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ABSTRACT

Disaster risk reduction is integral to social and economic development as per the 2030

Agenda of Sustainable Development. Among all the natural disasters, storms and floods

have significant contributions in terms of their frequency, the number of affected peo-

ple, and economic loss. In the tropical and subtropical regions of the world, tropical

cyclones are the primary cause of storms and floods in the coastal areas. In the last

50 years, about 1942 disasters happened due to tropical cyclones that killed about 0.8

million people and caused a financial loss of US$1407.6 billion. Any tropical cyclone-

related prediction task is challenging as the atmospheric and oceanographic causal fac-

tors are multidimensional in nature and have a complex non-linear relationship among

them. Tropical cyclone-related research mainly focuses on predicting a cyclone for-

mation, track, intensity, storm surge, and associated rainfall. The existing operational

models are primarily numerical and statistical in nature. The numerical methods are

computationally involved and time-consuming. The statistical techniques are too sim-

ple to capture complex non-linear relationships between a large number of causal factors

with spatial and temporal dimensions. Recently various deep learning studies appeared

that successfully answer various tropical cyclone-related prediction problems.

This research work tries to answer various prediction problems related to a cyclone’s

different development phases. Starting from the formation (genesis) of a cyclone, the

first work proposes a deep-learning model that detects the formation of a cyclone well

advance in time in six ocean basins across the world. If a cyclone dies over the sea, one

can simply ignore it, as it will not cause significant damage. But if it crosses the ocean

and moves over to the land (known as Landfall), it causes a colossal disaster. Therefore,

in our second work, we propose a deep learning classification model that answers the

fundamental question of whether a cyclone will make a Landfall or not. The extent of

disaster caused by a cyclone is determined by the location, intensity, and time of its

Landfall. We propose a model that predicts the intensity, location, and time of Landfall

for a cyclone across six ocean basins of the world.

In the first work, the proposed deep learning model forecasts the tropical cyclone
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formation in six ocean basins of the world. It achieves a 5-fold accuracy in the range of

91.7%− 97.7%, 96.4%− 99.3%, 95.4%− 99.1%, and 86.9.7%− 92.9% at lead times

of 24h, 36h, 48h, and 60h respectively using only 12h of data. The second proposed

model tries to answer the fundamental question whether a cylcone will make the landfall

or not? It achieves an accuracy in the range of 96.4% − 99.2% and 93.0% − 98.7%

using 12h or 24h of data (during initial 72h of cyclones progress) respectively across

all six ocean basins of the world. The third work focuses on predicting the landfall’s

characteristics in the form of its location, time and intensity across six ocean basins of

the world. The first model in this direction achieves a 5-fold cross-validation MAE of

4.24(±0.40)knots, 4.5(±0.58)h, and 51.7(±1.20)KM for landfall’s intensity, time, and

location, respectively, using any 21h of data during the course of a cyclone in north

Indian ocean basin. Our model outperforms the landfall’s location accuracy reported

by IMD on its website. The second model achieved the 5-fold cross-validation MAE in

the range of 66.18(±2.87)KM- 158.92(±12.62)KM and 4.71(±0.54)h-8.20(±2.96)h

for location and time prediction respectively across all six ocean basins of the world.
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CHAPTER 1

INTRODUCTION

Out of all the disasters that occurred, natural disasters contribute around 77% in terms of

economic losses in the 20 years duration 1998-2017 (Wallemacq et al., 2018). During

this duration, natural disasters caused a financial loss of $2, 208 billion which is up by

68% ($895 billion) compared to damages $1, 313 billion reported during the duration

1978-1997. These amounts are underestimated in the sense that the majority of the

reported disaster reports (63%) do not include economic loss data. As per the estimate

of the World Bank, the actual annual cost of natural disasters is around $520 billion1

and puts about 26 million people below the poverty line annually. The percentage of

climate-related disasters reporting for high income, upper-middle income, lower-middle

income, and low-income countries are 52%, 40%, 30%, and 13% respectively. Whereas

climate-related disasters amount to 0.41% of GDP (Gross Domestic Product) for high-

income countries, it amounts to 1.77% of GDP for low-income countries, which is way

higher than the IMF’s threshold of 0.5% for a major economic disaster. The distribution

of various natural disasters in terms of their numbers (count), economic losses, number

of affected people, and number of deaths are shown in Figures 1.1, and 1.2. From these

figures, one can observe that flood and storm are the most frequently occurring disasters

with significant contributions in terms of the number of affected people and economic

losses caused. In terms of the total number of human lives lost, floods and storms are

second only after earthquakes.

During 1998-2017, out of the top 10 climate disasters in terms of economic losses,

eight are storms, and two are floods. The hurricanes Katrina, Harvey, and Irma caused

financial losses to the extent of $156.3, $95.0, and $80.8 billion respectively in the USA

alone. Recently, the storm Amphan (2021) caused an economic loss of around $15.6

billion in India only2. In 2017 alone, 7.5 million people were displaced due to storms

and 8.6 million due to floods. As per the Sendai Framework for Disaster Risk Reduction

2015-2030, reducing disaster losses is core to the effective implementation of the 2030
1https://www.worldbank.org/en/results/2017/12/01/climate-insurance
2https://en.wikipedia.org/wiki/North_Indian_Ocean_tropical_cyclone

https://www.worldbank.org/en/results/2017/12/01/climate-insurance
https://en.wikipedia.org/wiki/North_Indian_Ocean_tropical_cyclone


Agenda for Sustainable Development Goals (SDGs). In the world’s coastal regions,

tropical cyclones (TCs) are the primary cause of floods and storms. Early warning

systems are key to minimizing economic and human losses due to TCs. Working in this

direction, in this dissertation, we try to answer TCs related various prediction problems

using deep learning.

Figure 1.1: Distribution of natural disasters in terms of numbers and economic loss.

1.1 Tropical Cyclones

TCs are the most frequently occurring natural disasters in the tropical and subtropical

regions. They are also known as hurricanes, willy-willies, or typhoons in different parts

of the world. TCs brings with themselves thunderstorms, strong winds, flash floods,

2



Figure 1.2: Distribution of natural disasters in terms of numbers of affected people and
number of death.

lightening, and high tides, thereby causing massive human, economic, and environ-

mental loss (Grinsted et al., 2019; Webersik et al., 2010). With a combined interaction

with each other, these hazards further deteriorate to the extent of the disaster. In the last

50 years, tropical cyclones killed around 0.87 million people and caused a monetary

loss of $1408 billion3. Moreover, there are increasing pieces of evidence that with cli-

mate change, the intensity of TCs and associated hazards are going to increase (Knutson

et al., 2019). Early information about the formation of a tropical cyclone, its track, and

intensification can provide adequate time for disaster managers to take preventive mea-

sures to minimize losses. In this work, we have developed deep learning models that can

3https://public.wmo.int/en/our-mandate/focus-areas/
natural-hazards-and-disaster-risk-reduction/tropical-cyclones

3

https://public.wmo.int/en/our-mandate/focus-areas/natural-hazards-and-disaster-risk-reduction/tropical-cyclones
https://public.wmo.int/en/our-mandate/focus-areas/natural-hazards-and-disaster-risk-reduction/tropical-cyclones


predict the formation (genesis), track, and intensity of a TC in real-time with adequate

lead time. Like any other natural disaster, the causal factors that determine the forma-

tion of a TC and subsequent track and intensity have a complex non-linear relationship

between them. The atmospheric, oceanographic, and geographic causal factors have

temporal, spatial, and altitudinal dimensions, making answering any TC-related predic-

tion problem challenging. To understand this, we first describe the formation process

of a TC.

1.1.1 Formation of a Tropical Cyclone

Figure 1.3: Pictorial representation of Tropical Cyclone formation.

Tropical cyclones are like engines fueled by warm ocean waters. Over the tropical

and subtropical waters of the world (near the equator), the warmed moist air rises up-

ward over the sea’s surface and creates an area of low air pressure below, known as a

Low-Pressure System (LPS). This causes the air from the adjoining area of LPS to move

towards the LPS, which leads to further warming up of the air, which rises above. When

the moist warm air rises above, it cools down and forms clouds. The complete system of

cloud formation and wind rotation grows with the help of favorable conditions like- sea

surface temperature (SST) greater than 26oC (Palmen, 1948), low vertical wind shear,

high relative humidity, and atmospheric instability (Palmen, 1948; ELSBERRY, 1995;

Gray, 1968). The temperature difference between the warm core with rising moist air

and the adjoining cool environment leads to rapidly rising buoyant air. As the whole

system of wind rotation intensifies, an eye gets formed. The system is very calm, clear

with low pressure in the eye. A pictorial representation4 of the whole system is shown

4https://www.youtube.com/watch?v=W2UDbDXXYGE
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Table 1.1: The Grade classification of the tropical cyclones by IMD.

MSSWS (knots) Classification Grade
<17 Low Pressure Area (LP) 0
17-27 Depression (D) 1
28-33 Deep Depression (DD) 2
34-47 Cyclonic Storm (CS) 3
48-63 Severe Cyclonic Storm (SCS) 4
64-89 Very Severe CS (VSCS) 5
90-119 Extremely Severe CS (ESCS) 6
≥120 Super Cyclonic Storm (SS) 7

in Figure 1.3. Due to Coriolis force, the wind rotates anti-clockwise in the northern

hemisphere and clockwise in the southern hemisphere. All this makes the TC develop-

ment process a complicated process that depends on oceanographic, atmospheric, and

geographic factors. Moreover, out of these LPSs, only a small number developed in a

full-fledged TC under the above favorable conditions (Emanuel, 1989). TCs are cate-

gorized in various grades depending on the Maximum Sustained Surface Wind Speed

(MSSWS), which is described in Table 1.1, as adopted by Indian Meteorological De-

partment5 (IMD). Most regional meteorological centers use the definition of MSSWS

as adopted by the World Meteorological Organization (WMO), which is the highest av-

erage wind speed for ten minutes (one minute in the case of the USA) at the height of

10 meters.

Landfall

Though most of LPSs die over the ocean, few of them intensifies with the help of

favorable conditions and travel hundreds of kilometers to hit the sea coast. The event

when a TC hits the coast is called landfall. The extent of natural disasters due to landfall

is determined by the intensity, location, and time of the landfall. This makes the landfall

event the most critical and important during the progress of a TC. Early detection of

the landfall event for a TC will give adequate time to the administration and disaster

managers to mobilize resources, issue an early warning, and vacate the coastal regions

to minimize human, and material loss. Whereas the existing literature related to TCs

focus on predicting the track and intensity of a TC with a specific lead time, we in

this work focus on predicting the characteristics (in terms of intensity, location,
5https://rsmcnewdelhi.imd.gov.in/uploads/report/bestrack.pdf
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and time) of landfall from the very initiation of TC.

1.2 Data

Each Regional Meteorological Center (RMC) across the world maintain the historical

dataset of TCs that is known as Best Track Data (BTD). In this research work, we have

used three publicly available dataset: IMD BTD6, International Best Track Archive

for Climate Stewardship (IBTrACS) (Knapp et al., 2010), and ERA5 reanalysis data

(Hersbach et al., 2020). The BTD maintained by IMD contains the record of latitude,

longitude, MSSWS, grade, estimated central pressure (ECP), and other variables from

1990 onwards. Now, we will briefly describe the two datasets, IBTrACS and ERA5.

IBTrACS

IBTrACS project maintained by World Meteorological Organization (WMO) is a com-

prehensive dataset of global TCs which collect and merge the TCs data from various

RMCs and creates a unified, freely available BTD. The most recent version 4 con-

tains the three hourly BTD across all ocean basins from 1980 onwards and is updated

daily. It covers all the TCs originated in the region 70◦N to 70◦S and 180◦W to 180◦E.

The dataset contains information about ocean basins, reporting regional agency, wind

speed, pressure, grade, track (latitude and longitude), distance to land, speed, direction,

and many other variables. The genesis location of all the TCs in six ocean basins, North

Indian (NI), South Indian (SI), North Atlantic (NA), West Pacific (WP), East Pacific

(EP), and South Pacific (SP), is shown in Figure 1.4.

The IBTrACS dataset is available in network Common Data Form (NetCDF) and

comma-separated values (CSV) file format. For this work we have used the version 4

of IBTrACS dataset available in CSV file format7.
6https://rsmcnewdelhi.imd.gov.in/report.php?internal_menu=MzM=
7https://www.ncei.noaa.gov/data/international-best-track-archive-for-climate-stewardship-ibtracs/

v04r00/access/csv/
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Figure 1.4: Cyclone genesis location in six ocean basins of the world from 1980 on-
wards.

Reanalysis Data: ERA5

The Copernicus Climate Change Service (C3S)8 at European Centre for Medium-Range

Weather Forecasts (ECMWF) maintain the ECMWF Reanalysis version 5 (ERA5) data.

Reanalysis is a scientific way of producing globally complete and consistent data by

gathering information from various resources and validating them using the laws of

physics. Because of their completeness and correctness, reanalysis data is also known as

‘maps without gaps’. Reanalysis data is widely used for understanding climate change,

commercial applications, research, education, and policymaking. ERA5 has a record

of global reanalysis data from January 1950 to the present. From 1979 onwards, the

high-resolution data ERA5 replaces the ERA-interim (Dee et al., 2011). It contains

the hourly record of atmospheric, oceanic, climate, and land variables. It covers the

whole earth at a resolution of 0.25◦ (approximately 30 kilometers (KM)) and various

pressure levels (heights) from the ocean surface up to 80KM. In (Hodges et al., 2017),

the authors show how well a TC is represented in the reanalysis dataset.

The ERA5 dataset can be downloaded in two file formats: General Regularly-

Distributed Information in Binary (GRIB) and NetCDF. GRIB is a concise data stor-

age format that is widely used to store meteorological and forecast weather data. It is

a standardized file format recommended by WMO. We have downloaded the required

reanalysis dataset in GRIB file format using Climate Data Store Application Program

Interface (CDS API)9, which is further processed with eccodes library10.
8https://cds.climate.copernicus.eu/
9https://cds.climate.copernicus.eu/api-how-to

10https://confluence.ecmwf.int/display/ECC/ecCodes+Home
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1.3 Models

As the responsible atmospheric and oceanographic factors behind the development and

further evolution of a TC have a complex non-linear relationship, we have used machine

learning and deep learning models in our work. In this section, we will describe these

models in brief.

Artificial Neural Networks

Artificial Neural Networks (ANNs) (McCulloch and Pitts, 1943) are inspired from the

connected neurons in the human mind, where the signals are processed at a neuron and

passed on to the connected neurons. Same way, ANNs consist of neurons called nodes,

which are partitioned in a sequence of layers. There are three types of layers: input,

hidden, and output layers. The intermediate layers between the input and output layers

are called hidden layers. Generally, the nodes in one layer are connected with the nodes

in preceding and succeeding layers. The incoming information at a node is processed

and further sent to the connected nodes. Weights are assigned to the connections (edges)

between connected nodes. The flow of information between nodes is determined by the

composition of a non-linear function and a weighted linear sum of the incoming input.

Generally, the non-linear function in the composition is fixed at a node and called an

activation function. The weights assigned to the connecting edges are updated in a

way to minimize the suitably chosen loss function, which is done through the Gradient

Descent algorithm (Kiefer and Wolfowitz, 1952) by back-propagating the gradients and

updating the weights on the way.

Figure 1.5: A simple fully connected ANN.
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A fully connected ANN with two hidden layers is shown in Figure 1.5. Mathemati-

cally, the information flow in an ANN can be represented as h(i)
j = σ(W

(i)
j X), where X

is the input matrix containing bias, h(i)
j represents the information at the jth neuron in

the ith layer, W i
j is weight matrix that determines interaction between nodes at (i− 1)th

and ith layer, and σ is the activation function.

ANN model has successfully been able to capture the complex non-linear relation-

ship between input and output (Ali et al., 2012; Abhishek et al., 2012; Kovordányi and

Roy, 2009; Chaudhuri et al., 2015), but it is not the best choice for time-series data as

the model is not designed to learn from sequential data. In what follows, we will discuss

RNN, which has the ability of information persistence.

Recurrent Neural Network

Recurrent Neural Networks (RNNs) are ANNs with internal loops that help in infor-

mation persistence (Jordan, 1990; Rumelhart and McClelland, 1987; Cleeremans et al.,

1989; Pearlmutter, 1989). RNN can take a data sequence as input and produce a se-

quence of data as output. The output and intermediate state is determined by weights

applied on inputs and a hidden state vector that represents the learned information based

on earlier inputs and outputs. A chain-like structure can represent RNN, as shown in

Figure 1.6. The upper, middle, and lower chains represent the sequence of outputs, hid-

den state vector, and sequence of inputs respectively. Mathematically, a simple RNN

structure can be represented as:

ht =σ(Whxt + Uhht−1 + bh)

yt =σ(Wyht + by)

where xt is the input vector at timestamp t, σ is the activation function, ht and yt are

the hidden state vector and output vector respectively at timestamp t, Wh,Wy and Uh

are weight matrices, and bh, by are biases.

One of the drawbacks of RNN is that it fails to remember long history from time

series or sequential data (Bengio et al., 1994) because of exploding and vanishing gradi-

ent problem in which the gradient vector can increase or decrease exponentially during

the training process.
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Figure 1.6: Graphical representation of Recurrent Neural Network.

Long Short Term Memory Networks

Long Short Term Memory (LSTM) network overcome the issue of vanishing and gra-

dient problems of RNN. LSTM was originally introduced in 1997 by Hochreiter and

Schmidhuber (Hochreiter and Schmidhuber, 1997) and later few improved versions of

LSTM were proposed in (Gers et al., 1999; Gers et al., 2003; Gers and Schmidhuber,

2001). LSTM is defined in such a way that it remembers long-term dependencies. It

uses three inner cell gates and maintains a memory cell to handle long-term dependen-

cies. LSTM cells can selectively read, selectively write and selectively forget. A general

LSTM cell is mainly consists of four gates- an input gate to process newly coming data,

a memory cell input gate to process the output of the previous LSTM cell, a forget

gate to decide what to be forget and decides the optimal time lag to remember previous

states, and an output gate to process all the newly calculated information and generate

output. The mathematical representation for the three LSTM gates are:

ft =σ(wf .xt + uf .ht−1 + bf )

it =σ(wi.xt + ui.ht−1 + bi)

ot =σ(wo.xt + uo.ht−1 + bo)

and the mathematical representation for the cell state, candidate cell state, and output

are

c̃t =σ(wc.xt + uc.ht−1 + bc)

ct =ft.ct−1 + it.ct

ht =ot.σ(ct)
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where σ is the activation function, ft represents forget gate, it represents input gate, ot

represents output gate, ht−1 is output from previous LSTM block at (t− 1) timestamp,

xt is input at current timestamp, c̃t is candidate for cell state at timestamp t, ct rep-

resents cell state at timestamp t, and wf , wi, wc, wo, uf , ui, uc, uo are weight matrices,

bf , bi, bc, bo are bias vectors, see Figure 1.7.

Figure 1.7: Structure of an LSTM Cell.

Stacked LSTM or Deep LSTM (Graves et al., 2013) networks are an updated ver-

sion of LSTM model that contain various hidden layers and a layer is placed on top of

the other layer. Each layer consists of LSTM cells. A LSTM layer provides a sequence

output in place of a single output to the below LSTM layer. This structure helps in

better learning in sequential and time series data.

Bidirectional LSTM

A Bidirectional LSTM (BiLSTM) (Schuster and Paliwal, 1997) is designed to learn in

both forward and backward direction (from past to future and future to past) in com-

parison of LSTM which learns only in forward direction. It has two different LSTM

layers in opposite directions of each other. One layer processes the input in the forward

direction and another layer in the backward direction. These layers are connected to the

same output layer and simultaneously collect information from the past and future.
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Convolutional Neural Network

Convolutional Neural Networks (CNNs) are inspired by the visual cortex system of

the eyes where a neuron gathers and processes the information from its neighborhood

neuron (LeCun et al., 1989; Krizhevsky et al., 2012; Milletari et al., 2016). They have

been successfully utilized in deep learning problems involving image or image-like

datasets. A CNN can learn its weights and biases to detect various aspects of an image to

differentiate it from the other. CNNs require less pre-processing in comparison to other

techniques. For a primitive method, we need to handcraft the filter, whereas a CNN

can learn these filters with training. A CNN has multiple layers, generally consisting of

convolution, pooling, batch-normalization, Dropout, and fully connected layers that are

briefly described below.

Convolution Layer: The convolution operation extracts the high-level abstract features

from the input image such as edges, color, orientation, etc. This layer shares the weights

across the input and learns the high-level features with small numbers of weights. The

weights in the convolution filter are learned during training. A learnable convolution

filter has a specific window size and depth equivalent to the input layer’s depth. These

filters scan through the input and produce an output feature map with depth equals the

number of filters. The CNN has multiple such convolution layers that produce high-

level abstract output features.

Pooling Layer: Pooling layers help in reducing the dimension of the input maps. It is a

down-sampling technique that avoids over-fitting (Krizhevsky et al., 2012). The statis-

tics of a group (in the form of min, max, or average) of features is calculated in place

of actual original values to reduce the computational complexity. The pooling layer

produces down-sampled maps that are a summarized input version. A slight difference

in the feature location in the input detected by the convolution layer will be captured by

pooled feature map. This ability of the pooling layer is known as model’s in-variance

to local translation.

Batch-Normalization Layer: Under normalization, the input data is pre-processed by

re-scaling and re-centering it without distorting its shape. It helps model in generalizing

input data with faster and stable learning. In batch-normalization (Ioffe and Szegedy,

2015), the normalization is applied on a complete batch of input data.
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Dropout: Dropout (Srivastava et al., 2014) is a process under which certain connections

in a neural network has been dropped (ignored) while training (backward and forward

pass) with a specific probability. Its a popular technique to avoid over-fitting. It makes

the network more robust by preventing the network layers to co-adapt with previous

layers while minimizing loss.

Fully connected Layer: A fully connected layer is just an ANN, which takes the output

from the last final convolution layer or the pooling layer as input after flattening. These

form the last few layers of a CNN.

1.4 Research Contributions

Considering the extent of human and economic losses caused by TCs and their adverse

effects on people and the environment in coastal regions, it is important to have models

that can forecast the different stages of a TC in real-time. If we look at the different

phases of TC development, the very first forecast problem is detecting TC formation at a

given time and location. An earlier detection of possible TC formation will help marines

navigating ships over the high sea. As mentioned earlier, most LPSs die over the sea, but

few of these, accompanied by favorable conditions, travel hundreds of kilometers, make

landfall, and cause a massive disaster at the landfall location. So, the next significant

prediction problem is to know whether a TC will make landfall or not. Early knowledge

of possible landfall event will help disaster managers in resource optimization. If they

know that the TC will make landfall well advance in time, they will get adequate time

for resource mobilization and shifting of people from coastal regions. On the other

hand, if they know that a TC will not make landfall, they can ignore it. This will have

economic benefits as they do not need to mobilize any resources, and it will not cause

unnecessary inconvenience to people residing in coastal areas. Once we know that a

TC will make landfall, the next obvious question is the location of landfall, its time, and

the intensity at which it is going to hit the coastal region. If the administration knows

the exact landfall region, they can focus on a particular area for disaster preparedness.

Similarly, knowledge of the precise time of landfall will help in issuing a timely warning

to fishermen and coastal population. Knowledge of the intensity of a TC at landfall will

help decide the level of disaster preparedness and amount of resource mobilization.
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Figure 1.8: Work Summary.

We tried to answer the above TC-related forecast questions in this research work. A

summary of the research work is shown in Figure 1.8. The research contributions are

as follows:

• TC Formation Forecast: Forecasting TC formation is always a challenging

problem as the casual factors have complex non-linear relationships and have

spatial and temporal dimensions. Also, the theory behind the TC formation pro-

cess is still not settled, and the research on this problem is still evolving (Halperin

et al., 2013). In this work, we have proposed a deep learning classification model

using LSTM and CNN to forecast the TC formation (genesis) with high accuracy.

An algorithm has been proposed to generate non-TC formation samples. We have

identified five variables at three pressure levels from the reanalysis dataset ERA5

that are successfully utilized to detect TC formation in six oceans basins EP, NI,

NA, SI, SP, and WP of the world.

• Landfall Event Forecast: Predicting whether a landfall will happen or not for a

particular TC at an early stage of its development is a challenging problem (Ler-

oux et al., 2018) because the TC dynamics changes rapidly with time. As per our

knowledge, there is no other work in the literature that attempts to forecast the

landfall event. We identify three variables at three pressure levels from the reanal-

ysis dataset ERA5 and five variables from the IBTrACS dataset that successfully
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captures the landfall event in the early phase (first 72 hours of inception) of a

TC for the above mentioned six ocean basins. The proposed deep learning clas-

sification model consisting of LSTM and CNN has two branches - one branch

processes the reanalysis data, and the other processes the IBTrACS data.

• Landfall’s Intensity, Location and Time Forecast: Forecasting whether a TC

will make landfall or not is not sufficient; one needs to know the landfall’s in-

tensity, location, and time to have a piece of actionable information. Predicting

TC behavior near the landfall is a challenging task as the TC behavior changes

abruptly near its landfall (Leroux et al., 2018). Along with earlier mentioned

causal factors, the terrain factor also plays a critical role near the landfall. We

have proposed two research works in this direction. The first one uses a combina-

tion of CNN and LSTM to predict landfall’s location and time in six ocean basins

of the world. The model uses three variables at three pressure levels and sea sur-

face temperature (SST) from the reanalysis dataset. In the second work, we used

an LSTM network that predicts the landfall’s intensity, location, and time in the

NI ocean basin using BTD data provided by IMD. The model uses five variables

along with two derived features from the BTD data.

• Track Prediction: Track prediction is another important prediction problem.

Most of the track-related work in the literature focus on predicting a TC’s track in

terms of latitude/longitude with a specific lead time. Recently, in (Alemany et al.,

2018) a new approach for track prediction is proposed, where instead of predict-

ing the track of a TC directly in terms of latitude and longitude, the authors predict

a GridID, which is obtained by applying a grid function on the ranges of latitudes

and longitudes. In this work, we adopted the same approach and predicted the

GridID for the Atlantic and NI ocean basins. The proposed model outperforms

the existing state of artwork in terms of mean absolute error, time-span of predic-

tion, and training time.
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1.5 Thesis Structure

We present various forecast problems in the order they appear in a TC’s development

process. In Chapter 2, we describe the TC formation (genesis) forecast work. In Chapter

3, the landfall event classification work is presented. Next, we introduce the landfall’s

intensity, time, and location prediction work in Chapter 4. In Chapter 5, we present the

track prediction work in terms of a GridID. Finally, in Chapter 6, we give the conclusion

along with future directions.
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CHAPTER 2

Forecasting Formation of a Tropical Cyclone1

As discussed in Section 1.1, TC formation (also known as genesis of a TC) process

is a complicated and dynamic phenomenon. The causal factors have not just tempo-

ral and spatial dimensions but also altitudinal dimensions. Despite several years of

research, complete understanding of the TC formation is still elusive (Halperin et al.,

2013). The tropical depression formation and subsequent intensification mechanism

is mainly governed by the convective instability of the second kind (CISK; Charney

and Eliassen (1964)) and wind induced surface heat exchange (WISHE; Halperin et al.

(2013)). These two proposed mechanisms remain questionable even today (Craig and

Gray, 1996). As the theories behind the TC formation are still evolving, prediction of

TC formation remains a challenging task. In this work, we have proposed a deep learn-

ing model that can forecast the formation of Tropical cyclone (first time it developed as

a LPS) using reanalysis data. The model takes as less as 12h of data and can forecast

TC formation with a lead time up to 60h. The research contributions of this work are as

follows:

• Five atmospheric variables from reanalysis dataset are identified that can be used

to forecast the TC formation process in six ocean basins of the world.

• We proposed an algorithm to generate negative class samples (non-TC cases) that

differentiate from positive class samples (TC cases) in terms of at least 5 days

time window or in terms of spatial distance of at least 5◦.

• A single deep learning model using LSTM and CNN is proposed that can forecast

TC formation with high accuracy across all ocean basins.

1This chapter is a slightly modified version of work accepted for publication in conference IEEE 2022
International Conference on Machine Learning and Applications and has been reproduced here with the
permission of the copyright holder.



2.1 Related Work

There are mainly two approaches for detecting TCs; one is a model-driven approach

based on equations governing the physical phenomenon of TC development (includ-

ing numerical simulations). The other is a data-driven approach that utilizes histori-

cal data relating to TCs (including machine learning methods). The earliest conven-

tional way to detect a TC is early-stage Dvorak analysis (EDA), an extended Dvorak

technique (Dvorak, 1975, 1984), which utilizes satellite cloud images. However, this

technique includes subjective interpretation of parameters and hence not sufficiently

scientific (Dvorak, 1984). EDA is used by the National Hurricane Center (NHC), Cen-

tral Pacific Hurricane Center (CPHC), and the Japan Meteorological Agency (JMA) to

forecast typhoon initiation, up to 48 hours before its formation with an accuracy of up

to 57% (Cossuth et al., 2013). In (Yamaguchi and Koide, 2017), authors show that

the global ensembles models [European Centre for Medium-Range Weather Forecasts

(ECMWF), Japan Meteorological Agency (JMA), National Centers for Environmen-

tal Prediction (NCEP), and Met Office in the United Kingdom (UKMO)] along with

EDA can be used to improve the accuracy up to 79%. In Halperin et al. (2013), au-

thors evaluated the performance of five global Numerical Weather Prediction (NWP)

systems [Global Forecast System (GFS), ECMWF, Canada’s Global Environment Mul-

tiscale Model (CMC), UKMO, and Navy Operational Global Atmospheric Prediction

System (NOGAPS)] for TC forecast in the North Atlantic (NA) ocean for the period

2004-2011, and shows the best Precision of around 70%, 60%, 50% can be achieved for

lead hours 24, 36 and 48 respectively. Over the years, the accuracy of numerical mod-

els is improved based on better initialization and improved computing power. But still,

these models are not suitable for long lead time forecasts as the numerical methods are

prone to error accumulation over iterations.

As the physical mechanisms and causal factors behind the formation of a TC are

still not settled, the machine learning techniques that discover information from data

and unconstrained by the rule of physics are more suitable. The ability of machine

learning techniques to capture the complex non-linear relationship between causal fac-

tors makes them a better choice. With the growth in historical data like IBTrACS,

satellite data, and reanalysis data in recent times, various machine learning works have

appeared that deals with the forecast of TC formation. In Schumacher et al. (2009);
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Hennon and Hobgood (2003) authors have used statistical method, Linear Discriminant

Analysis (LDA), to predict 24h probability of TC formation from derived large scale

environmental parameters. In (Wijnands et al., 2016) authors identified the four most

essential variables out of 500 variables from the ERA-Interim dataset. They proposed a

logistic regression model to forecast TC genesis for the whole globe. It achieves a Pre-

cision and Recall of 68.5% and 38.6% respectively for 24 hour lead time. The factors

that lead to a TC formation have a complex non-linear relationship, making these linear

methods unsuitable for the TC formation prediction task. Recently, machine learning

methods and deep learning methods have been successfully applied to answer the TC

formation forecast problem.

In (Zhang et al., 2015) Decision trees (DTs) are used to detect developing and non-

developing tropical disturbances in the western North Pacific Ocean for the months,

June to September of 2004-2013, using five derived parameters from Navy Operational

Global Atmospheric Prediction System (NOGAPS). They proposed a genesis potential

index (GPI) to represent the potential of a TC formation based on Gray’s Index (Gray,

1979). They reported accuracy of 84.6% for a lead time of 24h. The developing and

non-developing disturbances are differentiated based on relative vorticity. In Kim et al.

(2019a), DTs, random forest (RF), and support vector machine (SVM) are used to de-

tect the formation of TC in the western North Pacific Ocean for the period 2005-2009

using eight derived predictors from WindSat satellite data. They classify a tropical de-

pression as TC when the MSSWS reaches 13m/s (or 25 knots) and the satellite image

available with at least 60% coverage in a circle with 4◦ radius around the center of the

tropical disturbance. In (Zhang et al., 2019), the authors use 13 predictors derived from

mesoscale convective system (MCS) data and ERA-Interim dataset to predict TC for-

mation using the following machine learning tools - Logistic Regression (LR), Naïve

Bayes (NB), DT, K-Nearest neighbors (KNN), Multilayer perceptron (MLP), Quadratic

Discriminant Analysis (QDA), SVM, AdaBoost (ADA), and RF. The authors reported

the accuracy in terms of F1-score, precision, and recall for lead times 6h, 12h, 24h,

and 48h for global (consisting of all ocean basins), NA, and west north pacific (WNP)

ocean basins. They took TC that originates in the TC seasons (May to November)

into account. The definition of TC genesis coincides with its first appearance in the

IBTrACS dataset.

The machine learning techniques are not best suited to deal with satellite and re-
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analysis type datasets with both spatial and temporal dimensions. Various deep learning

studies have successfully captured the spatial and temporal dimensions of causal factors

to answer the prediction problems related to TC’s track, intensity (Alemany et al., 2018;

Gao et al., 2018; Kumar et al., 2021c; Chen et al., 2019a; Maskey et al., 2020) and its

landfall’s characteristics (Kumar et al., 2021b,a). Recently, a few deep learning studies

have been proposed that forecast TC formation. In (Matsuoka et al., 2018), CNN has

been used to detect the TC and its precursors in the six ocean basins of the world us-

ing 30 years of simulated outgoing longwave radiation (OLR) data generated through a

cloud-resolving global non-hydrostatic atmospheric model. The TC and its precursors

are categorized as one class and identified based on TC tracking algorithm (Sugi et al.,

2002; Yamada et al., 2017) which takes temperature, horizontal components of wind,

and sea level pressure (SLP) as inputs. The authors reported the Precision in the range

of 79.9% − 89.1% and FAR in the range of 32.8% − 53.4% in north Pacific ocean for

the period July to November. In (Shakya et al., 2020), the authors have presented a

deep learning model to detect an ongoing TC with the help of satellite data of eight

TCs in the NI ocean basin. In (Chen et al., 2019b) a hybrid CNN-LSTM model is used

to predict if an ongoing TC will be intensified to the level of a typhoon (wind speed

greater than 64 knots) with a lead time of 24h, using preceding data of 6h, 12h, 18h or

24h. The IBTrACS data and ERA-Interim datasets are used for three ocean basins WP,

EP, and NA. Thus we see that very few deep learning studies exists, and each has their

own criterion of identifying TC formation or restricted to a particular region or period.

Another line of research is the seasonal prediction of tropical cyclones. In (Richman

and Leslie, 2012) the authors proposed the Support Vector Regression (SVR) to study

the seasonal prediction of TCs in the north-west portion of Australia. In (Richman et al.,

2017) authors use SVR for seasonal prediction of TCs count in the NA ocean. In (Nath

et al., 2015) authors presented an ANN model to predict the seasonal number of TCs in

the NI ocean basin for the post-monsoon (October, November, December) season using

reanalysis data.
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2.2 Data

Inspired by the successful usage of reanalysis dataset in the recent works (Chen et al.,

2019b; Kumar et al., 2021a; Boussioux et al., 2020; Giffard-Roisin et al., 2020) to an-

swer TC related track, intensity, and landfall’s characteristics problems, we have used

ERA5 (Hersbach et al., 2020) high-resolution reanalysis dataset provided by ECMWF2.

It is hourly weather and climate data for the whole globe. The formation process of a

TC is determined by large-scale atmospheric factors at various altitudes around the cen-

ter of an LPS. For this study we have extracted wind fields u, v, geopotential z, relative

humidity r, and temperature t at three pressure levels (altitudes) 225hPa, 500hPa, and

700hPa. These variables largely determine the development process of a TC as follows:

u and v fields represent the east-west and north-south movement of air along with its

speed, z represents the gravitational potential energy relative to sea level, r represents

the water vapor pressure, and t represents the atmospheric temperature. As the atmo-

spheric causal factors behind TC formation may have horizontal extends up to 1000

kilometers (KM), these variables are extracted for a spatial region 10◦ × 10◦ with a res-

olution of 0.25◦, centered as TC genesis location, which resulted in a grid of 41 × 41.

As one degree is around 110 km near the equator and decreases as we move pole-wards,

this resulted in a spatial extend of around 1000 km with a resolution of around 25 km.

A pictorial representation of used reanalysis data is shown in Figure 2.1.

Table 2.1: Number of TC in each ocean basin.

Ocean Basin NA NI SI WP SP EP
Number of TCs 653 360 832 1431 509 983

The IBTrACS dataset (Knapp et al., 2010) maintained by National Oceanic and

Atmospheric Administration3 keeps three hourly global records of all TCs in the form

of its time, track (latitude and longitude), intensity, and many more other variables from

the very initiation of a TC when it was first detected as a tropical depression or LPS. As

the definition of TC genesis time is ambiguous (Horn et al., 2014) we take the time when

a TC is recorded first as LPS in IBTrACS as TC formation time. We extracted the record

of TC formation time, and corresponding location (latitude, longitude) for all TCs for

the earlier mentioned six ocean basins of the world from 1980 to September 2021. All

2https://cds.climate.copernicus.eu/
3https://www.ncdc.noaa.gov/ibtracs/
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Figure 2.1: Pictorial representation of reanalysis data.

these TCs form the positive class in our classification problem. The total number of

TCs (positive cases) are shown in Table 2.1. To generate the negative classes (non-TC

formation), for a particular ocean basin, we followed the Algorithm 1. This way, we

have an equal number of positive and negative classes in our dataset. A negative class

sample represents a time t and location loc such that there is no existing TC formation

in a time window of 5 days. If t lies within a window of 5 days, then there is no existing

TC formation in a spatial window of 5◦. This way, we have selected all TC formation

samples and non-TC formation samples. Next, for each sample, we downloaded the

above-described reanalysis data for grid size 41 × 41 centered at the location of each

sample, for time points t − 6k, 12 ≥ k ≥ 4, where t is the time of TC formation or

randomly selected time of a non-TC formation sample. Thus the reanalysis dataset is

extracted for nine time points from t− 72h to t− 24h at an interval of 6h. The genesis

location of all samples (TC formation and non-TC formation) are shown in Figure 2.2

for all six ocean basins.
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Algorithm 1 Generating negative classes (non TC) in a ocean basin, say OB.
Input: Set T and L of time points and location (lat, lon) of all TC formation in ocean
basin OB.
Parameter: count (No. of positive class in OB), A Kernel Density Function say LocGen
fitted on the set L.
Output: Set T1 and L1 of time points and location (lat, lon) of all non TC formation
(negative classes) in ocean basin OB.

1: Let count1 = 0, T1 = {}, L1 = {}.
2: while count1 < count do
3: Generate a random time t1 (between 01/01/1980 and 01/09/2021) and random

location say (lat1,lon1) through LocGen.
4: if (lat1,lon1) lies over land then
5: continue
6: end if
7: if Abs(t− t1) > 5days ∀t ∈ T then
8: Add t1 to T1 and (lat1,lon1) to L1, count1 + +.
9: else

10: if Abs(lat− lat1) > 5◦ and Abs(lon− lon1) > 5◦ ∀(lat, lon) ∈ L. then
11: Add t1 to T1 and (lat1, lon1) to L1, count1 + +.
12: end if
13: end if
14: end while
15: return T1 and L1.

Dataset Preparation

For a TC, 9 data points are available at an interval of 6h as described above. The ith

data point (1 ≤ i ≤ 9) is corresponds to the lead time (72 − 6(i − 1))h. Suppose we

want to use T number of data points ((T-1)*6 hours of data) to predict the formation of

a TC. For this, we generate 10− T data points, where a single data point is a sequence

of T vectors of the form:

( u225(t), v225(t) z225(t), r225(t), t225(t), u500(t), v500(t) z500(t), r500(t), t500(t),

u700(t), v700(t) z700(t), r700(t), t700(t))

where k ≤ t ≤ T+k−1 and k varies from 1 to 10−T . For each such training point, the

target variable is 1 (positive class) or 0 (negative class). One must note that the above

process forms 10− T data points at leads hours 6k where 4 ≤ k ≤ 9+ 4− T . All such

data points for all the TCs form the dataset.
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2.3 Model and its Implementation

As our dataset has both spatial and temporal dimensions, the model utilizes a combi-

nation of CNN (LeCun et al., 1989; Krizhevsky et al., 2012; Milletari et al., 2016) and

LSTM (Hochreiter and Schmidhuber, 1997; Gers et al., 1999; Gers et al., 2003; Gers

and Schmidhuber, 2001) networks to effectively capture the causal factors behind a TC

formation. An input training data point is of the dimension (T, 15, 41, 41), where T

stands for the length of sequential data points (of 6 ∗ (T − 1)h), 15 stands for the num-

ber of channels (corresponding to u, v, z, r, and t fields at three pressure levels), and

(41, 41) is the shape of the grid centered at TC formation location. The model consists

of four alternating convolution and max-pooling layers that generate sequential features

of length T using TimeDistributed layer of Keras (Chollet, 2015), which are further

fed into a stacked LSTM consisting of three LSTM layers. To avoid over-fitting dropout

0.15 is used between two successive LSTM layers. The model and input-output size of

each layer is shown in Figure 2.3 for T = 3. This resulted in a lightweight model with

just 2,83,073 trainable parameters.

Training and Implementation

We experimented with various configurations of above model by varying number of

layers and nodes in it, activation functions, and learning rates. The configuration which

works well across all ocean basins is reported. The activation function ReLU(x) =

max(0, x) (Nair and Hinton, 2010) is used in all layers except the last layer which uses

Sigmoid(x) = 1
1+exp(−x)

(Han and Moraga, 1995) activation function. The input vari-

ables are scaled in the range (−1, 1) for faster and stable training using MinMaxScaler

of Scikit learn library (Pedregosa et al., 2011). The model uses optimizer Adam

(Kingma and Ba, 2014), default learning rate 0.001, binary cross-entropy loss func-

tion, 32 batch size, and 30 epochs. The model is implemented in Keras API developed

over low-level language TensorFlow (Abadi et al., 2015) on Nvidia Tesla V100 GPU

platform with 16 GB RAM, that takes around 5-15 minutes for 30 epochs depending on

ocean basin and T .
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Figure 2.3: Model description for T = 3.

2.3.1 Evaluation Metrics

As reported in (Zhang et al., 2019), we have evaluated the performance of proposed

model in terms of metrics - Precision, Recall, Accuracy and F1-score (F1) which are

defined as:
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Precision(P ) =
TP

TP + FP
, Recall(R) =

TP

TP + FN

Accuracy =
TP + TN

TP + TN + FP + FN
, F1 =

2PR

P +R

Table 2.2: Truth Table for TC formation

Predicted
Actual Non TC TC
Non TC TN FP
TC FN TP

where TN, TP, FN, FP are shown in Table 2.2 for our classification problem. A

higher precision and recall are desirable. A higher precision indicates that a warning

from the model for a possible TC formation can not be ignored, whereas a higher recall

suggests that the model can detect a possible TC formation with a high probability. F1

score is a measure of the balance between precision and recall. To report the model’s

performance in terms of these metrics, we have used the k-fold cross-validation tech-

nique described below.

k-Fold Cross Validation

k-fold cross-validation is one of the widely used reliable technique to evaluate a ma-

chine learning model. The parameter k represents the number of folds. The technique

is described as follows:

1. Shuffle the dataset randomly.

2. Partition the dataet into k equal groups (folds).

3. For each group, do the following iterations:
• Take this group as test set and remaining (k-1) groups as training set.

• Fit the model on training set and evaluate on the test set.

• Retain the evaluation score on the test set and discard the model.

4. Return the average of evaluation scores in above iterations with variation.

In the above process, each sample is given a chance to be in the test set one time

and a part of the training set (k-1) times. This technique results in a less biased (or less
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Figure 2.4: Graphical representation of k-fold cross validation process.

optimistic) model performance estimate compared to the usual train/test split. The re-

sults are considered to be more reliable for practical purposes. The process is described

graphically in the Figure 2.4.

We have reported our model’s 5-fold cross-validation score in terms of the metrics

mentioned above for various lead times.

2.4 Results and Analysis

The proposed model takes any 12h, or 24h (corresponding to T = 3, or 5) of continuous

data at an interval of 6h as input from t − 72 to t − 24 hours, where t is the time of

possible TC formation and predicts whether a TC will be formed or not. This way for

a particular T , the model predicts at lead times 6k, 4 ≤ k ≤ 13 − T . Thus the model

predicts at a lead time of at least 24h, which is a minimum requirement for practical

utility purposes. For various leads time, the model’s 5-fold cross-validation accuracy

along with the variation (std) is reported, in terms of metrics as mentioned above in

Tables 2.3 and 2.4. Increasing or decreasing values of T do not improve the results

further.

The accuracy for 24h lead time, vary in a range of 91.7%−97.7% and 93.5%−97.4%

for T equals to 3 and 5 respectively. So for a 24h lead time forecast, 36h (for T = 5) of

data gives better results. The Precision remains quite high in the range of 88.4%−96.4%

for both T = 3, 5. This implies that the model has a very low false alarm rate and any
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Table 2.3: 5-fold performance (±std) of the model for T = 3 (12h) (Hochreiter and
Schmidhuber, 1997; Gers et al., 1999; LeCun et al., 1989; Krizhevsky et al.,
2012).

Ocean
Basin

Lead
Time(h)

Accuracy Precision Recall F1

NA 24 0.943 ±0.01 0.922 ±0.02 0.965 ±0.01 0.943 ±0.01
36 0.982 ±0.01 0.981 ±0.02 0.983 ±0.01 0.982 ±0.01
48 0.977 ±0.00 0.977 ±0.01 0.976 ±0.01 0.976 ±0.00
60 0.912 ±0.02 0.925 ±0.02 0.901 ± 0.03 0.912 ± 0.02

NI 24 0.977 ±0.01 0.964 ±0.02 0.992 ±0.01 0.978 ±0.01
36 0.990 ±0.01 0.983 ±0.01 0.997 ±0.01 0.990 ±0.01
48 0.989 ±0.01 0.984 ±0.02 0.994 ±0.01 0.989 ±0.01
60 0.929 ±0.02 0.939 ±0.03 0.918 ± 0.03 0.928 ±0.02

SI 24 0.955 ±0.01 0.932 ±0.02 0.982 ±0.01 0.956 ±0.01
36 0.993 ±0.01 0.989 ±0.01 0.996 ±0.00 0.992 ±0.00
48 0.991 ±0.01 0.995 ±0.00 0.987 ±0.01 0.991 ±0.00
60 0.913 ±0.01 0.932 ±0.02 0.892 ± 0.02 0.912 ±0.01

WP 24 0.931 ±0.01 0.920 ±0.02 0.944 ±0.02 0.931 ±0.01
36 0.975 ±0.00 0.982 ±0.01 0.968 ±0.00 0.975 ±0.00
48 0.972 ±0.01 0.978 ±0.01 0.966 ±0.01 0.972 ±0.01
60 0.869 ±0.02 0.910 ±0.03 0.818 ± 0.02 0.862 ±0.02

SP 24 0.930 ±0.03 0.898 ±0.06 0.977 ±0.03 0.933 ±0.03
36 0.964 ±0.03 0.945 ±0.05 0.992 ±0.01 0.967 ±0.02
48 0.954 ±0.04 0.926 ±0.07 0.991 ±0.01 0.956 ±0.03
60 0.899 ±0.02 0.872 ±0.05 0.943 ± 0.05 0.903 ±0.02

EP 24 0.917 ±0.01 0.884 ±0.02 0.959 ±0.01 0.920 ±0.02
36 0.966 ±0.02 0.955 ±0.02 0.979 ±0.01 0.979 ±0.01
48 0.966 ±0.01 0.963 ±0.01 0.971 ±0.02 0.967 ±0.01
60 0.904 ±0.02 0.915 ±0.02 0.891 ± 0.02 0.903 ±0.02

warning by model regarding possible TC formation can not be ignored. Also, the Recall

remains in the range of 94.4%−99.2% for both T = 3, 5, which is quite high, implying

that model is detecting nearly all TC formation cases, and it can be used reliably for

practical purposes. The F1-score varies in the range of 92.0%− 97.8%.

The accuracy for 36h lead time is even better than 24h lead time across all ocean

basins, which is in the range 96.4% − 99.3% and 97.2% − 99.1% for T equals to 3

and 5 respectively. A possible reason for this is that the reanalysis variables that we

have selected in our study are more distinguishable and represent the TC formation

well at this lead time. The Precision and Recall remain quite high again in the range of

94.5%− 99.3% and 96.8%− 99.7% respectively for both T = 3, 5.

The accuracy for lead time 48h is in the range 95.4%−99.1%, which is greater than
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Table 2.4: 5-fold performance (std) of the model for T = 5 (24h) (Hochreiter and
Schmidhuber, 1997; Gers et al., 1999; LeCun et al., 1989; Krizhevsky et al.,
2012).

Ocean
Basin

Lead
Time(h)

Accuracy Precision Recall F1

NA 24 0.953 ±0.01 0.951 ±0.02 0.956 ±0.03 0.953 ±0.01
36 0.986 ±0.01 0.993 ±0.01 0.980 ±0.02 0.987 ±0.01
48 0.913 ±0.02 0.949 ±0.02 0.873 ±0.03 0.909 ±0.02

NI 24 0.974 ±0.02 0.959 ±0.03 0.992 ±0.01 0.974 ±0.02
36 0.991 ±0.01 0.988 ±0.01 0.992 ±0.01 0.990 ±0.01
48 0.925 ±0.01 0.964 ±0.03 0.941 ±0.02 0.952 ±0.01

SI 24 0.960 ±0.02 0.942 ±0.03 0.982 ±0.02 0.961 ±0.01
36 0.987 ±0.01 0.986 ±0.01 0.988 ±0.01 0.987 ±0.01
48 0.936 ±0.01 0.941 ±0.03 0.933 ±0.04 0.936 ±0.01

WP 24 0.935 ±0.02 0.912 ±0.04 0.965 ±0.01 0.937 ±0.02
36 0.972 ±0.02 0.966 ±0.03 0.980 ±0.01 0.973 ±0.02
48 0.888 ±0.02 0.899 ±0.04 0.877 ±0.02 0.887 ±0.02

SP 24 0.960 ±0.01 0.936 ±0.03 0.988 ±0.01 0.961 ±0.01
36 0.980 ±0.02 0.978 ±0.02 0.984 ±0.01 0.980 ±0.02
48 0.930 ±0.01 0.940 ±0.03 0.920 ±0.04 0.928 ±0.01

EP 24 0.949 ±0.01 0.933 ±0.02 0.968 ±0.01 0.950 ±0.01
36 0.982 ±0.01 0.980 ±0.01 0.984 ±0.01 0.982 ±0.01
48 0.919 ±0.01 0.936 ±0.01 0.900 ±0.01 0.917 ±0.01

lead time 24h and slightly less than lead time 36h in the case of T = 3. The accuracy

for 48h lead time decreases by approx 5% − 9% in comparison of lead time 24h and

36h for T = 5. This implies that for 48h lead-time prediction T = 3 is a better choice.

For T = 3, the model can predict with a lead time of 60h, which is quite a large time for

early prediction of TC formation. In this case also model achieves an accuracy in the

range of 86.9%−92.9%, which can be considered good because the dynamics of causal

factors behind TC formation change rapidly with time. The variation (std) in most of

the cases remains in the range of 1% − 3% except few cases where it goes upto 7%.

This means that model can be utilized reliably for practical usage.

In Figure 2.5 the epoch-wise accuracy of the train and test set is shown for all ocean

basins. One can observe that the model converges within 30 epochs.
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Figure 2.5: Train versus Test accuracy for T = 3.

Table 2.5: Best 5-fold performance reported in Zhang et al. (2019).

Ocean
Basin

Lead
Time(h)

Precision Recall F1

NA 24 0.937 0.880 0.908
48 0.888 0.683 0.757

WNP 24 0.948 0.754 0.817
48 0.889 0.642 0.701

2.4.1 Comparison

As discussed in section 2.1, the existing deep learning studies are not suitable for a

direct comparison, as (Shakya et al., 2020; Chen et al., 2019b) deals with detecting an

ongoing TC, and in (Matsuoka et al., 2018) the TC formation definition is based on
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cloud cover and uses simulated satellite data. We will make a direct comparison with

the machine learning work (Zhang et al., 2019), where the TC formation definition

coincides with our definition, and authors evaluated nine machine learning models in

terms of Precision, Recall, and F1-score for lead times up to 48h in NA, and WNP ocean

basins. Out of nine classifiers, overall, AdaBoost works best in all cases. In Table 2.5,

we have reported the AdaBoost accuracy for lead times 24h and 48h. From Table 2.5,

we observe that for 24h lead time, Precision is more or less the same, but there is a big

difference in terms of Recall, whereas we achieve a recall value of 96.5% both in NA

and WP ocean basin in comparison of 88% and 75.4%. In the case of lead time 48h, we

achieve a better performance both in WP and NA ocean basins with an improvement

of more than 9% in Precision and more than 28% in the Recall. Also in (Zhang et al.,

2019), TC originated during months May to November has been considered, whereas

our model do not have any such restriction.

2.5 Conclusion

In this work, a deep learning model is proposed that can forecast a TC formation using

as less than 12h of data and lead time up to 60h with high precision, recall, and F1-score

across six ocean basins of the world. Early information regarding potential cyclone for-

mation has enormous social, economic, and environmental benefits. Through this work,

the authors establish that the reanalysis dataset has enough information to capture the

complex and non-linear natural phenomenon behind a cyclone formation. One can fur-

ther attempt to use the reanalysis dataset for a longer lead time forecast. The reanalysis

dataset provides many other variables like cloud cover, vorticity, sea surface tempera-

ture, etc. One can explore these variables to improve the model further.
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CHAPTER 3

Will a Tropical Cyclone Make Landfall?1

In the different development phases of a tropical cyclone, the most exciting and com-

plex phase is its landfall, which is when a tropical cyclone moves over to the land after

crossing the ocean’s coast. As discussed in subsection 1.1, the majority of low-pressure

systems die over the ocean. But few develop as a TC and travel hundreds of kilometers

to move over to coastal regions finally. If a TC does not make landfall, then it may

not cause any human and infrastructure loss, but if it makes landfall, then it may bring

catastrophic effects. Early detection of the landfall event for a TC will give the ad-

ministration and disaster managers adequate time to mobilize resources, issue an early

warning, and vacate the coastal regions to minimize human and material loss. On the

other hand, early detection of no landfall for a TC will save money as preparedness

for a possible landfall involves huge resources arrangement, and it will cause no incon-

venience to the people residing in the coastal areas. Therefore, predicting if a given

tropical cyclone will make landfall or not with high accuracy is very important. In this

work, we investigate a fundamental question: will a tropical cyclone make a landfall?

A deep learning model has been proposed that can predict the landfall event in the early

phase of a tropical cyclone - particularly using any 12 hours or 24 hours of data from the

first 72 hours of its inception with very high accuracy. The model can be trained within

05 to 20 minutes depending on the ocean basin and can predict the above-stated problem

within seconds, making it suitable for real-time application. The research contributions

of this work are as follows:

• Three atmospheric variables from reanalysis dataset and five from IBTrACS are

identified that captures the landfall event of a TC.

• A fusion deep learning model has been proposed that gives a 5-fold cross valida-

tion accuracy in the range of 97.6% to 99.2% across all ocean basins.

1This chapter is a slightly modified version of work accepted for publication in Journal Neural Com-
puting and Applications and has been reproduced here with the permission of the copyright holder.



3.1 Related Work

The traditional and operational TC-related models are mainly numerical, statistical, and

ensemble in nature2. Whereas the statistical methods (Hall and Jewson, 2007) have in-

herent limitations in terms of the inability to capture the complex relationship between a

huge number of cause factors, the numerical and ensemble methods are computationally

involved and time-consuming. Recently deep learning techniques consisting of Convo-

lutional Neural networks (CNNs) and Recurrent Neural networks (RNNs) have been

successfully applied to forecast TCs related forecast problems to capture the complex

relationship between various causal factors that have both spatial and temporal dimen-

sions (Chen et al., 2019b; Moradi Kordmahalleh et al., 2016; Chaudhuri et al., 2017;

Giffard-Roisin et al., 2020; Boussioux et al., 2020; Biswas et al., 2021). These earlier

works mainly focus on track and intensity prediction, which we will discuss more in the

next section. As per our knowledge, this is the first work that successfully attempted to

forecast the landfall event for a TC.

CNN and LSTM based deep learning models have been successfully developed to

forecast various TC-related prediction problems. In (Moradi Kordmahalleh et al., 2016;

Alemany et al., 2018; Gao et al., 2018; Kim et al., 2019b; Kumar et al., 2021c), CNN

or LSTM or a combination of both have been used to predict the trajectories of TCs

with a certain lead time. In (Pradhan et al., 2018; Chen et al., 2019a; Maskey et al.,

2020), CNN has been used to forecast the intensity of a TC. In (Shakya et al., 2020),

CNN has been used to predict the TC formation detection using satellite data. Recently,

reanalysis and historical TC data have been used to predict TC’s track and intensity in a

few works. For example, in (Boussioux et al., 2020), authors have used reanalysis data

to construct various models based on CNN, GRU, Transformers, and XGBoost, which

predict the track and intensity of a TC with a lead time of 24h in two ocean basins NA

and EP. In (Giffard-Roisin et al., 2020), a deep learning model using CNN and LSTM

is proposed to predict the track of TCs in six ocean basins of the world with a lead time

of 24h using ERA-Interm reanalysis data (Dee et al., 2011) and historical cyclone data.

Several researchers have also researched different problems associated with the

landfall of a TC. In (Vitart et al., 2003), authors have presented a seasonal analysis of

landfall and the effect of various atmospheric and oceanographic factors on landfall of

2https://www.nhc.noaa.gov/modelsummary.shtml

34

https://www.nhc.noaa.gov/modelsummary.shtml


TCs for the Mozambique region. In (Wahiduzzaman et al., 2017) a generalized additive

model to forecast the seasonal landfall location in terms of affected country in the NI

ocean basin has been presented. In (Mohapatra et al., 2015), authors have evaluated the

official tropical cyclone landfall forecast issued by Indian Meteorological Department

(IMD). In (Powell and Aberson, 2001), authors have presented the official accuracy

levels achieved by NOAA of landfall time and location prediction for the Atlantic basin

during 1976-2000.

More recently, in (Kumar et al., 2021b,a), we have proposed a deep learning model

using CNN and LSTM networks to predict the landfall’s location, time, and intensity of

a TC for the six ocean basins of the world using reanalysis and IBTrACS data. These

works predict landfall’s characteristics from the very initiation of the TC without a re-

striction of lead time. These studies and earlier studies that focus on landfall’s location,

time, and intensity prediction, do so without investigating whether a landfall event will

happen for a TC or not. As per our knowledge, there is no existing work that deals with

the classification problem of whether landfall will occur for a TC or not. To fill this gap,

we develop a classification model that predicts whether a landfall event will happen for

a TC or not. The current work supplements the earlier works and can be used together

to answer the landfall-related forecast questions in completeness.

3.2 Data

We have used publicly available datasets in our study, the IBTrACS dataset Knapp et al.

(2010) maintained by National Oceanic and Atmospheric Administration3 (NOAA)

and reanalysis data ERA5 (Hersbach et al., 2020) maintained by European Centre for

Medium-Range Weather Forecasts4 (ECMWF). The IBTrACS dataset contains the his-

torical record of a tropical cyclone at an interval of 3h in terms of its ocean basin, time,

latitude, longitude, pressure, wind speed, distance to land, category, distance, and di-

rection between the successive location of a TC and many more. From this dataset, we

have extracted three variables latitude, longitude, and distance to land at an interval of

six hours for this study. Two more features distance and direction between two suc-

cessive locations of a TC for this six-hourly data have been generated. We have taken

3https://www.ncdc.noaa.gov/ibtracs/index.php?name=ib-v4-access
4https://cds.climate.copernicus.eu/
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Figure 3.3: Distribution of landfall time for six ocean basins.

only those cyclones into account which remain over the ocean for at least the first 48h

of its inception. TCs that remain for fewer than 48h over the ocean will not intensify to

a level to cause any destruction and can be ignored. We have extracted min(72, t − a)

hour of data at an interval of 6h, wherea = 0, t is the life span of TC if landfall doesn’t occur

a = 24, t is the time to landfall if landfall occurs

This way, we are taking a maximum of 72h of data and keeping away 24h from the

landfall time, in case it happens. The study contains cyclones from January 1981 to

May 2021. Trajectories of all cyclones used in this study are shown in Figures 3.1 and

3.2 for cyclones with landfall and without landfall, respectively, in six ocean basins.
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The number of cyclones in each ocean basin, average, minimum, and maximum time

to landfall is shown in Table 3.1. The landfall time distribution for all ocean basins is

shown in Figure 3.3.

Table 3.1: Data Description.

Ocean Basin NA NI SI WP SP EP
Number of TCs 494 185 642 1178 383 745
Landfall 194 131 160 660 97 84
Not Landfall 300 54 482 518 285 661
Average Landfall Time 134h 116h 161h 154h 138h 132h
Max Landfall Time 528h 267h 513h 603h 510h 312h
Min Landfall Time 51h 51h 51h 51h 51h 57h

As discussed in Section 1.2, ERA5 is the 5th generation reanalysis data containing

climate and weather data for the whole globe. ERA5 replaces the ERA-interim dataset

and contains hourly data at a resolution of 0.25◦ from 1979 onwards. The long-term

behavior of a TC depends on large atmospheric conditions around its center that has

vertical, horizontal, and temporal dimensions. To capture the large-scale atmospheric

wind circulations and geopotential at various pressure levels, u, v, and z fields are ex-

tracted from ERA5. Geopotential (z field) is the gravitational potential energy per unit

mass relative to sea level. Geopotential at different pressure levels affects the weather

systems such as TC. The u and v wind fields provide information about east-west and

north-south movement, respectively, along with speed. Inspired by the other related

works described above, wind fields u, v, and the geopotential field z are extracted at

pressure levels of 700hPa, 500hPa, and 225hPa. Since the atmospheric system that de-

termines a TC characteristic can have a horizontal extent up to 1000 kilometers (km),

the above variables are extracted for a spatial extent of 16◦ × 16◦ and resolution 0.25◦

around the center of the TC for each time point in the dataset. This way, we have ex-

tracted these variables’ values for a grid of 65 × 65 centered at the TC location. One

degree of latitude/longitude is approximately 110kms near the equator. A pictorial rep-

resentation of reanalysis data used in this study is shown in Figure 3.4.

3.2.1 Dataset Preparation

For a TC, let S = min(72,t−a)
6

+ 1 be the number of data points available at an interval

of 6h, where t and a are defined as above. Suppose we want to use T number of data
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Figure 3.4: Pictorial representation of reanalysis data.

points ((T-1)*6 hours of data) to predict the landfall event. We generate S − T +1 data

points, where a single data point is a sequence of T vectors of the form:

( lat(t), long(t), distance(t), direction(t), distToLand(t), u225(t), v225(t),

z225(t), u500(t) v500(t), z500(t), u700(t), v700(t), z700(t))

where k ≤ t ≤ T + k − 1 and k varies from 1 to S − T + 1. For each such data point,

the target variable is 1 (positive class) or 0 (negative class) as per landfall happens or

not for this cyclone. The ith(1 ≤ i ≤ S − T + 1) data point corresponds to the time

interval (t+(i− 1)6)h to (t+(i− 1)6+ (T − 1)6)h, where t is the time corresponds to

first data of TC. One must note that the above criterion of choosing S ensures that we

are predicting landfall event at least 24h before, in case it happened. The collection of

all such data points for all the cyclones form the dataset.

3.3 Model and its Implementation

To capture the spatial and temporal dimensions of our dataset, we have used a com-

bination of CNN (LeCun et al., 1989; Krizhevsky et al., 2012; Milletari et al., 2016)

and LSTM (Hochreiter and Schmidhuber, 1997; Gers et al., 1999; Gers et al., 2003;

40



Gers and Schmidhuber, 2001) networks. As our dataset has two types of data, reanal-

ysis data which is 2-dimensional in shape, and cyclone’s track-related data, which is

1-dimensional in shape, our proposed model has two branches, the Reanalysis branch,

and the Track branch, as shown in Figure 3.5. The Reanalysis branch takes reanalysis

data as input, where one training data is of the shape (T, 9, 65, 65), where T represents

the number of sequential data points (corresponding to 6 ∗ (T − 1) hours of data), 9

represents the number of channels (corresponding to u, v and z fields for three pres-

sure levels), and (65, 65) is the shape of the grid centered at TC center. The reanalysis

branch consists of three convolution layers, where each layer is succeeded by a batch-

normalization (Ioffe and Szegedy, 2015) layer, and a max-pooling (Ciresan et al., 2011)

layer. These layers generate sequential features of length T using Keras (Chollet, 2015)

TimeDistributed layer, which is further fed into a stacked LSTM with two layers. The

last layer of the Reanalysis branch is a LSTM layer with an output size of 16. The

Track branch process the track-related data latitude, longitude, distance to land, dis-

tance, and direction between the successive position of TC. As we have sequential data

of length T , this branch consists of stacked LSTM with three layers. The input shape

of Track branch is (T, 5), where 5 corresponds to features: latitude, longitude, dis-

tance to land, distance, and direction. The last layer of the Track branch is an LSTM

layer with an output size of 8. Further, the last two layers of both branches are con-

catenated and fed into a dense layer of size 8, which is further connected to the last

output layer of size one. The input and output shapes of all layers are described in

Figure 3.5, which is generated using Keras. All the layers uses the activation function

ReLU(x) = max(0, x) (Nair and Hinton, 2010), except the last layer which uses acti-

vation function Sigmoid(x) = 1
1+exp(−x)

(Han and Moraga, 1995). The resulted model

is a lightweight model with 3, 90, 061 trainable parameters.

3.3.1 Training and Implementation

We tried a few configurations of the above-described model by experimenting with the

number of layers, number of nodes in a layer, activation function, and learning rate and

reported the one which gives the best results across all the ocean basins. Keras API

developed over low-level language TensorFlow (Abadi et al., 2015) is used to imple-

ment the model. For faster training the input features are scaled in the range (−1, 1)
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Figure 3.5: Model description for T = 5.

using the MinMaxScaler of Scikit learn library (Pedregosa et al., 2011). The model

uses binary cross-entropy as loss function, Adam (Kingma and Ba, 2014) optimizer,

batch size 128, and default learning rate 0.001. The model converges within 40 epochs,

and experiments are performed on Nvidia Tesla V100 GPU with 16 GB RAM, which
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takes around 05-20 minutes (depending on the ocean) to execute the 40 epochs.

3.3.2 Evaluation Metrics

In a classification problem in the area of weather forecasting, probability of detection

(POD) and false alarm rate (FAR) are two important evaluation criteria (Barnes et al.,

2007), which are defined as:

FAR =
FP

FP + TP
, POD =

TP + TN

TP + TN + FP + FN

Table 3.2: Truth Table for TC Landfall

Predicted
Actual Not Landfall Landfall
Not Landfall TN FP
Landfall FN TP

TN, FP, FN, TP are shown in Table 3.2 for our binary classification problem. The

other important metrics that are important for critical landfall prediction problems are

False Positive Rate (FPR) and False Negative rate (FNR), which are defined as:

FPR =
FP

FP + TN
, FNR =

FN

FN + TP

A smaller FAR is desirable as a false landfall alarm will result in a waste of resources

in disaster preparedness. A higher POD (also known as accuracy) is expected as it

gives an overall performance of the model in terms of the proportion of correctly pre-

dicted samples. FPR denotes the proportion of non-landfall cases predicted as landfall,

and FNR denotes the proportion of landfall cases predicted as non-landfall. Both FPR

and FNR desired to be smaller. Another important metric for a binary classifier is the

AUC (area under the curve), which is defined as AUC =
∫
ROC, where ROC denotes

the Receiver Operating Characteristics curve that plots FPR versus TPR (1-FNR). A

higher AUC means that the model can separate the two classes well.We have reported

the performace of our model in terms of 5-fold cross validation score as described in

Section 2.3.1.
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3.4 Results and Analysis

The proposed model takes any 12h or 24h of continuous data (for T = 3 or 5) from

the maximum first 72 hours of cyclone data and predicts whether landfall event will

happen or not. Also, in case of landfall occurring cyclone, the model predicts at least

24 hours before. The 5-fold accuracy of the model along with variation (std) in terms

of POD, FAR, FPR, FNR, and AUC are shown in Table 3.3, for T = 3, 5. Increasing or

decreasing T further does not improve the model’s performance. The best results for a

particular ocean basin corresponding to T = 3 or 5 in terms of POD are highlighted in

Table 3.3. For T = 3, we get the best results in the case of NA, SI, SP, and EP ocean

basins and for T = 5 in the case of NI and WP ocean basins. The model performs well

across all ocean basins with the best POD of 0.987, 0.976, 0.987, 0.983, 0.992, and

0.991 for NA, NI, SI, WP, SP, and EP ocean basins, respectively. One can see that the

variation (std) remains low in the range of 0.002 (0.2%) to 0.018 (1.8%), which makes

the model reliable to use. Considering the complexity of the landfall event forecasting

problem that depends on multiple atmospheric, oceanographic, and geographic factors

and the unbalanced number of classes (especially in EP, SI, and SP ocean basins), the

model performance can be considered suitable for all practical purposes.

From the Table 3.3, we can see that for the best choice of T , the other criterion FAR,

is in the range of 0.007 to 0.027 (0.7% to 2.7%), which is relatively low; therefore, a

warning for possible landfall by the model needs to be acted upon without fail.

For the best choice of T , the FPR is negligible for NA, SI, SP, and EP oceans. The

FPR for NI and WP oceans are 0.070 (7%) and 0.018 (1.8%), which are pretty low

for all practical purposes. This means that with a very high probability, the model will

detect all non-landfall events correctly.

For the best choice of T , the FNR for NI, WP, and SP ocean basins is almost neg-

ligible and varies in a range of 0.025 to 0.083 for the other three ocean basins. For EP

and SI ocean basins, FNR is at a higher side 0.083 (8.3%) and 0.041 (4.1%) respec-

tively, which is probably because of the unbalanced number of classes (landfall and

non-landfall) in these two ocean basins as shown in Table 3.1.

The AUC is greater than or equal to 0.975 across all ocean basins for both choices

of T , which means the model is effectively able to learn the characteristics of negative

44



Table 3.3: Five fold performance (std) of the model (Hochreiter and Schmidhuber,
1997; Gers et al., 1999; LeCun et al., 1989; Krizhevsky et al., 2012).

T (h) Ocean
Basin

NA NI SI WP SP EP

Dataset
Size

3872 1926 6964 11973 4087 7937

POD 0.987
±0.002

0.964
±0.019

0.987
±0.005

0.964
±0.033

0.992
±0.003

0.991
±0.002

3 (12h) FAR 0.013
±0.009

0.014
±0.009

0.012
±0.004

0.021
±0.005

0.012
±0.006

0.007
±0.009

FPR 0.006
±0.005

0.033
±0.018

0.003
±0.001

0.023
±0.005

0.003
±0.001

0.001
±0.001

FNR 0.025
±0.013

0.036
±0.023

0.041
±0.028

0.044
±0.063

0.018
±0.013

0.083
±0.028

AUC 0.998
±0.001

0.991
±0.006

0.998
±0.001

0.995
±0.004

0.999
±0.001

0.994
±0.005

Dataset
Size

3380 1560 5028 9629 2947 6451

POD 0.930
±0.049

0.976
±0.018

0.969
±0.033

0.983
±0.010

0.986
±0.015

0.987
±0.009

5 (24h) FAR 0.078
±0.047

0.027
±0.024

0.040
±0.048

0.016
±0.020

0.010
±0.004

0.007
±0.009

FPR 0.036
±0.024

0.070
±0.070

0.011
±0.013

0.018
±0.023

0.003
±0.001

0.001
±0.001

FNR 0.139
±0.154

0.003
±0.007

0.090
±0.097

0.014
±0.010

0.044
±0.058

0.128
±0.097

AUC 0.975
±0.033

0.998
±0.001

0.989
±0.016

0.998
±0.001

0.999
±0.001

0.995
±0.007

Table 3.4: POD for random cyclones for best T .

Ocean
Basin

SID (Storm
Identifier)

POD Forecast

L
an

df
al

l(
1)

NA 2007244N12303 1.0 11111111111
NI 1988327N06100 1.0 111111111
SI 1988076S14056 0.727 01111100111
WP 2009270N10148 1.0 111111111
SP 1985033S12157 1.0 11111111111
EP 1983285N09260 0.545 00001111110

N
o

L
an

df
al

l(
0) NA 1991250N10334 0.818 00000110000

NI 1993316N11070 0.777 011000000
SI 2016277S30044 1.0 00000000000
WP 1982286N17145 1.0 000000000
SP 2009025S12177 1.0 00000000000
EP 2013180N11256 1.0 00000000000
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and positive classes. The ROC is shown in Figure 3.7 for NA ocean basin for T = 5

and for WP ocean basin for T = 3. The ROC for other ocean basins looks similar.

The epochs-wise POD (accuracy) graph for train and test set is shown in Figure 3.6

for all six ocean basins for the best values of T . One can see that in all the cases, the

model starts converging after 25 epochs. In all cases, after 25 epochs, the train and test

accuracy almost overlaps, which means that the model generalizes well on the unseen

test data.

Figure 3.6: Epoch wise train and test accuracy for best T .

To further demonstrate the working and reliability of our model, we have shown the

POD for two random TCs (one with landfall and one without landfall) with 72h of data

(13 − T + 1 training points) from each ocean basin with best T , see Table 3.4. These

TCs were never a part of training datasets, and these are also not used during the data
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Figure 3.7: ROC curve for NA ocean (T = 5) and WP ocean (T = 3).

preparation process. The data for these cyclones are scaled using the scalers that are

fitted on the rest of the data. These cyclones are treated as future cyclones while getting

the forecast for these. We have used the best T corresponding to each ocean basin while

reporting these results. For example, for the land-falling cyclone with storm identifier

(SID) equals 1988076S14056 in the SI ocean basin, the POD achieved is 0.727. The last

column (viz. forecast) represents the forecast pattern for eleven timestamps (from 24th

hour to 72nd hour at six hours interval using last 12h of data). For this particular SID,

the actual forecast pattern is 11111111111, and the predicted one is 01111100111. For

the non-land-falling cyclone with SID 2016277S30044 in SI ocean, the POD is 1.0, and

the observed and predicted forecast pattern is 00000000000. For land-falling cyclones,

we get POD in the range of 0.545 to 1.0, and for non-land-falling cyclones in the range

of 0.777 to 1.0.

3.5 Conclusion

We presented a deep learning model based on CNN and LSTM that can forecast the

landfall event in the early phase of a tropical cyclone with high accuracy and preci-

sion. As per our knowledge, this is the first such work that targeted this prediction

problem. We think that this work will bring out a novel and significant problem for

the researchers in this area. We can see different approaches to this problem using sta-

tistical, numerical, and deep learning methods in the future. The model performs well

on all criteria like POD, FAR, FPR, FNR, and AUC across all six ocean basins of the

world. This makes the model a practical one because it helps disaster managers avoid

unwarranted preparation for a potential landfall in case the model predicts it negatively
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and timely preparation, resource mobilization in case the model predicts it positively.

Once the model is trained, it can provide a real-time prediction, making it suitable for

practical usage. The model also demonstrates that 12h or 24h of reanalysis data and

track data of a cyclone in the early phase of a TC have enough information to predict its

landfall behavior accurately. Given that reanalysis data has been successfully utilized

for track, intensity, and landfall predictions of a TC, one can further explore it to predict

TC’s genesis and its formation. Reanalysis data also provides many more weather fea-

tures like humidity, sea surface temperature, vorticity, cloud cover, etc.; one can further

explore these features to see their effect on the above-mentioned prediction problems.
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CHAPTER 4

Forecasting Landfall’s Intensity, Location and Time of a

Tropical Cyclone 1

In the last two research works (Chapter 2 and Chapter 3), we proposed deep learning

models that forecast whether a TC will be formed or not and will it make landfall. Once

you have an affirmative answer to the last two questions, an important and obvious

question to ask is where, at what time, and at what intensity it will make landfall. The

development of such a model will help answer the forecast of various critical phases

of a TC from its formation to its landfall. The economic and human losses caused by

a TC center around a few kilometers of its landfall location. Knowing the location,

time, and intensity of landfall of a TC with high accuracy will help the administration

in the precision deployment of the resources and optimizing the usage. The knowledge

of landfall’s location will help focus on the prospective affected area and minimize

displacing of people from coastal areas. The intensity at landfall will help decide the

extent of resource mobilization, and the knowledge landfall’s time will help in timely

preparation.

Predicting landfall characteristics (in terms of intensity, location, and time) of a TC

is the most challenging task as the TC behaviour near the landfall is not only deter-

mined by atmospheric and oceanographic factors but also topographical factors. The

TC behavior near the landfall changes abruptly (Leroux et al., 2018). All this makes

the development of a model that can predict the landfall characteristic’s from the very

initiation of a TC important from a disaster mitigation point of view and challenging at

the same time. The research contributions in this direction are as follows:

• A LSTM based model is proposed to predict the landfall’s characteristics in the

NI ocean basin, using BTD data from IMD. Five variables from BTD, along with

two derived features, are identified as input to the model.
1This chapter is a slightly modified version of work published in Proceedings of the AAAI Confer-

ence on Artificial Intelligence, volume 35 2021 and Artificial Neural Networks and Machine Learning –
ICANN 2021 and has been reproduced here with the permission of the copyright holder.



• A LSTM and CNN based deep learning model is proposed to predict the landfall’s

location and time in six ocean basins NI, SI, WP, SP, NA, and EP using reanalysis

dataset ERA5. Four variables from the reanalysis dataset and location (latitude

and longitude) from IBTrACS are used as input to the model.

4.1 Related Work

There are numerous existing TC track and intensity prediction models that can be clas-

sified into numerical (or dynamical) models, statistical models, and ensemble mod-

els2. The numerical models rely on physical equations governing atmospheric circula-

tions to capture the evolution of the atmospheric fields. These methods are compu-

tationally involved and need large supercomputers. The statistical techniques (Hall

and Jewson, 2007) learn relationships between TC behavior and its specific details

in terms of location, pressure level, wind speed, etc. These are computationally fast

but have limitations in capturing complex non-linear relationships between a large

number of causal factors. The ensemble models combine a collection of other mod-

els and generally give comparatively better results (Krishnamurti et al., 2000). The

primary operational numerical models for track and intensity prediction are - Euro-

pean Center for Medium-Range Weather Forecasts (ECMWF), Global Forecast Sys-

tem (GFS), Hurricane Weather and Research Forecasting model (HWRF), and Hurri-

cane Multi-scale Ocean-coupled Non-hydrostatic model (HMON). The primary opera-

tional, statistical models for track and intensity prediction are - Climatology and Persis-

tence model (CLIPER5), Trajectory-CLIPER, Statistical Hurricane Intensity Prediction

Scheme (SHIP), and Logistic Growth Equation Model (LGEM). ECMWF, Wind Radii

Consensus (RVCN), and Florida State Super Ensemble (FSSE) are primary operational

ensemble models.

Recently, with the increase in the data related to TCs, various studies have appeared

that have successfully applied machine learning-based models to predict various charac-

teristics of a TC. Initial studies regarding tropical cyclones track and intensity forecasts

used Artificial Neural Networks (ANNs) (Chaudhuri et al., 2017; Kovordányi and Roy,

2https://www.nhc.noaa.gov/modelsummary.shtml
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2009; Chaudhuri et al., 2015). Since the prediction problems related to atmospheric

conditions involve both spatial and temporal components, deep learning models like

RNNS, LSTM networks, CNNs, and combinations of these have been successfully de-

ployed to capture the complex non-linear interplay between various atmospheric com-

ponents of spatial and temporal nature. In (Moradi Kordmahalleh et al., 2016), a sparse

RNN model with flexible topology is presented for the prediction of hurricane trajectory

with a lead time of 6h or 12h in the Atlantic ocean. In (Kim et al., 2019b), ConvLSTM

is used to predict the hurricane trajectory from the past density maps of hurricane paths.

In (Alemany et al., 2018), authors have presented a fully connected RNN model to

predict cyclone trajectories from historical cyclone data in the Atlantic ocean in terms

of grid identifier. In (Gao et al., 2018), a nowcasting model is presented based on an

LSTM network to predict typhoon trajectory. Recently, few studies have dealt with

TC formation, track, and intensity prediction problems using reanalysis data (Giffard-

Roisin et al., 2020; Boussioux et al., 2020; Chen et al., 2019b). In (Chen et al., 2019b),

reanalysis dataset has been used to forecast typhoon formation forecasting in NA, EP,

and WP oceans. In (Giffard-Roisin et al., 2020), authors have used historical data of a

TC along with reanalysis data from ERA-Interim (Dee et al., 2011) to predict the track

of TC with a lead time of 24h in six ocean basins. They propose a fusion network in

which the output of CNN trained on wind fields and pressure fields from reanalysis data

and output of an ANN trained on historical TC data are fed into another ANN network.

Their model does not take the temporal aspect into account as they have stacked input

from two-time steps t and t − 6 to feed into a CNN. In (Boussioux et al., 2020), TC

intensity and track prediction task is achieved with a lead time of 24h, using reanaly-

sis data ERA5 (Hersbach et al., 2020), historical TC data, and output from operational

forecast models for NA and EP ocean basins. They have proposed framework Hurricast

(HURR) consisting of seven different models that used various combinations of CNN,

GRU, Transformers, and XGBoost models. They used data between t to t − 21 hours

and captured the spatial and temporal aspects of data, thereby addressing the shortcom-

ing of (Giffard-Roisin et al., 2020).

From the above discussion, we see that the existing works mainly focus on predict-

ing the track and intensity of a TC with a specific lead time. In this work, we have

presented deep learning models that can predict the characteristics of the most crucial

phase: the landfall of a TC from its very initiation. As there is no existing work with
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which we can make a direct comparison, we will try to present a reasonable compari-

son of our models with the models presented in (Giffard-Roisin et al., 2020; Boussioux

et al., 2020) and the landfall’s location prediction accuracy reported by IMD on its web-

site. The rest of the chapter is divided into two sections. Section 4.2 presents the model

that predicts the landfall’s intensity, location and time in NI ocean basin using BTD data

and section 4.2 presents the model that predicts landfall’s location and time in all six

ocean basins NI, SI, NA, WP, SP, and EP using reanalysis data ERA5.

4.2 Forecasting landfall’s intensity, location, and time

in NI ocean basin

4.2.1 Data

In this study, we have used the BTD data maintained by the Regional Specialised Me-

teorological Centre (RSMC) of IMD in New Delhi as discussed in section 1.2. BTD

contains many features associated with a cyclone, but we selected latitude, longitude,

MSSWS, and estimated central pressure (ECP) as inputs in our model. Two more de-

rived features distance and direction of change between two successive recordings of a

cyclone is calculated. Another critical factor that affects the course of a tropical cyclone

is sea surface temperature (SST), which is obtained from NOAA dataset available at3.

The dataset contains a few manual errors, which have been corrected carefully, after

which a total of 6474 recordings, recorded at an interval of three hours, of 353 cyclones

have been extracted. If the difference between two available time points for a cyclone is

more than 3 hours, we have filled up missing time points to make the data a continuous

time-series data recorded at an interval of 3 hours. If a time series data, d(t) is available

for t = t0 and t3n but missing for t = t3, t6, . . . , t3(n−1) then we evaluate D = (d(t3n)−

d(t0))/n and fill the missing data with d(t3k) = d(t0) + kD for 1 ≤ k ≤ n − 1.

After completing this process and deleting any possible error in the dataset, we get

9088 recordings of 352 cyclones. As we are interested in predicting the landfall and

therefore, we retain recordings only until the landfall time for every cyclone. This

3http://apdrc.soest.hawaii.edu/erddap/griddap/hawaii_soest_afc8_
9785_907e.html
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Figure 4.1: Cyclones trajectory till landfall in NI ocean.

further reduces our dataset to 3988 recordings of 206 cyclones (the rest of the cyclones

do not hit the coast and die out in the sea). We retained only those cyclones with at

least 24 hours of data, and the average time to landfall for such cyclones is around 80

hours. The trajectory of all cyclones till the landfall is shown in Figure 4.1. We have

highlighted the trajectory of three TCs, Bulbul, Fani, and Gaja, for which we will show

our model’s performance along with a 5-fold cross-validation score. These TCs will not

be a part of the training dataset.

Generation of Dataset

For a fixed cyclone, let TL be the number of data points (that is ((TL − 1)3h) recorded

after which the landfall occurs. If we want our model to provide predictions after taking

T number of data points as input, we need to make sure that our model trains on inputs

of size T . To achieve that for each cyclone, we create TL − T + 1 data points. A single

data point is a sequence of T vectors of the form:

(MSSWS(t),ECP(t), SST(t), distance(t), direction(t), latitude(t), longitude(t))

where k ≤ t ≤ T + k − 1. As k varies from 1 to TL − T + 1, we get all such data

points for a given cyclone. The target variables for each input are MSSWS (in knots) at

landfall or location (latitude and longitude) at landfall, or time (in hours (h)) remaining
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to landfall of the cyclone to which the data point corresponds to. For example, the

data recording for cyclone Amphan started 00 hours on 16 May 2020, and the landfall

occurred at 12 hours on 20 May 2020. Therefore, recordings of 108 hours are available

for the Amphan cyclone, which amounts to TL = 108/3 = 36. Suppose, we want to

create a model for T = 4, then Amphan cyclone will provide 36 − 4 + 1 = 33 data

points. For the models that predict landfall’s location and intensity, the target variable

for each ith(1 ≤ i ≤ 33) data point is the location (latitude and longitude) and intensity

of landfall. For the model that predicts time remaining to landfall, the target variable

for each ith(1 ≤ i ≤ 33) data point is (108− 3 ∗ T − (i− 1) ∗ 3)h. For a given T , the

dataset is a collection of all such data points across all the cyclones. Notice that each

data point is a time-series sequence of length T .

4.2.2 Model and its Implementation

We have used two different RNN models based on LSTM, Model-1 for landfall’s in-

tensity and time prediction and Model-2 for landfall’s location (latitude and longitude)

prediction. Model-1 has three stacked LSTM layers and one dense output layer. Model-

2 has three stacked BiLSTM layers and one dense output layer. For a faster and bet-

ter training of our models, we have scaled the features of data using Standard Scaler

of Scikit learn library (Pedregosa et al., 2011). The scaling is given by the function,

f(x) = (x−µ)/σ, where µ is the mean and σ is the standard deviation. Model-1 scales

the input variables using the Standard Scaler except the target variables, intensity, and

time. Model-2 scales all input variables including target variables, latitude and longi-

tude for training. We have implemented these models in Keras API (Chollet, 2015)

which runs on top of low-level language TensorFlow (Abadi et al., 2015), developed

by Google. Both models use the default learning rate of 0.001 and Adaptive moment

estimation (Adam) (Kingma and Ba, 2014) optimizer to minimize the loss. The model

trains the network using the MSE loss function, and the accuracy is measured in terms

of MAE and RMSE. The definition of these error measures are as follows:

MSE =
1

n

n∑
i=1

(yi − ȳi)
2, RMSE =

√
MSE,
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(a) Model-1 (b) Model-2

Figure 4.2: RNN based on LSTM and BiLSTM for T = 4.

MAE =
1

n

n∑
i=1

|yi − ȳi| ,

where yi is the actual value and ȳi is the predicted value. We have tried various standard

activation functions and selected Swish(βx) = x. Sigmoid(βx) (Ramachandran et al.,

2017) with β = 2 for Model-1 and ReLU(x) = max(0, x) (Nair and Hinton, 2010) for

the Model-2 to optimize the accuracy. Both models use a batch size of 512 and a total

of 150 epochs. The structures of Model-1 and Model-2 are shown in Figure 4.2 which

have been generated using Keras API.

We have used the GPU available on Google Colab to run the experiments, which

provides one of the GPU Nvidia K80s, T4s, P4s, or P100s, depending on availability.

On average, Model-1 takes 80 seconds and Model-2 takes 90 seconds to complete 150

epochs.

4.2.3 Results and Analysis

The models (Model-1 and Model-2) take a certain number of, say T , continuous data

points of a TC, anytime during the course of the TC and predict the intensity, latitude,

longitude, and time to its landfall with high accuracy. We also report the distance error
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in kilometers (KM) from the predicted landfall location to the actual landfall location.

We have reported our model’s 5-fold validation accuracy as discussed in section 2.3.1,

both in terms of RMSE and MAE for T = 4, 6, 8, and 12 (9h, 15h, 21h, or 33h of data

at an interval of 3h) along with standard deviation (std). To further validate the per-

formance of our model, we have also reported the model performance for three recent

devastating cyclones Bulbul, Fani, and Gaja. These three cyclones are not the part of

the training dataset. The RMSE and MAE values reported for these three cyclones are

averages of RMSE and MAE over a sliding window of size T starting from 1st data

point till the landfall.

Table 4.1: RMSE and MAE for landfall’s intensity (knots) prediction for different val-
ues of T (Hochreiter and Schmidhuber, 1997; Gers et al., 1999).

T(Hours) 4(9) 6(15) 8(21) 12(33)
Size of dataset 3189 2843 2544 2039

R
M

SE
(±

st
d) 5-fold Valida-

tion
9.35
±0.63

7.84
±1.09

7.31
±0.71

6.19
±0.69

Fani 2.66 1.72 3.43 5.53
Gaja 4.34 3.37 4.78 4.29
Bulbul 4.35 3.63 3.86 3.40

M
A

E
±

(s
td

) 5-fold Valida-
tion

5.17
±0.51

4.01
±0.30

4.24
±0.40

3.87
±0.36

Fani 2.03 1.37 2.64 4.10
Gaja 2.85 2.15 3.51 3.47
Bulbul 2.30 1.68 2.27 2.35

Figure 4.3: Predicted and actual intensity and time of landfall of Fani for T = 8.

In Tables 4.1 and 4.2, the RMSE and MAE of prediction of intensity at landfall

and time remaining to landfall are reported for different values of T respectively, along

with the size of the training dataset. For T = 8, that is, if 21 hours data of cyclone

is used, then the intensity and time can be predicted within an MAE of 4.24 knots
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Table 4.2: RMSE and MAE of time to landfall’s for different values of T (Hochreiter
and Schmidhuber, 1997; Gers et al., 1999).

T(Hours) 4(9) 6(15) 8(21) 12(33)
Size of dataset 3189 2843 2544 2039

R
M

SE
±

(s
td

) 5-fold Valida-
tion

11.21
±1.03

10.14
±1.78

8.08
±0.95

8.52
±1.51

Fani 3.6 2.03 2.8 5.34
Gaja 6.0 5.65 4.0 6.17
Bulbul 4.0 3.4 3.25 6.21

M
A

E
±

(s
td

) 5-fold Valida-
tion

6.25
±0.2)

5.26
±0.16

4.5
±0.58

5.42
±1.17

Fani 2.6 1.37 1.8 4.70
Gaja 3.2 2.74 3.0 4.90
Bulbul 2.3 1.9 1.77 5.08

Figure 4.4: Predicted and actual intensity and time of landfall of Gaja for T = 8.

Figure 4.5: Predicted and actual intensity and time of landfall of Bulbul for T = 8.

and 4.5h, respectively. From Table 1.1, we can see that the range of MSSWS for all

Grades, except Grade 2, is at least 10, which implies that with a very high probability,

the model will predict the correct intensity grade at landfall of a TC. Moreover, since

we obtain such good accuracy with only 21 hours of observation and the landfall occurs
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Table 4.3: RMSE, MAE and Distance Error (kilometers) for Landfall Location Predic-
tion for different values of T (Hochreiter and Schmidhuber, 1997; Gers et al.,
1999).

T(Hours) 4(9) 6(15) 8(21) 12(33)
Size of dataset 3189 2843 2544 2039

R
M

SE
±

(s
td

)
5-fold
Validation

Lati 0.95
±0.04

0.67
±0.06

0.52
±0.12

0.39
±0.15

Long 1.30
±0.14

0.85
±0.04

0.72
±0.08

0.50
±0.10

Fani
Lati 0.33 0.16 0.11 0.13
Long 0.60 0.36 0.19 0.23

Gaja
Lati 0.85 0.53 0.22 0.13
Long 0.45 0.22 0.07 0.09

Bulbul
Lati 0.19 0.15 0.10 0.09
Long 0.37 0.26 0.17 0.19

M
A

E
±

(s
td

)

5-fold
Validation

Lati 0.52
±0.02

0.33
±0.01

0.24
±0.02

0.19
±0.01

Long 0.75
±0.05

0.46
±0.02

0.37
±0.02

0.29
±0.02

Fani
Lati 0.27 0.11 0.08 0.10
Long 0.41 0.26 0.14 0.19

Gaja
Lati 0.28 0.16 0.10 0.1
Long 0.15 0.09 0.05 0.07

Bulbul
Lati 0.15 0.09 0.07 0.07
Long 0.29 0.19 0.14 0.16

D
is

ta
nc

e
±

(s
td

) 5-fold Validation 106.3
±5.79

67.0
±2.51

51.7
±1.20

41.2
±3.12

Fani 56.1 32.4 18.7 24.6
Gaja 38.5 22.7 15.1 15.1

Bulbul 37.9 24.7 18.2 19.9

on average at the 80th hour in NI ocean, the model can help authorities to prepare well

advance in time to take any action. The performance of the model is even better than 5-

fold validation accuracy for cyclones Bulbul, Fani, and Gaja as evident from Tables 4.1

and 4.2.

In Figures 4.3, 4.4, and 4.5, the predicted intensity and actual intensity along with

predicted time to landfall and actual time to landfall are shown for T = 8 (21 hours)

for cyclones Bulbul, Fani, and Gaja, respectively. To obtain these figures, we choose

a sliding window of 21 hours and get the prediction from the model. For example,

the values at 21th hour and 75th hour are the predictions using the data between 0th
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and 21th hours and 54th and 75th hours, respectively. It is evident that the model has

consistently performed well irrespective of whether the prediction point is close to the

landfall or far from the landfall. One should note that these three cyclones took a long

time (>135 hours) to hit the coastal region; despite this, the model’s predictions are

consistently good even at the beginning of the cyclone.

In Table 4.3, the RMSE and MAE of latitude and longitude prediction (in degrees)

at landfall are reported for different values of T . The minimum MAE of the model is

achieved for T = 12(33h), which is 0.24 and 0.37 for latitude and longitude respec-

tively. A slight error in latitude and longitude may lead to an error of several kilometers

in the location. Therefore, we also report the corresponding distance error in kilome-

ters. The distance error is calculated using the distance between actual and predicted

landfall location. For example, for T = 12, the model can predict the landfall location

with an error of 41.2 KM.

Figure 4.6: Predicted and actual landfall latitude/longitude of Fani cyclone for T = 8

Figure 4.7: Predicted and actual landfall latitude/longitude of Gaja cyclone for T = 8

In the Figures 4.6, 4.7, 4.8, the predicted latitude, longitude, and actual latitude, lon-

gitude at landfall are shown for T = 8 for cyclones Bulbul, Fani, and Gaja, respectively.
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Figure 4.8: Predicted and actual landfall latitude/longitude of Bulbul cyclone for T = 8

It is once again evident that the model has consistently performed well irrespective of

whether the prediction point is close to landfall or far from landfall.

Table 4.4: Comparison with IMD’s 3/4/5 year (2015-2019) average reported error (KM)
for landfall Location.

Lead Time (hours) 36 48 60 72 84 96
IMD 42.84 78.08 92.6 112.5 197 210
Proposed Model (5-
fold Accuracy)

33.3 32.19 32.65 30.79 27.88 34.06

Table 4.5: Comparison with IMD’s 3/4/5 year (2015-2019) average reported
time(hours) to landfall.

Lead Time (hours) 36 48 60 72 84 96
IMD 4.96 5.53 6.8 9.6 5.4 8.83
Proposed Model (5-
fold Accuracy)

7.79 6.22 5.51 6.50 8.32 5.58

The standard deviation among 5-fold for all three prediction problems is relatively

low, which means the model performs consistently and can be reliably deployed for the

above-stated prediction problems. We compare our results with the landfall forecasts

reported by IMD on its website4. IMD provides average forecasting error of location

and time of landfall for each year starting from 2003. Error-values reported from ear-

lier years are large and unsuitable for a fair comparison. Therefore, we have calculated

the last 3/4/5 years (as per data availability) average MAE scores reported at the IMD

website and provided in Table 4.4 and Table 4.5. The lead time of X hours in Table 4.4

and 4.5 means that forecast was done X hours before the landfall. We have also ob-

tained the 5-fold validation performance of our proposed model at various lead times.

4https://rsmcnewdelhi.imd.gov.in/landfall-forecast.php
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From Table 4.4, we see that the reported distance error by IMD increases sharply with

lead time, but our model performance remains consistent for various lead times. The

accuracy of our model for prediction of time to landfall is quite comparable with that of

IMD, as shown in Table 4.5.

4.3 Forecasting landfall’s location and time in six ocean

basins across the world

Next, we tried to replicate landfall’s characteristics prediction work of NI ocean from

the last section to all other ocean basins of the world. The obvious approach is to use the

BTD provided by regional centers, but there is no consistency in the available variables

and their recording methodology. The global IBTrACS data that records all regional

BTDs has lots of missing values. So for a worldwide study of the problem mentioned

above, we explore the reanalysis dataset ERA5.

4.3.1 Data

In this study, we have used two open-source datasets - IBTrACS version 4 Knapp et al.

(2010) and reanalysis dataset ERA5. From the IBTrACS dataset, we took the infor-

mation about the cyclone path in terms of latitude and longitudes. As we predict the

landfall’s location and time of a TC, our dataset consists of all those cyclones that hit

the coastal region. Only data corresponding to the time points when a TC was moving

over the ocean is taken into account for all such cyclones. If a cyclone moves from

ocean to land and then from land to ocean and continues like this during its course, then

the data corresponding to its presence over land is not considered. Also, if a cyclone

moves from ocean to land and land to ocean multiple times, then each such movement

is treated as a separate cyclone while preparing the dataset. We are not using features

like MSSWS and ECP, which have many missing values. We extracted data from 1981

to 2020 provided at an interval of three hours. The trajectory of all TCs till their landfall

considered in this study is shown in Figure 4.9.

The large-scale atmospheric circulation of wind at different pressure levels plays a

crucial role in determining the track of a TC. To capture this information, we have used
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Figure 4.10: A pictorial depiction of u, v, z wind fields and SST

ERA5 (Hersbach et al., 2020) reanalysis data produced by ECMWF. ERA5 is a fifth-

generation reanalysis data covering global climate and weather since 1950 as discussed

in section 1.2. We extracted the u, v components of wind and z geopotential fields at

three atmospheric pressure levels (225hPa, 500hPa, 700hPa) for a spatial extension of

8 × 8 degree and spatial resolution of 0.25 × 0.25 degrees (resulting in a grid of size

33 × 33), centered at the current TC location. The u and v component of wind repre-

sents its eastward-westward and northward-southward movement, respectively. The z

geopotential represents the gravitational potential energy of a unit mass relative to sea

level. The choice of these variables is inspired by (Giffard-Roisin et al., 2020; Bous-

sioux et al., 2020) where authors have used values of these three variables at mentioned

three pressure levels for a spatial extension of 25 × 25 degrees and spatial resolution

of 1 × 1 degree (resulting in a grid of size 25 × 25) centered at TC location. One

degree equals 110 kilometers (KM) on the world map. This way, we are utilizing the

mentioned variables values for a spatial spread of around 440 KM (in comparison of

1320 KM by earlier two studies) with a spatial resolution of about 27.5 KM (in com-

parison of 110 KM by earlier two studies) around the TC center. Apart from these three

variables, we extracted the sea surface temperature (SST) for the 33 × 33 grid centered

at the TC location for each time point. A pictorial depiction of reanalysis data is shown

in Figure 4.10.

As we are using CNN, to feed the current location information, we have created two
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Table 4.6: Dataset size and Landfall time (hours)

Ocean
Basin

No. of
TCs

Size of
Dataset

Average
Time

Min
Time

Max
Time

NI 205 5920 95.61 21 270
SI 282 10600 121.74 21 516
EP 116 4000 112.44 21 315
SP 189 5674 99.06 21 513
WP 1064 39166 119.43 21 606
NA 401 11386 94.18 21 531

more 33 × 33 matrices lats and longs for each time point of a TC. The each row of lats

is equal to vector (lat+0.25 ∗ k| − 16 ≤ k ≤ 16) and each column of longs is equal

to vector (long+0.25 ∗ k| − 16 ≤ k ≤ 16) where (lat, long) denotes the latitude and

longitude of TC’s current location. Feeding this information in CNN will enable it to

generate distance and direction like features between two successive time points of a

TC. In Table 4.6, the dataset size along with average landfall time after the initiation

of a TC in six ocean basins are shown for all TCs with the minimum time difference

between TC formation and its landfall as 21h.

Dataset Preparation

Let T be the number of continuous data points (that is 3(T − 1) hours of data) taken

in the model to predict the target. For a fixed cyclone, let TL be the number of data

points between cyclone formation and its landfall at an interval of three hours. The ith

data point is corresponds to data at (i− 1)3h, in particular TLth data point corresponds

to landfall that occurs at (TL − 1)3h after cyclone formation. For this TC, we created

TL − (T − 1)− 4 = TL − T − 3 inputs, where a single input is a sequence of T vectors

of the form:

( lats(t), longs(t), u225(t), v225(t), z225(t), u500(t),

v500(t), z500(t), u700(t), v700(t), z700(t), SST(t))

where k ≤ t ≤ T+k−1 and k varies from 1 to TL−T−3. The target variables for each

input are latitude and longitude at landfall or time (in hours) remaining to landfall of the

cyclone from the current time t. One must note that by following the above process, we

are predicting our target at least 12h before the landfall. For example, BELNA cyclone
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formed at 00 hours on 05 December 2019 in EP ocean, and the landfall happened at

15 hours on 09 December 2019, that is TL = 38. Suppose T = 8, then this TC will

generate 38 − 8 − 3 = 27 data points. The collection of all such inputs across all TCs

for a particular ocean basin will form the dataset.

4.3.2 Model Implementation and Training

Figure 4.11: Model representation for latitude/longitude prediction for T = 8

We have used a combination of CNN and LSTM to capture our prediction prob-

lem’s spatial and temporal aspects. We come up with a model that works well for each

ocean basin. The structure of the model for location prediction in terms of latitude and

longitude is described in the Figure 4.11 for T = 8. The model for time prediction
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is the same except that the last dense layer’s output size is one. It consists of three

alternating convolution and max-pool layers that are enclosed within TimeDistributed

layer to generate sequential features of length T , which are fed into stacked LSTM of

two layers followed by a Dense layer. The input-output shape of each layer is shown

in Figure 4.11. The model is implemented in Keras API (Chollet, 2015) which uses

underlying low-level language TensorFlow (Abadi et al., 2015). The input shape of a

training data is (T, 12, 33, 33), where T represents the number of sequential data points

(corresponding to 3∗ (T −1) hours of data), 12 represents the number of channels (nine

channels of wind and geopotential fields corresponding to u, v and z at three pressure

levels, one of SST, two of latitudes and longitudes ), and (33, 33) is the shape of the

grid centered at TC center.

Training

We tried a few configurations of the above-described model by experimenting with the

number of layers, number of nodes in a layer, activation function, and learning rate and

reported the one which gives the best results across all the ocean basins. Finally, we

have reported the 5-fold cross validation accuracy of our model as described in Section

2.3.1. We trained the model for T equals to 4, 6, and 8; increasing T further does

not lead to improved accuracy. The input features are scaled using Standard Scaler of

Scikit learn library (Pedregosa et al., 2011), which is given by f(x) = x−µ
σ

, where

µ is the mean and σ is the standard deviation. The target variables are also scaled in

case of landfall’s latitude and longitude prediction but not for time prediction. The

model uses the mean square error (MSE) as the loss function. We have reported the

model performance in terms of root mean square error (RMSE) and mean absolute

error (MAE), which are defined as follows:

MSE =
1

n

n∑
i=1

(yi − ȳi)
2, RMSE =

√
MSE, MAE =

1

n

n∑
i=1

|yi − ȳi| ,

where yi is the actual value and ȳi is the predicted value. The model uses the Adam

(Kingma and Ba, 2014) optimizer with a default learning rate 0.001 to minimize the loss

function. Convolution layers and LSTM layers uses the activation function ReLU(x) =

max(0, x) (Nair and Hinton, 2010). The model uses a batch size of 256 and total of

100 epochs. We run our experiments on Nvidia Tesla V100 GPU with 16 GB RAM.
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The model takes approximately 30 to 45 minutes (depending on the ocean basin) to

complete 100 epochs.

4.3.3 Results and Comparison

Our model, at any time t during the progress of a TC, takes T number ((T -1)*3 h) of

data and predicts the landfall’s latitude, longitude, and time. For example, if T = 8 and

a particular TC is at the t = 52h during its progression, then using the data between

the time 52 − 21 = 31h and t. the model predicts the landfall’s characteristics. To

avoid any bias when time t is very close to landfall’s time, the model predicts only for

t ≤ L− 12h, where L is the landfall’s time, which means we are remaining at least 12

hours away from landfall while predicting. For each ocean basin and for different values

of T = 4, 6, 8 (9h, 15h, 21h). We have reported the size of the dataset and the 5-fold

cross validation score as discussed in section 2.3.1 in terms of RMSE and MAE along

with standard deviation in Table 4.7. From the predicted latitude and longitude, the

distance error between actual landfall location and predicted location is also reported in

Table 4.7.

From Table 4.7, we can see that we can predict the landfall’s location in ocean basins

NI, SI, EP, SP, WP, and NA with a distance error of 66.18KM, 119.96KM, 110.48KM,

144.80KM, 108.0KM, and 158.92KM, respectively for T = 8 (21h) with a low stan-

dard deviation (std). If we look at the landfall’s time prediction results, they are pretty

impressive. The model predicts the landfall’s time in six ocean basins NI, SI, EP, SP,

WP, and NA with an MAE of 4.71h, 6.04h, 8.20h, 6.74h, 5.89h, and 7.42h, respectively,

with low standard deviation.

To further demonstrate the working of our model, in Figures 4.12 and 4.13, we have

shown landfall’s latitude-longitude prediction results for two cyclones BUD (2018) and

BELNA (2019) in ocean basins EP and SI, respectively. In Figures 4.14 and 4.15, the

landfall’s time prediction results for TCs FANI (2019) and NAKRI (2019) in ocean

basins NI and WP, respectively, are shown. One can note that the model start predicting

at time t = 21 and uses data of 21 hours between t− 21 and t to predict at time t. One

can observe that the model works consistently well irrespective of whether we are close

to landfall or away from landfall. All these named cyclones are not part of training data.
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Table 4.7: 5-fold validation score of landfall’s location and time prediction for different
T (Hochreiter and Schmidhuber, 1997; Gers et al., 1999; LeCun et al., 1989;
Krizhevsky et al., 2012).

Ocean
Basin

T
(hrs)

Dataset
Size

RMSE (std) MAE (std)
Lati
de-
gree

Long
de-
gree

Time
hours

Lati
de-
gree

Long
de-
gree

Time
hours

Distance
KM

North
Indian

4
(9)

5060 0.58
(0.05)

1.03
(0.09)

10.46
(1.40)

0.38
(0.02)

0.70
(0.05)

7.33
(1.50)

93.78
(6.71)

6
(15)

4660 0.53
(0.13)

0.90
(0.13)

8.98
(3.47)

0.36
(0.12)

0.59
(0.10)

6.05
(2.38)

81.92
(18.62)

8
(21)

4284 0.40
(0.04)

0.76
(0.06)

6.72
(0.58)

0.26
(0.02)

0.50
(0.03)

4.71
(0.54)

66.18
(2.87)

South
Indian

4
(9)

9441 0.53
(0.03)

1.78
(0.22)

13.17
(0.59)

0.36
(0.02)

1.31
(0.15)

8.32
(0.31)

150.78
(15.55)

6
(15)

8886 0.46
(0.03)

1.44
(0.06)

11.34
(0.84)

0.30
(0.03)

1.06
(0.04)

7.24
(0.42)

123.32
(5.24)

8
(21)

8353 0.42
(0.02)

1.42
(0.18)

9.63
(0.96)

0.27
(0.03)

1.05
(0.10)

6.04
(0.45)

119.96
(12.22)

East
Pacific

4
(9)

3505 0.70
(0.23)

1.49
(0.33)

10.40
(1.03)

0.52
(0.18)

1.08
(0.24)

7.17
(0.80)

133.43
(33.42)

6
(15)

3276 0.62
(0.04)

1.33
(0.24)

9.89
(2.17)

0.46
(0.03)

0.95
(0.10)

6.99
(1.74)

117.8
(9.76)

8
(21)

3056 0.52
(0.03)

1.26
(0.16)

11.28
(3.69)

0.37
(0.02)

0.93
(0.03)

8.20
(2.96)

110.48
(2.86)

South
Pacific

4
(9)

4885 0.89
(0.09)

2.12
(0.14)

17.44
(2.70)

0.55
(0.05)

1.50
(0.14)

11.30
(2.19)

179.03
(17.26)

6
(15)

4520 0.89
(0.19)

2.30
(0.57)

13.24
(1.60)

0.57
(0.14)

1.57
(0.33)

7.69
(0.65)

188.81
(37.51)

8
(21)

4182 0.72
(0.10)

1.67
(0.23)

10.07
(1.77)

0.44
(0.07)

1.23
(0.20)

6.74
(1.04)

144.80
(22.44)

West
Pacific

4
(9)

34874 1.34
(0.34)

1.72
(0.37)

10.84
(0.30)

0.88
(0.24)

1.15
(0.26)

7.44
(0.41)

164.17
(40.08)

6
(15)

32777 1.04
(0.16)

1.40
(0.22)

10.10
(2.14)

0.72
(0.13)

0.97
(0.16)

7.22
(1.62)

137.86
(24.28)

8
(21)

30791 0.79
(0.10)

1.09
(0.10)

8.12
(0.93)

0.56
(0.08)

0.76
(0.06)

5.89
(0.72)

108.0
(11.61)

North
Atlantic

4
(9)

9782 1.28
(0.12)

2.42
(0.24)

15.10
(4.20)

0.84
(0.04)

1.47
(0.11)

10.47
(3.40)

174.51
(10.68)

6
(15)

8999 1.17
(0.15)

2.13
(0.32)

10.30
(1.26)

0.79
(0.08)

1.32
(0.14)

6.58
(0.96)

161.74
(15.36)

8
(21)

8276 1.05
(0.04)

2.10
(0.34)

10.69
(1.14)

0.71
(0.03)

1.38
(0.13)

7.42
(0.98)

158.92
(12.62)
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Figure 4.12: Latitude and Longitude prediction for hurricane BUD (2018) in East Pa-
cific ocean for T = 8

Figure 4.13: Latitude and Longitude prediction for cyclone BELNA (2019) in South
Indian ocean for T = 8

Figure 4.14: Time to Landfall prediction for Fani (2019) cyclone in North Indian ocean
for T = 8

4.3.4 Comparison

As per our knowledge, there does not exist any earlier work that predicts the landfall’s

location and time using reanalysis data. In the absence of directly related work, we will

compare our results with closely related works (Giffard-Roisin et al., 2020; Boussioux
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Figure 4.15: Time to Landfall prediction for NAKRI (2019) cyclone in West Pacific
ocean for T = 8

et al., 2020). In Table 4.8, the compassion between Fusion model (Giffard-Roisin et al.,

2020) and our proposed model is shown. In (Giffard-Roisin et al., 2020) authors used

TC reanalysis data of 12 hours at a temporal resolution of 6 hours for track prediction

with a lead time of 24 hours. A comparison with our model for T = 8 is provided in

Table 4.8. We have achieved better results for a much harder problem with arbitrary

lead time (≥ 21h) depending on the time between TC’s initiation and its landfall. The

authors of (Giffard-Roisin et al., 2020) have also reported the error range (std) 71KM

for a subset of cyclones in the Atlantic ocean, while our model achieves an error range

(std) 2.87KM - 22.44KM across all ocean basins. This makes our model more robust

and reliable for practical purposes.

In Boussioux et al. (2020) authors use a combination of historical TC data, reanaly-

sis data, and output from operational models and propose eight models for track predic-

tion of TCs with 24h lead time in NA and EP ocean basins for years 2017 to 2019. The

model which closes to our proposed model is HURR-(viz,CNN/GRU) which uses

CNN-encoder and GRU-decoder (Chung et al., 2014). The authors consider only those

hurricanes in their study for which MSSWS reaches 34 knots at some time t0 and con-

tains at least 60h of data after t0. Our model does not have any such restrictions. In

Table 4.9, we have shown the results for HURR-(viz,CNN/GRU) and the operational

CLP5 model for EP and NA ocean basin. One can see that our results are not as good

as that of HURR-(viz,CNN/GRU) but quite comparable with the operational model

CLP5. One can notice that our model’s standard deviation is relatively low compared

to these two models. Here, we would again point out that we are not making a direct

comparison here as our target prediction problem is different from this work but, at the
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same time, much more challenging and important.

We do not find any meteorological department across the world which reported the

landfall prediction accuracy except the Indian Meteorological Department (IMD) on its

website5. IMD has reported landfall’s location error and time for a certain number of

lead hours. In Table 4.4 and 4.5, we have reported the last 3/4/5 years (as per data

availability) MAE achieved by IMD for landfall’s location and time prediction. From

Table 4.6, we can see that in the NI ocean basin, the landfall occurs on average at 95.61

hours. Therefore, it is reasonable to compare our results with that of IMD for 72 lead

hours. Clearly, our model performs better than that of models used by IMD for both

landfall’s location and time. We have not included the results reported by IMD for

earlier years, as errors are much higher.

4.4 Conclusion

In section 4.1, we presented a model which used LSTM network based on RNN to

predict the intensity, location, and time of landfall of a tropical cyclone in the North

Indian Ocean. The model predicts the landfall characteristics with high accuracy and

beats the model used by India Meteorological Department on recent cyclones. Using

our model, the landfall characteristics of a cyclone can be predicted with high accuracy

post a few hours after the origin of the cyclone which will provide ample time to dis-

aster managers to decide if they need to evacuate certain areas (depending on intensity

prediction) and if they need to then precisely when (depending on time prediction) and

which area (depending on location prediction). In section 4.2, we proposed a model that

can predict the landfall’s location and time of a TC with high accuracy by observing a

TC for 9h, 15h, or 21h at any time of its progression in the world’s six ocean basins.

The model took only 30 to 45 minutes for training and can predict the landfall char-

acteristics within a few seconds, making our model suitable for practical usage. Our

model supports the case that deep learning models like CNN and LSTM can be utilized

to predict challenging and complex prediction problems like the landfall of a TC.

One can further work to utilize CNN with Attention and Transformers models for

further improvement. One can also develop Consensus models to solve the proposed

5https://rsmcnewdelhi.imd.gov.in/landfall-forecast.php
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prediction problem. As we can solve a complex landfall prediction problem using data

over a small spatial extent with high resolution, it will be interesting to see to use the

same kind of data for track or intensity prediction problems. In future work, one can

include the characteristics of terrain from which the cyclone is passing as an input

feature in the model.
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CHAPTER 5

Track Prediction of Tropical Cyclones1

One of the most significant prediction problem related to TCs is track prediction, where

the track (in terms of latitude and longitude) of a TC for the next few hours is predicted

using the TC’s data of the last few hours. In section 4.1, we have discussed the existing

TC’s track prediction-related work. Recently, in (Alemany et al., 2018) a new approach

for track prediction is suggested for the Atlantic ocean, where instead of predicting the

track of a TC directly in terms of latitude and longitude, the authors predicts a GridID,

which is obtained by applying a grid function on the ranges of latitudes and longitudes.

In this work, we adopted the same approach and predicted the GridID for the Atlantic

and NI ocean basins. It is an incremental work built on the work of (Alemany et al.,

2018) in the sense that we proposed a much-simplified model with larger prediction time

and better accuracy. The proposed model outperforms the existing model in terms of

mean absolute error, time-span of prediction, and training time. Next, we will describe

the dataset used, the proposed model, results, and future directions.

5.1 Data

For this study, we pick two BTDs, Atlantic hurricane data from the NOAA database

(available on the GitHub page2 of one of the authors of (Alemany et al., 2018)) and

BTD of tropical cyclones in the NI ocean from the Regional Specialized Meteorological

Centre, New Delhi3.

The Atlantic ocean data contains the record of hurricanes from 1920 to 2012, and

recordings are provided at 6 hours time intervals. The data consists of a total of 16394

recordings. Each recording contains information about the hurricane’s year, time, name

1This chapter is a slightly modified version of work published in IEEE 11th Annual Computing and
Communication Workshop and Conference (CCWC) 2021 and has been reproduced here with the per-
mission of the copyright holder.

2https://github.com/sheilaalemany/hurricane-rnn
3https://rsmcnewdelhi.imd.gov.in/report.php?internal_menu=MzM=

https://github.com/sheilaalemany/hurricane-rnn
https://rsmcnewdelhi.imd.gov.in/report.php?internal_menu=MzM=


(if any), latitude, longitude, ECP, and MSSWS. The trajectories of all the hurricanes

are shown in the Figure 5.1. After removing missing and invalid data, there are a total

of 789 hurricanes with an average number of 21 recordings. The largest cyclone has

96 such recordings. To capture the relative change of hurricane track progression, two

more features, distance, and direction of change4, are generated between two consecu-

tive recordings of a hurricane. The features ECP, MSSWS, distance, and direction are

used for the study.

Figure 5.1: Atlantic hurricanes’ track.

Figure 5.2: North Indian ocean cyclones’ track.

The BTD data for NI ocean contains the record of 341 cyclones from 1990 to 2017

in the north Indian ocean, and recordings are provided at 3 hours time interval. The data

has a total of 7662 recordings. Each such recording contains information about the cy-

clone’s basin of origin, latitude, longitude, ECP, MSSWS, date and time of occurrence.

4https://www.movable-type.co.uk/scripts/latlong.html
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The trajectories of all the cyclones are shown in the Figure 5.2. We removed recordings

with manual errors, that resulted in a dataset with 341 cyclones, with an average num-

ber of 27 recordings. The longest cyclone has 90 such recordings. Imputing techniques

are applied to handle the missing data. We generate two new features, distance, and

directions, similar to the Atlantic hurricane data and use MSSWS, ECP, distance, and

direction as input features in the model.

5.1.1 GridID

To predict the track of a cyclone, we need to estimate latitude and longitude at future

times. Instead of estimating latitude and longitude directly, we take the grid approach

as done in (Alemany et al., 2018). We divide the region of latitude and longitude into

square grid blocks, that is, x◦ × x◦ for some fixed x◦ along latitude and longitude. Let

[amin, amax] and [bmin, bmax] be the ranges of latitude and longitude in the data respec-

tively. Then, there will be a total of

⌊
(amax − amin)(bmax − bmin)

x2

⌋

grid blocks. We assign a GridID to each grid block, see Figure 5.3 for an example. For

the block in ith row (starting from below) and jth column, we assign GridID

⌊
bmax − bmin

x

⌋
(j − 1) + i.

Each vertex in the grid has co-ordinates of the form (amin + ix, bmin + jx). Now, given

any general latitude and longitude coordinate (a, b) in the region of the grid, we will

have a = amin + ix + α, b = bmin + jx + β for some i, j ∈ N and 0 ≤ α, β < x.

Then,

i =

⌈
a− amin

x

⌉
, j =

⌈
b− bmin

x

⌉
.

Therefore, we can define a GridID function for given latitude a and longitude b as

GridID(a, b) =

⌊
bmax − bmin

x

⌋(⌈
b− bmin

x

⌉
− 1

)
+

⌈
a− amin

x

⌉
,
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Figure 5.3: Example of a 6× 3 grid.

which will assign (a, b) the GridID for the grid block in which it lies. We use the scaled

GridID as our output variable.

For the Atlantic hurricane data, we have (amin, amax) = (7, 66) and (bmin, bmax) =

(−110, 14) and for the Indian ocean cyclone data, we have (amin, amax) = (1, 41) and

(bmin, bmax) = (42, 103) which generate a total of 7316 and 2440 grid blocks of size

1◦ × 1◦ (for x = 1) respectively. The grid blocks have almost same area as we are

studying tropical cyclones. On average, any point in a 1◦ × 1◦ grid block is within 50

kilometers from the center of the block. Therefore, by predicting GridID instead of

latitude and longitude, we create a margin error of 50 kilometers on average which is

acceptable for practical purposes.

5.1.2 Dataset Preparation

For a TC, let S be the number of data points available at an interval of D hours. Suppose

we want to use T1 number of data points ((T1 − 1) ∗ D hours of data) to predict the

GridID for next T2 number of time points (at an interval of D hours). We generate

S−T1−T2+1 data points, where a single data point is a sequence of T1 vectors of the

form:

(MSSWS(t),ECP(t), distance(t), direction(t),GridID(t)), k ≤ t ≤ T1 + k − 1
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and output is a sequence of GridIDs (scaled between 0 and 1) for the next T2 time points,

that is:

(GridID(T1 + k),GridID(T1 + k + 1),GridID(T1 + k + 2), · · · ,GridID(T1 + k + T2 − 1))

where k varies from 1 to S − T1 − T2 + 1. The collection of all such data points for all

the cyclones form the dataset.

5.2 Model

As the dataset is time-series data, we have used a stacked LSTM model. Here we

describe the best model that gives the optimal results after trying various configurations.

The input size to the model is (T, 5), where T corresponds to the length of sequential

data and 5 is the number of variables. The proposed model consists of four layers: an

input layer, two hidden layers, and an output layer. The hidden layers are of size 200

each. To compare, in (Alemany et al., 2018), three hidden LSTM layers have been used.

We have used Mean Square Error (MSE) as the loss function, Adam (Kingma and Ba,

2014) optimizer function with a default learning rate of 0.01, and activation function

ReLU (Nair and Hinton, 2010). The MSE and Mean Absolute Error (MAE) is defined

as:

MSE =
1

n

n∑
i=1

(yi − ȳi)
2,RMSE =

√
MSE,MAE =

1

n

n∑
i=1

|yi − ȳi|

where yi is the actual value and ȳi is the model predicted value. Though we are using

MSE as a loss function that model minimizes, we have reported model performance in

terms of MAE for comparison with related work. We used Keras API (Chollet, 2015)

to implement our RNN architecture on Google Colab (Bisong, 2019). Google Colab

provides one of the GPU Nvidia K80s, T4s, P4s or P100s as per availability. The model

we used takes only around 50 seconds to fit on the training data. Moreover, the model

used in (Alemany et al., 2018) took around 200 seconds for training. Therefore, our

model outperforms both in terms of MAE and training time. The model is described in

Figure 5.4, for T1 = 6 and T2 = 10, which is generated using Keras API.
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Figure 5.4: Model structure for T1 = 6, T2 = 10.

5.3 Results and Analysis

Figure 5.5: Actual and predicted grid predictions for Sandy, Dean and ISAAC for T1 =
4, 6, 8 and T2 = 10, 12, 16.

Let T1 be the length of the training data point and T2 be the number of predicted time

points of a cyclone’s GridID. For example, if T1 is four and T2 is eight, then we need

a model that uses four consecutive time points cyclone data and predicts the GridID

for the next eight successive time points. The proposed model is tested for different
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Table 5.1: Model performance on Atlantic hurricane data (Hochreiter and Schmidhu-
ber, 1997; Gers et al., 1999).

Data Used Mean Absolute Error
Training
Points
T1

(hours)

Predict
Points
T2

(hours)

Training
data size
(no. of
cyclones)

5-fold
MAE

Sandy Dean ISAAC

4 (24)

1 (6) 13449 (611) 0.0093 0.0092 0.0060 0.0101
2 (12) 12838 (592) 0.0127 0.0111 0.0083 0.0087
4 (24) 11671 (549) 0.0179 0.0162 0.0084 0.0125
6 (36) 10592 (503) 0.0274 0.0226 0.0176 0.0176
8 (48) 9606 (464) 0.0287 0.0277 0.0221 0.0212
10 (60) 8698 (419) 0.0337 0.0290 0.0288 0.0290
12 (72) 7877 (386) 0.0380 0.0341 0.0219 0.0236
16 (96) 6409 (334) 0.0468 0.0374 0.0343 0.0283
20 (120) 5170 (269) 0.0556 0.0400 0.0501 0.0344

6 (36)

1 (6) 12246 (575) 0.0086 0.0145 0.0087 0.0129
4 (24) 10592 (503) 0.0186 0.0181 0.0142 0.0142
8 (48) 8698 (419) 0.0291 0.0270 0.0160 0.0220
12 (72) 7119 (363) 0.0385 0.0290 0.0304 0.0299
16 (96) 5756 (301) 0.0472 0.0292 0.0319 0.0311
20 (120) 4642 (250) 0.0550 0.0516 0.0304 0.0280
24 (144) 3708 (209) 0.0615 0.0674 0.0400 0.0280

8 (48)

1 (6) 11122 (530) 0.0099 0.0123 0.0131 0.0118
8 (48) 7877 (386) 0.0304 0.0297 0.0212 0.0251
16 (96) 5170 (269) 0.0500 0.0296 0.0361 0.0356
24 (144) 3299 (188) 0.0633 0.0635 0.0452 0.0247

12 (72)

1 (6) 9142 (444) 0.0107 0.0104 0.0120 0.0084
8 (48) 6409 (334) 0.0316 0.0223 0.0221 0.0208
16 (96) 4158 (231) 0.0550 0.0284 0.0321 0.0380
24 (144) 2611 (153) 0.0698 0.0370 0.0453 0.0299

combinations of T1 and T2. The resulting MAE for various combinations of T1 and T2

are reported in Table 5.1 (for Atlantic hurricane data) and Table 5.2 (for Indian ocean

cyclone data). For each combination of T1 and T2, the size of the training set along

with the number of cyclones with at least T1 + T2 number of data points are reported.

We have reported the MAE of 5-fold cross-validation. To further establish the efficacy

of our model, we have reported the MAE for the three most significant hurricanes in

the Atlantic ocean - Sandy, Dean, and ISAAC, and the two most devastating cyclones

- Vayu and Fani in the Indian ocean in recent times. All these named cyclones are not

part of the training data.

In the case of Atlantic hurricane data, our results outperform the grid prediction
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Table 5.2: Model performance on Indian ocean cyclone data (Hochreiter and Schmid-
huber, 1997; Gers et al., 1999).

Data Used Mean Absolute Error
Training
Points
T1

(hours)

Predict
Points
T2

(hours)

Training
data size
(no of
cyclones)

5-fold
MAE

Vayu Fani

4 (12)

1 (3) 6428 (295) 0.0104 0.0092 0.0114
2 (6) 6133 (290) 0.0127 0.0152 0.0112
4 (12) 5560 (279) 0.0156 0.0118 0.0266
6 (18) 5011 (247) 0.0198 0.0173 0.0224
8 (24) 4524 (236) 0.0233 0.0211 0.0395
10 (30) 4063 (217) 0.0264 0.0225 0.0428
12 (36) 3637 (204) 0.0301 0.0281 0.0274
16 (48) 2865 (174) 0.0334 0.0369 0.0348
20 (60) 2214 (149) 0.0364 0.0412 0.0296

6 (18)

1 (3) 5843 (283) 0.0107 0.0102 0.0095
4 (12) 5011 (247) 0.0159 0.0102 0.0185
8 (24) 4063 (217) 0.0234 0.0304 0.0170
12 (36) 3233 (187) 0.0316 0.0322 0.0271
16 (48) 2527 (159) 0.0359 0.0336 0.0318
20 (60) 1918 (136) 0.0386 0.0320 0.0412
24 (72) 1421 (104) 0.0452 0.0362 0.0431

8 (24)

1 (3) 5281 (270) 0.0122 0.0068 0.0111
8 (24) 3637 (204) 0.0260 0.0230 0.0184
16 (48) 2214 (149) 0.0426 0.0282 0.0434
24 (72) 1219 (92) 0.0469 0.0368 0.0493

12 (36)

1 (3) 4288 (225) 0.0137 0.0136 0.0163
8 (24) 2865 (174) 0.0258 0.0174 0.0173
16 (48) 1652 (122) 0.0441 0.0557 0.0321
24 (72) 881 (69) 0.0527 0.0455 0.0600
32 (96) 427 (40) 0.0540 0.0512 0.0558

results obtained in (Alemany et al., 2018). In (Alemany et al., 2018), grid prediction

results have been reported only for T1 = 12 and T2 = 1 and the MAE reported for

Sandy, Dean and ISAAC are 0.0800, 0.0842 and 0.0592 respectively. For the same

combination of T1 and T2 for these hurricanes, our results are eight times better (see

the values in bold in Table 5.1). Figure 5.5 further supports our claim, which provides

the plots of training, actual and predicted grid locations for Sandy, Dean, and ISAAC

for different combinations of T1 and T2. Moreover, the MAE for 5-fold cross-validation

consistently remains low for different combinations of T1 and T2 and increase gradually

with T2, for both the datasets. A possible reason for the improved accuracy over the
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Figure 5.6: Actual and predicted grid predictions for Vayu and Fani for T1 = 4, 6, 8 and
T2 = 10, 12, 16.

results of (Alemany et al., 2018) in the case of Atlantic hurricane data is the process of

generation of training data. From our understanding, in (Alemany et al., 2018), only

hurricanes with at most 60 recordings have been used in the model. If a hurricane has

less than 60 recordings, then to make it 60 recordings, padding with zero has been used.

This padding technique generates invalid training data points if the hurricane length is

less than 60. Also, while preparing the training data set, mixing of data of different

hurricanes has resulted in invalid training data points. This may result in high MAE as

the model will encounter sudden zero values or consecutive values with high jumps. In

our case, we avoid these errors, which result in improved MAEs.

MAEs for the NI ocean cyclone data also turn out to be small for all combinations

of T1 and T2, see Table 5.2. To the best of the authors’ knowledge, it is the first such

result for the Indian ocean, where the LSTM network is used to predict GridID. The

model performs well for the recent cyclones Vayu and Fani. The actual and predicted

grid locations for Vayu and Fani are shown in Figure 5.6.
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5.4 Conclusion

We proposed an LSTM based RNN model that predicts track of a tropical cyclone

using GridIDs. The proposed model is able to capture the complex nonlinear behavior

of cyclones and performs pretty well in terms of MAEs outperforming previous grid

prediction results. Unlike the previous works that focus on predicting tracks one time-

step ahead, our work focus on predicting the cyclone trajectory multiple time steps

ahead while maintaining low MAE. Predicting cyclone tracks well in advance helps in

taking preventive measures much earlier to minimize human and property loss.

A possible extension of this work could be to train an RNN that can predict the

actual location parameters, latitude, and longitude, from GridIDs with low conversion

error. One can also experiment with different sizes of grids by changing x value in grid

definition and thereby reducing the error margin. A possible challenge in reducing x

would be to achieve the low MAE of GridIDs’ prediction.
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CHAPTER 6

Conclusion and Future Directions

Disaster Risk Reduction (DPR) is one of the critical components of the 2030 agenda

of Sustainable Development Goals (SDG). DPR is an integral requirement to social

and economic development that has been recognized by various international policy

documents like The Yokohama Strategy and Plan of Action for a Safer World (1994),

Hyogo Framework for Action (2005-2015), Future We Want" (Rio, June 2012), Sendai

Framework for DPR (Sendai, March 2016), and 2030 Agenda for Sustainable Develop-

ment (New York, September 2015). As discussed in Section 1.1, floods and storms are

among the most devastating natural disasters in terms of their count, the number of af-

fected people, and economic loss. TCs are the primary reason behind storms and floods

in tropical and subtropical coastal regions. TCs bring various hazards in the form of

flooding, storm surge, thunderstorms, lightening, and tornadoes. As per a report in the

last 50 years, around 1942 disasters happened due to TCs that killed about 7,79,324 peo-

ple and caused a financial loss of US$1407.6 billion1. Equivalently, the disasters due to

TCs cause, on average, 43 deaths and US$78 million economic loss daily. Moreover,

natural disasters affect the lower-middle group income countries the most, where it ac-

counts for around 1.77% of their GDP, which is way higher than the IMF’s threshold

of 0.5% for a major economic disaster. All this make the efforts towards mitigating the

disaster caused by tropical cyclones central to sustainable and inclusive development.

An obvious way to mitigate and reduce the adverse effects of TCs is to have models

that can forecast various development phases of TCs with high accuracy. Deep learning

models have been successfully deployed to predict different weather-related phenom-

ena, including TCs. Motivated with this, in this research work, we have developed

various deep learning models using reanalysis and IBSTrACS data to forecast various

essential phases of a TC. If we look at the different phases of a tropical cyclone, the

first significant problem is to detect its formation well in advance. Therefore, our first

proposed model forecasts the cyclone formation with a lead time of up to 60 hours. If
1https://public.wmo.int/en/our-mandate/focus-areas/

natural-hazards-and-disaster-risk-reduction/tropical-cyclones

https://public.wmo.int/en/our-mandate/focus-areas/natural-hazards-and-disaster-risk-reduction/tropical-cyclones
https://public.wmo.int/en/our-mandate/focus-areas/natural-hazards-and-disaster-risk-reduction/tropical-cyclones


a cyclone dies over the sea, then one need not worry, and it can be simply ignored. The

next most critical and important phase of a cyclone is its landfall, which is the event

when it hits the coastline and moves over to land. Therefore next, we propose a deep

learning model that solves the classification problem of whether a cyclone will make

landfall or not. The location, intensity, and time of landfall of a cyclone determine the

extent of disaster caused by it. An early information about whether a cyclone will make

landfall or not, and if it is going to make landfall; where, at what speed and at what time

will help the administration in mitigating the adverse effects of disaster. Therefore,

next, we proposed a model that forecasts the intensity, location, and time of landfall of

a cyclone from the early phase of its development.

The existing literature models (including numerical, statistical, and deep learning)

focus primarily on forecasting cyclone formation, its intensity, and track with a specific

lead time. As per our knowledge, there is no existing work in the literature that forecasts

the landfall event and its characteristics (in the form of intensity, location, and time).

The key contributions of this desertion are as follows:

• In Chapter 2, a deep learning model based on LSTM and CNN has been proposed

that predicts the cyclone formation at lead times of 24 hours to 60 hours in six

ocean basins NI, SI, NA, WP, EP, and SP of the world. Five atmospheric variables

at three pressure levels from the reanalysis dataset ERA5 are identified as input

to the model. An algorithm has been proposed to generate non-TC samples. The

model achieves a 5-fold cross-validation accuracy in the range of 91.7%−97.7%,

96.4%− 99.3%, 95.4%− 99.1%, and 86.9.7%− 92.9% at lead times of 24h, 36h,

48h, and 60h respectively using only 12h of data. The model can be trained within

05 to 15 minutes depending on the ocean basin and can make predictions within

seconds, making it deployable for practical purposes.

• In Chapter 3, we try to answer the fundamental question of whether a TC will

make landfall or not. The proposed deep learning model can do so with a 5-fold

cross-validation accuracy in the range of 96.4% − 99.2% and 93.0% − 98.7%

using 12h or 24h of data (during initial 72h of cyclones progress) respectively

across all six ocean basins of the world. It takes three atmospheric variables at

three pressure levels from the ERA5 dataset and five variables from the IBTrACS
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dataset. The model takes 05 to 20 minutes of training time depending on the ocean

basin and can predict within seconds, making it practical for real-life usage.

• In Chapter 4, we proposed two deep learning models that can forecast the land-

fall’s characteristics (its intensity, location, and time) from the very initiation of a

cyclone. The first model predicts landfall’s characteristics in the NI ocean basin

using BTD from IMD. The second model predicts the landfall’s location and

time for six ocean basins of the world using reanalysis data. The first model

achieves a 5-fold cross-validation MAE of 4.24(±0.40)knots, 4.5(±0.58)h, and

51.7(±1.20)KM for landfall’s intensity, time, and location, respectively, using

any 21h of data during the course of a cyclone. Our model outperforms the land-

fall’s location accuracy reported by IMD on its website.

The second model achieved the 5-fold cross-validation MAE in the range of

66.18(±2.87)KM- 158.92(±12.62)KM and 4.71(±0.54)h-8.20(±2.96)h for lo-

cation and time prediction respectively across all six ocean basins of the world.

The model takes three atmospheric variables (at three pressure levels) and SST as

input. It can be trained within 30-45 minutes and predicts within seconds.

• In Chapter 5, an LSTM based model is proposed for track prediction of a cyclone

in terms of a GridID, which is obtained by applying the grid function on the

ranges of latitudes and longitudes. Recently in (Alemany et al., 2018), a new track

prediction approach is proposed in terms of GridID, in place of directly predicting

latitudes and longitudes. In the comparison of (Alemany et al., 2018) where the

model predicts GridID just one time-step ahead, we proposed a comparatively

better model that predicts GridID several time steps ahead with better accuracy.

The model performance is reported for Atlantic and NI ocean basins.
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Future Directions

The main contribution of this work is to answer the TC’s related three prediction prob-

lems - TC formation, landfall event, and landfall’s characteristics using deep learning

models based on LSTM and CNN. A possible and exciting extension of the work will

be in the following directions:

• One can explore using the reanalysis dataset to answer other TC-related forecast

problems like storm surge, rainfall, continuous tracking of the path, and intensity.

• Reanalysis dataset ERA5 contains an extensive record of various atmospheric and

oceanographic variables. In this study, we have mainly used the wind fields - u

and v, geopotential z, and SST. It will be interesting to explore the usage of other

variables like humidity, temperature, cloud cover, vorticity, and many others in

answering above stated prediction problems.

• As per our knowledge, the proposed deep learning model that predicts landfall

events and its characteristics is the first attempt to answer these forecast problems.

One can explore numerical or statistical methods to target these problems in the

future.

• A promising research direction could be to propose ensemble models for these

prediction tasks by combining numerical or statistical methods with deep learning

techniques.
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