 0.1596 -0.1833 0 0 0.0015 -4 4964e-15 06713
9 0.1596 -0.1833 -0.1693 1 0 0.0436 0.0553 0.5021
10 -0.1833 -0.1693 -0.0196 0 0 -3.5527e-15 0.0219 0.4825
11 -0.1693 -0.0196 -0.0511 0 0 -0.1600 -2.6923e-15 04314
12 -0.0196 -0.0511 -1.7208e-15 0 0 -0.2800 2.6923e-15 0.4314
13 -0.0511 -1.7208e-15 -0.1108 0 0 0 -0.0573 0.3206
14 |-1.7208e-15 -0.1108 0 0 0 0.3069 1.0048e-14 0.3206
15 -0.1108 0 0.0851 0 0 01754 2.4980e-15 0.4057

Figure 5.6 Feature Extraction for Magnitude

61



three threshold Sigmoid functions as shown in Figure 5.7.

Prediction vs Actual

5 Prediction vs Actual "./(1+exp(-X*0.5))"

. Prediction vs Actual "1./(1+exp(-X*1.5))"

The track of tropical cyclone is forecasted by using multiple logistic regression with

25
—F— Actual —F— Actual —+— Actual
—+— Predicted —#— Predicted —#— Predicted
20 20 20
15 15 15
¥ + # # +
10 F 10 F 10 F
¥ ¥ *
* * *
5 5 5
80 85 90 95 100 80 85 90 95 100 80 85 90 95 10

Long Error: 0.00074129

Lat Error: 0.2914

Long Error: 0.00022134

Lat Error: 0.26281

Long Error: 0.0013183

Lat Error: 0.32098

Figure 5.7 Compare the Cyclone Track by using Three Sigmoid Function

Error for latitude and longitude values are also described in the system. Another

type of input data is very simple and easy for Users. Users can only choose the cyclone

that occurred from 1945 to 2020 in the North Indian Ocean from the real-time datasets.
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Figure 5.8 Nargis Cyclone from Choosing Historical Data
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Figure 5.10 Predict Cyclone Nargis’s Track by Using Three Threshold Functions
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Figure 5.11 Predict Cyclone Mala’s Track by Using Three Threshold Functions
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51 Performance Measurement

To evaluate each method's performance between the forecast and actual tracks,
the following metrics were selected: mean absolute error (MAE), mean absolute
percentage error (MAPE), and root mean squared error (RMSE). The MAE, which is
determined by Equation (5.1), is the mean of all absolute deviations between all values
that had been expected and values that were observed.. Poor model performance is

shown by larger errors.

YR -A

where h is the number of historical data, Fi is the forecast value and Ai is the actual
vale. The average error rate for actual values is denoted by MAPE. It considers the
proportion of the error to the actual tangency as well as the error between the forecast
and actual tracks. Equation (5.2) provides the computation. A perfect model is indicated

by a MAPE value of 0, and a poor model is indicated by a number greater than 1.

MAPE = 1 Zn:
[ oy

R-A 5.2
= o

The square root of the difference between actual and forecast values
as well as the number of data is known as the root mean square error, or RMSE. The

following is the mathematical formulation.

RMSE = (5.3)

The experimental results were forecasted by using the past twelve-hour locations
of the tropical storm that occurs in the North Indian Ocean. In this result, a threshold
value 0.5 in using the sigmoid function is the best prediction result. MAE, MAPE, and
RMSE are used to measure the performance of the proposed system.

The accuracy of the result also depends on the number of similar tropical
cyclones’ tracks. Two, three, and five similar tropical cyclones are tested with three
threshold functions by using three measurement formulations as shown in Table 5.1
and Table 5.2. According to the result, three similar tropical cyclones are the best

accuracy for this system and more similar cyclones can get less accuracy of the result.
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Table 5.1 Prediction results of Cyclone Nargis using MAE, MAPE and RMSE

Sigmoid Longitude Latitude
Function

MAE | MAPE | RMSE MAE MAPE RMSE
Threshold 1 | 0.002757 | 0.00336 | 0.00397 | 0.003752 | 0.007548| 0.001375
Threshold 0.5 | 0.002585 | 0.00336 | 0.003945 | 0.00358 | 0.007452| 0.001348
Threshold 1.5 | 0.002627 | 0.00337 | 0.004949 | 0.003696 | 0.0076 0.001359

Table 5.2

Prediction results of Cyclone Nargis using Two, Three and Five

Similar Cyclones Tracks

Similar | Sigmoid Longitude Latitude
Cyclones| Function
MAE MAPE RMSE MAE MAPE RMSE
Two Threshold | 0.002728) 0.003624 | 0.004357 | 0.003948| 0.007828 | 0.001994
Similar |1
Cyclones’| Threshold | 0.002635] 0.003442 | 0.00420 | 0.003729| 0.007739 | 0.001639
Tracks 05
Threshold | 0.002836| 0.003555 | 0.005382 | 0.003886| 0.008362 | 0.001561
1.5
Three Threshold | 0.002757| 0.003368 | 0.00397 | 0.003752| 0.007548 | 0.001375
Similar |1
Cyclones’| Threshold | 0.002585| 0.003365 | 0.003945 | 0.00358 | 0.007452 | 0.001348
Tracks 0.5
Threshold | 0.002627| 0.003370 | 0.004949 | 0.003696| 0.0076 0.001359
15
Five Threshold | 0.003286| 0.004027 | 0.005836 | 0.004481| 0.008824 | 0.001949
Similar |1
Cyclones’| Threshold | 0.003629| 0.003820 | 0.005183 | 0.003259| 0.008272 | 0.002107
Tracks 0.5
Threshold | 0.003925/ 0.004464 | 0.005982 | 0.004028| 0.008661 | 0.001849
15
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Figure 5.12 Graph of Distance Error using Three Threshold Functions (km)

Figure 5.12 illustrates the distance error between the historical data track and
tested cyclone data in kilometers (km).

52  Chapter Summary

This chapter illustrates the experimental and evaluation of the system. Some
results are expressed in the user interface (Ul) and it is easy to use this application.
According to the data of the evaluation results, three types of metrics are selected to
test the accuracy of the result. Sigmoid functions with threshold values are tested and a
threshold value 0.5 gets the best accuracy rate. Error is shown not only by the error of
the latitude and longitude value but also by the distance from ground truth data and test
data in kilometers (km). This proposed system is very easy for end users to predict the
short-term tropical cyclones’ track in real-time forecasting.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

This chapter presents three parts: (1) Conclusion of the research (2) Advantages
and Limitation of the system (3) Further extension of the system. Conclusion of the
system presents the whole system for feature extraction and tracking system for tropical
cyclones. Some limitations are still challenging for the research. It needs to describe the
problems of the system that can’t be solved in this research. Prediction of the tropical
cyclone track is the one piece of a weather forecasting system. Future extensions present
the problems that should be solved in the future.

The tropical cyclone is one of the most destructive storms in a natural disaster.
Natural disasters cannot be obstructed by human beings but we can prevent to decrease
the loss of life and damages. Every year, people living in the coastal region suffer from
tropical cyclones, flooding, and destructive wind. Statistical techniques that can
automatically extract pertinent rules from massive amounts of data for purposes like
detection, analysis, and prediction are the foundation of machine learning. In this
research, predicting tropical cyclone tracks in the North Indian Ocean are a big
challenge for the cyclone track. Historical data are obtained from the Joint Typhoon
Warning Center (JTWC) and the previous 24-hour tropical cyclone track is predicted
using simple multiple logistic regression. To reduce data redundancy and complexity
of the model, the main contribution is considering the tested cyclone and correlated
cyclones. The second idea is changing the location of the cyclone to consider direction
and magnitude. Changing three threshold values of sigmoid function were used to
compare the results. Another benefit of this proposed system provides a quick response
within a few seconds when a new tropical cyclone track occurs in the ocean for short-

term prediction.
6.1  Advantages and Limitations

The proposed system increases many benefits such as quality, accuracy, and
efficiency of the proper tropical cyclone track predicting system. The first advantage is
the processing time, this system only takes a few seconds to predict the real-time

cyclone’s track. The second is the accuracy of the result, errors are tested by three
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matrix such as RMSE, MAE, and MAPE in distance kilometer (km). This error rate is

acceptable for this system by comparing other deep learning techniques.

Existing research on machine learning usually only offers short-lead-time
predictions, or when it comes to long-lead-time predictions, the accuracy falls short of
expectations. Shortly, one bottleneck that needs to be addressed is how to create
predictions that are longer and more accurate. Because TCs are extreme weather
occurrences, most machine learning-based TC forecasting models now in use require
supervised learning approaches and cannot be used as labels directly because they
cannot be quantitatively defined in the real world. How to build training datasets and
label data appropriately so that machine learning models can be trained to accomplish

predicted objectives.
6.2  Future Extension

For a very long time, cyclone prediction has been difficult in weather
forecasting. Some features such as wind pressure, wind direction, surface storm surge,
storm direction and should be considered. Infrared satellite images can also be used as
input data. Determining the intensity of the tropical cyclone can be extended for this
research. A tropical cyclone track lasting no more than 24 hours could be predicted by
the proposed system, not a longer duration. To make the research better in the future,
more datasets will be added to predict more significant variables over longer periods
and incorporate tropical cyclone intensities into the deep learning model. Mobile
applications for weather forecasting systems can also be extended and it is more
familiar for the mobile user. Sending SMS or making an alarm system to the end user

when a cyclone occurs is also a prevention system for natural disasters.
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