
Linköping Studies in Science and Technology 
Dissertations. No. 1734 

 

 

Department of Computer and Information Science 
Linköping University 

SE-581 83 Linköping, Sweden 

Linköping 2016 

An Informed System Development 
Approach to Tropical Cyclone Track and 

Intensity Forecasting 

by 

Chandan Roy 

  



ii 

 

Cover image: Hurricane Isabel (2003), NASA, image in public domain. 

Copyright © 2016 Chandan Roy 

ISBN: 978-91-7685-854-7 
ISSN 0345-7524 

Printed by LiU Tryck, Linköping 2015 

URL: http://urn.kb.se/resolve?urn=urn:nbn:se:liu:diva-123198 



 

iii 

Abstract 

Introduction: Tropical Cyclones (TCs) inflict considerable damage to life and property 
every year. A major problem is that residents often hesitate to follow evacuation orders 
when the early warning messages are perceived as inaccurate or uninformative. The root 
problem is that providing accurate early forecasts can be difficult, especially in countries 
with less economic and technical means. 

Aim: The aim of the thesis is to investigate how cyclone early warning systems can be 
technically improved. This means, first, identifying problems associated with the current 
cyclone early warning systems, and second, investigating if biologically based Artificial 
Neural Networks (ANNs) are feasible to solve some of the identified problems. 

Method: First, for evaluating the efficiency of cyclone early warning systems, Bangladesh 
was selected as study area, where a questionnaire survey and an in-depth interview were 
administered. Second, a review of currently operational TC track forecasting techniques 
was conducted to gain a better understanding of various techniques’ prediction 
performance, data requirements, and computational resource requirements. Third, a 
technique using biologically based ANNs was developed to produce TC track and intensity 
forecasts. Systematic testing was used to find optimal values for simulation parameters, 
such as feature-detector receptive field size, the mixture of unsupervised and supervised 
learning, and learning rate schedule. Five types of 2D data were used for training. The 
networks were tested on two types of novel data, to assess their generalization performance. 

Results: A major problem that is identified in the thesis is that the meteorologists at the 
Bangladesh Meteorological Department are currently not capable of providing accurate TC 
forecasts. This is an important contributing factor to residents’ reluctance to evacuate. To 
address this issue, an ANN-based TC track and intensity forecasting technique was 
developed that can produce early and accurate forecasts, uses freely available satellite 
images, and does not require extensive computational resources to run. Bidirectional 
connections, combined supervised and unsupervised learning, and a deep hierarchical 
structure assists the parallel extraction of useful features from five types of 2D data. The 
trained networks were tested on two types of novel data: First, tests were performed with 
novel data covering the end of the lifecycle of trained cyclones; for these test data, the 
forecasts produced by the networks were correct in 91-100% of the cases. Second, the 
networks were tested with data of a novel TC; in this case, the networks performed with 
between 30% and 45% accuracy (for intensity forecasts). 

Conclusions: The ANN technique developed in this thesis could, with further extensions 
and up-scaling, using additional types of input images of a greater number of TCs, improve 
the efficiency of cyclone early warning systems in countries with less economic and 
technical means. The thesis work also creates opportunities for further research, where 
biologically based ANNs can be employed for general-purpose weather forecasting, as well 
as for forecasting other severe weather phenomena, such as thunderstorms.  
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Populärvetenskaplig sammanfattning 

Ett stort problem i cyklondrabbade områden är att människor ofta tvekar efter en första 
cyklonvarning mellan att utföra rekommenderat skyddsarbete hemmavid och försöka ta sig 
till ett skyddsrum, eller att fortsätta arbeta och stanna på plats och bevaka sitt hus mot 
inbrott. Problemet är att sedan, när cyklonen är nära, kan det vara för farligt att ge sig ut på 
vägarna. Ett delarbete i avhandlingen visar på att ett viktigt steg i att motivera människor att 
evakuera är att kunna erbjuda tillförlitliga tidiga cyklonvarningar. 

Många länder som är sårbara för cykloner, såsom Bangladesh, saknar de ekonomiska 
resurser och den informationsinfrastruktur som krävs för att köra avancerade numeriska 
väderprognosmodeller, och har därför svårt att tillhandahålla tillförlitliga tidiga 
cyklonvarningar. I avhandlingen utvecklas en ny teknik för att förutse hur en cyklon 
kommer att röra sig och hur dess intensitet kommer att utvecklas. 

Tekniken använder sig av biologiskt baserade artificiella neurala nätverk för att bearbeta 
data som ligger i ett rutmönster av geografiska punkter. Tekniken kan producera tidiga och 
tillförlitliga cyklonspår- och intensitetsprognoser, samtidigt som den använder fritt 
tillgängliga satellitdata och inte kräver superdatorer för att köras. En central egenskap hos 
tekniken är att den tar hänsyn till den rumsliga strukturen hos mätdata, som ger viktiga 
ledtrådar till spår och intensitetsförändringar hos cykloner. 

Tekniken baseras på djupa neurala nät, där ett antal dubbelriktat kopplade lager av noder 
ligger i en hierarkisk struktur som är specifikt utformad för att hantera data med rumslig 
struktur. Tekniken kombinerar oövervakad och övervakad inlärning på varje 
beräkningsnivå. För att optimera prestanda har värden för centrala parametrar, såsom 
storleken på receptiva fält, och förhållandet mellan oövervakat och övervakat inlärning, 
systematiskt testats. Dessutom har en detaljerad analys gjorts av de interna representationer 
som utvecklas i dessa nät under träning, och dessa ger vägvisning om vilka faktorer i 
mätdata som är avgörande för en tillförlitlig cyklonprognos. 

Den teknik och de resultat som presenteras i avhandlingen kommer att kunna förbättra 
effektiviteten i cyklonvarnings- och krishanteringssystem i länder som Bangladesh. 
Resultaten skapar också möjligheter för vidare forskning, där biologiskt baserade artificiella 
neurala nätverk kan användas för allmänna väderleksprognoser, samt för prognoser av svåra 
väderfenomen, såsom stormar och åskoväder.  
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  Chapter 1
 
Introduction 

Since the dawn of our existence, different types of disasters have adversely affected us. In 
response, individuals and societies have taken measures both to reduce their exposure to 
such disasters and to mitigate their consequences. These measures include the development 
of techniques for disaster risk assessment and for forecasting disasters before actual impact. 
Actions are usually also taken to assess the incurred losses, and to perform post disaster 
response and recovery activities. All these efforts have the same overarching goal: disaster 
management. As disasters often exhibit a recurring pattern, it is possible to forecast them 
and reduce their effects, even though the disasters cannot be prevented from happening 
(Haddow, Bullock, & Coppola, 2008). 

Among all natural disasters, hydro-meteorological disasters have been the most frequent, 
have affected the greatest number of people, and have caused the highest amount of 
economic losses globally during the last century (CRED, 2013). Tropical Cyclones1 (TCs) 
are the most common and the most destructive among all hydro-meteorological disasters 
(CRED, 2013; Sahni & Ariyabandu, 2004). TCs are characterized by that they (Chan & 
Kepert, 2010): 

1. Form over tropical waters, but hit coastal regions 

2. Usually occur during the periods of seasonal transitions 

3. Are governed by a complex interaction between thermo-dynamic and hydro-
dynamic processes, and 

4. Can cause severe destruction in a large area through strong up-shore wind and 
flooding. 

These unique characteristics have made accurate TC track and intensity forecasting an 
important, but complex matter. Considerable efforts have been made to reduce TC track 
and intensity forecasting error during the past decades, with the aim to deliver accurate and 
informative warnings to the disaster management authorities and to residents living in 
coastal areas (Cooper & Falvey, 2010). However, different level of success in TC 
forecasting (NCAR, 2014), and variations in TC-induced losses between countries (CRED, 
2013), reflect that the cyclone early warning systems—regarded as a social-technical 
system—practiced in different countries are not always efficient. 

A cyclone early warning system consists of two main processes (Parker, 1999; Takeuchi, 
2008). First, the technical process, where the data used for TC forecasting are collected, 
                                                 
1 Also called hurricanes or typhoons.  
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TCs are forecasted on the basis of the collected data, and warning messages are formulated 
and disseminated on the basis of the produced forecasts. Second, the residents’ response 
process, where warning messages are received, interpreted, and acted on by the residents 
living in cyclone-prone coastal areas. In this respect, the technical process and the social 
processes are interconnected and are equally important for improved cyclone emergency 
management (Drabek, 1999; Parker, 1999; Quarantelli, 1990; WMO, 1989). 

Considering its importance in cyclone disaster management, researchers have placed 
more and more emphasis on identifying issues that can influence the effectiveness of 
cyclone early warning systems (I. Davis, Sanderson, Parker, Stack, & Lee, 1998; Drabek & 
Hoetmer, 1991; C. E. Haque, 1997; C. E. Haque & Blair, 1992). These research efforts 
have contributed to the identification of factors that seem to influence residents’ evacuation 
behavior in cyclone-prone areas. These include: 

Factors associated with the warning message itself. For example, the disseminated 
warning messages could be (perceived as) unreliable, the warning message could be 
incomplete, with no clear guideline for evacuation given (Dash & Gladwin, 2007; 
Gladwin, Lazo, Morrow, Peacock, & Willoughby, 2007; U. Haque et al., 2012; B. K. 
Paul & Dutt, 2010). 

The cyclone risk level of an area. Whether the residents are aware of the risk of 
living in a particular area (Baker, 1991; FEMA (Federal Emergency Management 
Agency), 2010; Sahni & Ariyabandu, 2004). 

Factors associated with infrastructure. For example, the location and the condition 
of houses, the availability and condition of cyclone shelters, and the availability of road 
and other transportation facility (Asgary & Halim, 2011; C. E. Haque & Blair, 1992). 

Underlying causes of vulnerability to TCs, such as lack of access to resources (or 
lack of capacity to use resources to secure livelihood), lack of education and training, 
and fragmentation in the community (Alam & Collins, 2010; Asgary & Halim, 2011; 
Letson, Mileti, & Lazo, 2007; Phillips & Morrow, 2007). 

Though various studies have identified the technical and the residents’ response processes 
to be important in determining the effectiveness of a cyclone early warning system (Brady, 
2005; Letson et al., 2007; Phillips & Morrow, 2007), the two processes have not been 
considered together in the same study when evaluating early warning systems. 

1.1 Problem description 
The current cyclone early warning system in Bangladesh seems ineffective, as it often fails 
to elicit the expected response to evacuation orders from the residents living in the affected 
coastal areas (Mallick, Witte, Sarkar, Mahboob, & Vogt, 2009; B. K. Paul, 2012; B. K. Paul 
& Dutt, 2010). Though the contributions of inaccurate and uninformative warnings to non-
evacuation have already been identified in previous research (U. Haque et al., 2012; B. K. 
Paul, 2012; B. K. Paul & Dutt, 2010; B. K. Paul, Rashid, Islam, & Hunt, 2010), the reasons 
for the dissemination of inaccurate and uninformative warnings by the Bangladesh 
Meteorological Department (BMD) have remained unidentified. 

It is important for residents that the warnings they receive are reliable in order for them 
to take necessary action well before a TC hits the coast. As the residents do not perceive the 
warnings as trustworthy (Chowdhury, 2002; Miyan, 2006; B. K. Paul & Dutt, 2010), very 
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often they seem unwilling to make an evacuation at an early stage. The residents also 
consider saving their property and avoiding unnecessary preparatory work more important 
than making an evacuation at an early, unreliable stage. As the TC approaches the coast 
gradually, it becomes increasingly easier for meteorologists to provide accurate information 
about the TC’s intensity and location of landfall in the warning messages (SWC (Storm 
warning Center), 2007, 2013). However, at this later stage, as the TC is about to cross the 
coastline, there is often not sufficient time to make an evacuation. This situation 
particularly highlights the need for reliable early forecasts. 

TC forecasting centers around the world deploy multiple forecasting techniques, ranging 
from climatology and persistence to dynamical-numerical modeling, to produce forecasts 
for TC track and intensity (DeMaria, 2009; NCAR, 2014; NOAA, 2012). Advancements in 
numerical atmospheric modeling at global and regional scales and progress in satellite 
technologies have contributed to a gradual improvement in TC motion forecasting accuracy 
during the past two decades (Evans & Falvey, 2012; Franklin, 2010; Rogers et al., 2006). 
However, TC intensity forecasting accuracy has not been much improved during the same 
time period, mainly due to:  

1. Poor understanding of the physical processes governing TC intensity (Rogers et al., 
2006) 

2. Deficiency of observational data from the TC vortex2 (Bender & Ginis, 2000; 
DeMaria, Knaff, & Sampson, 2007), and 

3. Insufficient model resolution (Bender & Ginis, 2000; Demaria & Kaplan, 1994; 
Emanuel, DesAutels, Holloway, & Korty, 2004).  

This disparate prediction performance for TC track and intensity implies that TC intensity 
prediction is difficult compared to track prediction. Even with multiple forecasting 
techniques in operation, TC forecasting centers are still struggling to handle this difficulty. 
Considering the operational forecasting techniques’ limitations in TC intensity forecasting 
(Aberson et al., 2010; DeMaria et al., 2007; Rogers et al., 2006), as well as the 
inefficiencies of the current cyclone early warning system in Bangladesh (Akhand, 2003; U. 
Haque et al., 2012), new techniques, equally effective in TC track and intensity forecasting 
need to be explored. 

This research employs an informed system development approach to identify problems 
of the current cyclone early warning system in Bangladesh and tries to solve some of the 
identified problems by considering the possibility of using biologically based ANNs for 
producing accurate TC track and intensity forecasts. The developed TC track and intensity 
forecasting technique is also expected to satisfy a number of criteria, which could render 
the technique a future effective, low-cost alternative to the currently operational forecasting 
technique. The new technique should: (a) use freely available satellite-recorded data as 
inputs (predictors), (b) not require extensive computational resources to run, (c) be capable 
of producing high-accuracy long-term forecasts in the future, and (d) be easily deployed 
and produce forecasts quickly. 

                                                 
2 A TC vortex is an area of rotating wind surrounding a low-pressure center, which usually extends 

high up in the atmosphere. The rotational direction is counterclockwise in the northern 
hemisphere and clockwise in the southern hemisphere. 
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1.2 Research objective 
The objective of the work presented in this thesis is to contribute to improved cyclone early 
warning systems in countries with less economic and technical means. The questions 
(research problems) that this thesis addresses to meet the objective are: 

1. Understanding the problems associated with the current cyclone early warning 
system in Bangladesh. 

2. Address technical challenges revealed in the previous question, and investigate if 
biologically based ANNs are feasible for producing accurate TC track and intensity 
forecasts. 

1.3 Studies conducted in this research 
In order to address the above research questions, five interrelated studies were conducted 
and published as research articles: 

1. First study: Evaluation of the efficiency of a cyclone early warning system. The 
primary goal of this study was to elicit the views both of the meteorologists at the 
Bangladesh Meteorological Department (BMD) and of the residents in the coastal 
areas of Bangladesh on the current cyclone early warning system in Bangladesh. 
Research article published on the basis of the findings of this study:  

• Roy, C., Sarkar, S. K., Åberg, J., & Kovordanyi, R. (2015). The current cyclone 
early warning system in Bangladesh: Providers’ and receivers’ views. 
International Journal of Disaster Risk Reduction, 12, 285–299. 
http://doi.org/10.1016/j.ijdrr.2015.02.004 

2. Second study: Review of tropical cyclone track forecasting techniques. The aim of 
this study has been to get a detailed overview of the TC track forecasting techniques 
that are/were in use at various TC forecasting centers around the world. Outcomes 
of the second study were published as research articles: 

• Roy, C., & Kovordányi, R. (2012). Tropical cyclone track forecasting 
techniques―A review. Atmospheric Research, 104–105, 40–69. 
http://doi.org/10.1016/j.atmosres.2011.09.012 

• Roy, C., & Kovordányi, R. (2015). Tropical Cyclone Track Forecasting. In 
Encyclopedia of Natural Hazards. Taylor & Francis Group. 

3. Third study: Systematic evaluation of the influence of receptive field size on local 
feature extraction. The focus of this study has been to explain the role of Receptive 
Field (RF) size in the extraction and recognition of meaningful features from the 2D 
images. Research article published on the basis of the outcomes of this study: 

• Kovordányi, R., Roy, C., & Saifullah, M. (2009). Local Feature Extraction—
What Receptive Field Size Should Be Used? In Proceedings of International 
Conference on Image Processing, Computer Vision and Pattern Recognition. 
13-16 July, Las Vegas, NV. 

4. Fourth study: Systematic evaluation of the effect of Hebbian learning on 
generalization. The main purpose of this study was to understand, how Hebbian 
(unsupervised) learning can be combined with supervised learning to enhance 
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generalization performance of a biologically based ANN. Findings of this study 
were published as research article: 

• Saifullah, M., Kovordanyi, R., & Roy, C. (2010). Bidirectional Hierarchical 
Neural Networks: Hebbian Learning Improves Generalization. In Proceedings 
of the Fifth International Conference on Computer Vision Theory and 
Applications (Vol. 1, pp. 105–111). 17-21 May, Angers, France. 

5. Fifth study: TC intensity as well as combined track and intensity forecasting using 
biologically based ANNs. The main objective of this study has been to develop a 
TC track and intensity forecasting technique using biologically based hierarchical 
ANNs, where multi-instrument infrared, sea-level pressure, ocean heat content, 
wind direction, and wind speed images are used for training and testing. Results 
produced by the TC intensity-forecasting network are provided in research article: 

• Roy, C. and Kovordanyi, R. (manuscript) A biologically based machine learning 
approach to tropical cyclone intensity forecasting. 

1.4 Contributions 
The contributions of the research can be summarized under the following two headings: 

1. Scientific contributions: 

a) Identifies the reasons for the dissemination of inaccurate and uninformative 
warnings by BMD. 

b) Offers an efficient ANN technique for producing good accuracy TC track and 
intensity forecasts. 

c) Creates opportunities for further research, where biologically based machine 
learning can be employed for general-purpose weather forecasting as well as for 
forecasting other severe weather phenomenon, such as thunderstorms. 

2. Other contributions: 

a) Provides a detailed overview of the current cyclone early warning system in 
Bangladesh, which can guide emergency management authorities to formulate 
better plans for managing cyclone emergencies. The findings of this research are 
expected to be relevant for improving cyclone early warning systems in other 
cyclone-prone countries, where socio-economic conditions and technical 
settings at the weather forecasting centers are similar to Bangladesh. 

b) Analysis of activation patterns in the network could elicit, which factors are 
more important for an accurate forecast of TC track and intensity development. 

1.5 Organization of the thesis 
The chapters of this thesis are organized in the following way:  

Chapter 1 describes the thematic context of the study, the problems to be addressed, the 
research objectives, and the contributions of the research. 

Chapter 2 is devoted to reviewing the literature, which is related to this research. This 
chapter describes the processes involved in TC forecasting and warning, and looks at the 
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cyclone early warning system in Bangladesh. The TC track and intensity forecasting 
technique developed in this thesis use multiple-satellite-recorded images as predictors and 
biologically based ANNs as forecasting tool. Therefore, the reasons for using ANNs for TC 
track and intensity forecasting, and a description of biologically based ANNs are also 
provided in this chapter. 

Chapter 3 describes the methodological issues of this research. The scientific methodology 
followed in this research, the technological paradigm of this research are the key issues 
described in this chapter.  

Chapter 4 describes the method used for conducting the studies in this research. The 
process of data collection from the providers (meteorologists at BMD) and the receivers 
(residents in the coastal areas of Bangladesh) of warning message, the approach followed to 
construct valid networks for TC forecasting, the data used for TC track and intensity 
forecasting, the architecture of the networks used for forecasting, information processing in 
the network, training and testing procedures, and a method for describing developed 
activation patterns in ANN are provided in this chapter. 

Chapter 5 presents the results of the surveys among the providers and receivers of early 
warning, as well as the TC track and intensity forecasting performance produced by the 
networks. 

The results are discussed in chapter 6. This chapter also contains a detailed description of 
how TC track and intensity forecasting performance can be improved and how combined 
track and intensity forecasts can be produced using the developed technique. 

Chapter 7 consists of the conclusions and a brief description of future work. 

Chapter 8 presents the list of references cited in this thesis. 

The six articles accompanying this thesis are provided in chapter 9. 
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  Chapter 2
 
Background 

Hydro-meteorological disasters are unique among all natural disasters with their huge 
destruction capacity and frequent occurrence (Figure 2-1). These characteristics also bring 
forth the necessity of developing effective management measures so that inflicted loss can 
be minimized. For effective management of hydro-meteorological disasters, issues that 
should be given extra care include (Sahni & Ariyabandu, 2004; Takeuchi, 2008): 

1. The rapid growth of human population, the ever-increasing human activities in 
disaster prone areas, poverty, and poor governance are among the major causes of 
growing vulnerability to hydro-meteorological disasters. Warming of the global 
environment is working here more as a strong accelerator and facilitator than a 
direct or indirect cause. 

2. Mitigation and adaptation to hydro-meteorological disasters should be accomplished 
under a common governing principle. Drastic improvement in mitigation and 
adaptation is only possible through combined technological innovation and human 
adjustment to disasters. 

3. Advanced technologies for observing, analyzing, and forecasting natural hazards 
play an increasingly important role in disaster management. However, it is 
important to keep in mind that science can reduce the effects of disaster only if it is 
properly incorporated into overarching societal countermeasures, taking into 
account human activities and basic vulnerability. 

 
Figure 2-1. Frequency of natural disasters by origin during the last century. Created 

based on the natural disaster frequency database prepared by CRED (2013). 



20 

Impact mitigation, adaptation, societal vulnerability reduction, and precise forecasting are 
the key to reduce losses created by hydro-meteorological disasters (Sahni & Ariyabandu, 
2004). Basically, these are the activities that are performed in the four-phase disaster 
management approach, which was first proposed by Whittaker (Whittaker, 1979). This 
four-phase management approach (mitigation → preparedness → response → recovery) is 
generic to all disasters, also for TCs. As place, time of occurrence, extent, governing 
factors, and destructive power can vary between disasters, activities performed under the 
generic four-phase approach needs to be adjusted to address various issues associated with 
a particular disaster and to handle the created emergencies in a better way (Coppola, 2006; 
Sahni & Ariyabandu, 2004). 

For TCs, though the activities performed under each of the four phases are important, 
effective early warning plays a crucial role in the whole TC emergency management 
process (Sahni & Ariyabandu, 2004; Zschau & Küppers, 2003). Which part of the 
population should be warned and which areas should be evacuated can best be determined 
on the basis of accurate forecasting of TCs. The damages caused by TCs can be effectively 
reduced if accurate and informative warnings can be delivered in time to the emergency 
management authorities and to the residents in the probable affected areas (Islam, Ullah, & 
Paul, 2004; B. K. Paul, 2009, 2012; B. K. Paul & Dutt, 2010; Sahni & Ariyabandu, 2004).  

 
Figure 2-2. a. Illustrates human casualty and b. illustrates property damage caused by TCs 

during the period 1900 to 2011. Continuous line illustrates the observed statistics and dotted 
line illustrates the trends. Created based on TC damage database prepared by CRED (2013). 
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As residents’ reaction to a warning message is largely governed by their trust in the 
disseminated warning, the information contained in the warning message needs to be 
precise (Anderson-Berry, 2003; Thomalla & Schmuck, 2004). Imprecise forecasting of TC 
track and intensity seems to be one of the key reasons that property damage and human 
casualties have remained beyond control despite of adopting various protective and 
preparedness measures by countries affected by TCs (ADRC (Asian Disaster Reduction 
Center), 2005; Sahni & Dhameja, 2004; Zschau & Küppers, 2003). According to the 
statistics prepared by the Centre for Research on the Epidemiology of Disasters (CRED), 
property damages as well as human casualties created by the TCs could not been reduced 
during the last century (Figure 2-2); instead they have increased gradually during that 
period of time. 

2.1 TCs in the Bay of Bengal 
The Bay of Bengal (BoB) is an ideal breeding ground for TCs. Countries around the BoB, 
such as Bangladesh, India, and Myanmar are mainly affected by TCs that form over the 
southern part of the BoB. Formation of TCs over the BoB is often associated with seasonal 
transitions. The south-Asian monsoon advances or retreats with northward or southward 
shifts of the inter-tropical convergence zone. During the periods of seasonal transitions 
(mid-March to May and mid-September to mid-December) high instability in the 
atmosphere near the equatorial region of the BoB contributes to the development of low-
pressure zones that later intensify into TCs upon the availability of favorable conditions 
(Debsarma, 2001). 

The initial formation of low-pressure zones and the development of these low-pressure 
zones into TCs are affected by several factors. Among these factors, the more influential 
ones include (Chan & Kepert, 2010; Gray, 1968): (a) heat accumulated in the ocean waters, 
(b) sea surface temperature, (c) moisture content of the mid-tropospheric level, (d) vertical 

 
Figure 2-3. Monthly distribution of TC formation over the Bay of Bengal 
during the period 1940 to 2009. Created based on TC records archived by 

the Bangladesh Meteorological Department (BMD, 2010). 
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wind shear, (e) pre-existing atmospheric disturbances, and (f) the Coriolis force. The 
absence of some of these meteorological and oceanic factors render January, February, and 
March the least TC-prone months (BMD (Bangladesh Meteorological Department), 2010) 
in the BoB (Figure 2-3). TC formation frequency starts to increase after March and it 
reaches its peak in the month of October (Figure 2-3). 

2.2 Factors governing TC track and intensity development 
During the past few decades, considerable research effort has been devoted to 
understanding the processes responsible for TC motion and intensity change (Chan & 
Kepert, 2010; Sampson, Jeffries, & Neumann, 1995; Sampson, Jeffries, Neumann, & Chu, 
1995). While the factors governing TC motion work at synoptic (large) scale, and are 
relatively obvious and not overly complex (Bin, Elsberry, Yuqing, & Liguang, 1999; 
Sampson, Jeffries, & Neumann, 1995), the factors responsible for TC intensity change 
operate on multiple scales and are often difficult to observe. As a result, exactly which 
physical processes govern TC intensity and how they contribute to TC intensity change are 
not well-understood still today (Aberson et al., 2010; Rogers et al., 2006). 

The factors governing TC motion include: 

1. Large-scale environmental circulation is the most important factors that determines 
TC motion (Chan & Kepert, 2010; Neumann, 1992). 

2. In situation when the influence of environmental circulation on a TC is small, the 
beta effect (the variation of the Coriolis force with latitude) plays the main role in 
the determination of TC track (Chan, 1982; Holland, 1983). 

3. Binary vortex interaction, or the Fujiwhara effect, is observed when more than one 
TC is formed in the same basin, close to each other (around 1000 km away from 
each other) (Fujiwhara, 1923). In such a situation, the two TCs tend to begin mutual 
orbiting in a counterclockwise direction (in the Northern hemisphere) around a point 
between the two TC vortices. This point is determined by the relative mass and 
intensity of the two TCs. When two TCs are following this complicated track, the 
track of the smaller TC is more influenced compared to the bigger TC and 
sometimes these two vortices may also merge to form a bigger vortex (Chan & 
Lam, 1989; Holland & Lander, 1993; Lander, 1995). 

4. Processes like vertical wind shear and diabetic heating differ considerably at various 
pressure levels and have considerable influence on TC motion (Ngan & Chan, 
1995). As vertical structure of a TC vortex is not uniform, influences of beta effect, 
advection, and vertical wind shear are different (Flatau, Schubert, & Stevens, 1994; 
Shapiro, 1992; Wang & Li, 1992; C.-C. Wu & Emanuel, 1993). 

5. Experimental results show that inclusion of the Coriolis force in the x-momentum 
equation due to vertical motion causes a south-westward displacement of a TC with 
a speed of ~1km/h even on a ƒ plane (Chan & Kepert, 2010). This effect on TC 
motion is commonly known as gamma effect. 

6. Before landfall, as winds within a TC interact with land, moisture supply from the 
warm ocean waters is also reduced. This situation might have considerable influence 
on TC track as well as on TC intensity (Chan & Kepert, 2010; Kuo, Williams, Chen, 
& Chen, 2001). 
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Factors that are currently known to have influences on TC intensity change include: 

1. Oceanic heat is the main source of energy that propels the whole low-pressure 
system over water (Cione & Uhlhorn, 2003; G. Goni et al., 2009; G. J. Goni & 
Trinanes, 2003; Shay, Goni, & Black, 2000). This heat is transferred in the 
atmosphere in the form of moisture and converted into kinetic energy. 

2. Weak vertical wind shear is favorable for TC intensification. As strong vertical 
wind shear takes the heat (transferred from the ocean) out of the TC vortex, it 
inhibits TC intensification (DeMaria, 1996; Wong & Chan, 2004). 

3. Inter-tropical convergence zone stimulates TC intensification through accelerating 
convective heat transfer. 

4. When a TC moves over land, the underlying energy source is cutoff and it decays 
gradually (Merrill, 1987). A TC decays faster when it passes over mountainous 
regions than it does over flat land. Likewise, a TC may re-intensify again when it re-
enters into warm oceans (Brand & Blelloch, 1973; Shoemaker, 1991). 

5. An intense TC with high internal instability has the potential to become stronger 
unless it moves over land, moves over cool water, dry air gets in and/or strong 
vertical shear removes the heat from the TC column. 

6. The eddy flux convergence of relative angular momentum at 200 mbar level has 
significant impact on TC intensification (DeMaria, Kaplan, & Baik, 1993). 

Recent observations in various TC formation basins have identified several additional 
factors that can also cause significant change in TC intensity: 

1. Ocean eddies cause rapid intensification in TCs through enhancing heat transfer 
from the ocean (Powell, Vickery, & Reinhold, 2003; C.-C. Wu, Lee, & Lin, 2007). 

2. In the western North Pacific basin, TCs are more intense and have longer lifespan in 
the El Niño-Southern Oscillation (ENSO) years compared to the La Niña years 
(Camargo & Sobel, 2005). 

3. TC rain bands have interactions with its eye-walls and thus can influence the 
intensity of a fully grown TC (Houze et al., 2006). 

4. TC transition speed (Zeng, Chen, & Wang, 2008) and the Saharan air (Dunion & 
Velden, 2004; Shu & Wu, 2009) also have significant influence in TC intensity 
change in the Atlantic basin. 

2.3 Technical processes involved in TC forecasting and warning 
Three consecutive processes are involved in TC forecasting and warning: (a) data 
collection, (b) TC forecasting, and (c) warning message dissemination (Figure 2-4). These 
processes can be further divided into sub-processes, on the basis of data collection methods, 
geographical characteristics of the affected region, and warning message dissemination 
plans (Zschau & Küppers, 2003). 

The process of TC forecasting starts with manual or automated detection of low-pressure 
systems on the basis of data obtained from multiple sources (Ho & Talukder, 2008; Zou, 
Lin, Xie, Lang, & Cui, 2010). After detection of a low-pressure system over the sea, a 
detailed monitoring process is initiated so that the meteorologists can have access to 
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Figure 2-4. Technical processes involved in TC forecasting and warning. 

maximum possible information about the low-pressure system that could be used to analyze 
its development. A low-pressure system can develop into a TC, and would then finally 
decay in four successive stages (Chan & Kepert, 2010; Debsarma, 1999, 2001): (a) 
formation stage, (b) development stage, (c) mature stage, and (d) decay stage. These four 
stages together constitute the lifecycle of a TC. TC lifecycles are usually 3-5 days long but 
sometimes, depending on the atmospheric and oceanic conditions, TCs may have a life 
cycle of up to 2-3 weeks (Debsarma, 1999). As both track and intensity can change at any 
stage of a TC’s lifecycle, meteorologists continue with monitoring and forecasting relevant 
processes until it decays over water or crosses the coast, and eventually decays over land. 

2.3.1 Data collection 

The availability of necessary data in time is important for producing accurate TC track and 
intensity forecasts. Data used for forecasting TCs are usually collected using ground-, air-, 
and space-borne measurement instruments. Ground-based stations are generally known as 
synoptic weather stations. Observations of standard meteorological parameters like, 
temperature, wind speed, wind direction, air pressure at sea level, and amount of rainfall 
can be obtained from these stations on six–hourly basis. Ground-based radars are used to 
locate clouds and calculate their motion within a certain distance from the radar’s location. 
Another ground-based instrument, vertical wind profiler is capable of providing continuous 
measurements of wind speed and direction at different tropospheric levels. Information 
collected using radar and vertical wind profiler is considered significant for both TC track 
and intensity forecasting. 

Airborne instruments, such as weather balloons, aircrafts, and dropwindsondes provide 
wind speed, wind direction, air temperature, and humidity measurements from various 
atmospheric levels, which are very important for TC forecasting. Though aircrafts can 
provide precise information about the development, intensity change, and track of a TC, 
these observations are mainly available in the Atlantic basin (Aberson et al., 2010; Gray, 
Neumann, & Tsui, 1991; Martin & Gray, 1993). 

TCs usually develop and spend most of their lifecycles over the tropical waters; 
therefore, meteorological information recorded using the available ground-based 
measurement stations seem not sufficient for precise forecasting of TC tracks and intensity. 
Before the 1960s, when there were no satellites for observing weather conditions from the 
space, meteorologists had to rely exclusively on ground-based and upper-air observations 
for monitoring and forecasting of TCs. 
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Since 1960, when the first weather satellite TIROS-1 was lunched, the satellite-derived 
information of the atmosphere started to play a more and more important role in TC 
monitoring and forecasting (Saltzman, 1985). The ability to record images over the ocean, 
good spatial coverage and the frequent availability of new images have rendered satellite–
derived information as one of the most useful predictors for TC track and intensity 
forecasting (Bedka, Velden, Petersen, Feltz, & Mecikalski, 2009; Deb, Kishtawal, & Pal, 
2009; Mueller, DeMaria, Knaff, Kossin, & Vonder Haar, 2006; Sears & Velden, 2012; 
Zhang, Li, Weng, Wu, & Xu, 2007; Zhang, Xiao, & Fitzpatrick, 2007) as well as for 
monitoring other natural disasters, such as tsunamis that create flooding in the coastal areas 
(Lin, Zhu, & Sookhanaphibarn, 2012a, 2012b). 

The data used for TC track and intensity forecasting are recorded by both polar orbiting 
(that circle the Earth in an almost north-south orbit, passing close to both poles by 
maintaining an altitude ~700 km) and geostationary satellites (circles the Earth in a 
geosynchronous orbit by maintaining an altitude ~36,000 km). Geostationary 
meteorological satellites are capable of capturing images of a fixed portion of the earth on a 
more frequent basis (every few minutes) compared to the polar orbiting satellites; therefore, 
TCs can be monitored properly throughout their lifecycles using geostationary-satellite-
recorded images. Polar orbiting satellites in contrast, orbit the earth continuously and 
provide a wider variety of atmospheric data and cloud images compared to geostationary 
satellites but on a less frequent basis (Halliwell, Shay, Jacob, Smedstad, & Uhlhorn, 2008; 
Kidder et al., 2000; Reynolds, Rayner, Smith, Stokes, & Wang, 2002; C. Velden et al., 
2005). 

2.3.2 TC track forecasting 

After formation, TCs usually travel hundreds of kilometers over the tropical waters before 
making a landfall or decaying over the sea. The course that a TC maintains throughout its 
lifespan is known as its track. A wide range of external and internal forces can influence the 
track of a TC at any stage of its lifecycle (see section 2.2). Among the external factors 
influencing TC track, the large-scale environmental currents and the boundary layer 
conditions, such as air-surface friction and air fluxes that arise near the ocean surface are 
most significant (Jeffries & Miller, 1993; Neumann, 1992; Sampson, Jeffries, & Neumann, 
1995). Factors associated with a TC itself constitute the internal factors and these factors 
include irregularities in the convection process, the beta effect (variation of the Coriolis 
force with latitude), wind and heat circulations within the TC vortex, intensity, and 
instability of the outflow layer (Bin et al., 1999; Sampson, Jeffries, & Neumann, 1995). 

Track forecasting techniques use statistical or mathematical equations to relate changes 
in the current TC’s motion characteristics with: (a) changes in the factors governing TC 
motion, and/or (b) recent-past motion characteristics of the current TC, and/or (c) motion 
characteristics of historical TCs in the same basin (Aberson, 1998; Jeffries, Sampson, Carr 
III, & Chu, 1993; Rhome, 2007; Roy & Kovordányi, 2012, 2015; Sampson, Jeffries, & 
Neumann, 1995). As the vortex of a TC usually extends high in the atmosphere; therefore, 
information collected from various vertically arranged pressure levels (steering 
information) are used for track forecasting in addition to the surface-level information 
(Brand, Buenafe, & Hamilton, 1981; Ngan & Chan, 1995; Sampson, Jeffries, & Neumann, 
1995). 
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TC track forecasting techniques differ mainly in terms of: (a) which type of predictors are 
used (Roy & Kovordányi, 2012; Sampson, Jeffries, & Neumann, 1995), and (b) which 
equation systems are used for producing forecasts (Jeffries et al., 1993; McBride & 
Holland, 1987; Roy & Kovordányi, 2012, 2015). On the basis of equation system use, TC 
track forecasting techniques can be divided into three major groups (Rhome, 2007; Roy & 
Kovordányi, 2012): (a) statistical, (b) numerical, and (c) statistical-numerical. Among these 
three groups of techniques, numerical techniques are the most advanced and commonly 
used for forecasting TC tracks. Examples of well-known numerical TC track-forecasting 
techniques include the Met Office (UKMET) model, the European Centre for Medium-
Range Weather Forecasts (ECMWF) Ensemble Prediction System (EPS), the Hurricane 
Weather Research and Forecast (HWRF) model, and the Japanese Meteorological Agency 
(JMA) Ensemble Prediction System (EPS). However, TC track forecasting accuracy of 
various techniques depends on both quality of the predictors, and the equation systems’ 
ability of translating data into track forecasts (Bin et al., 1999; Jeffries et al., 1993; McBride 
& Holland, 1987; Roy & Kovordányi, 2012). 

The Met Office model (UKMET) is a non-hydrostatic global model that works with 70 
vertical levels. Data from the operational forecast centers around the globe, from 
conventional observations, and 6–hour old TC movement characteristics are utilized to 
extract information about the current TC, which are then initialized in the UKMET model. 
The model finally produces wind profiles surrounding the TC at lower tropospheric level. 
This model is run four times a day, twice for producing short-term (<48 h) and twice for 
producing very-long-term (144 h) forecasts. TC track forecasts are produced for all active 
TCs twice a day during the very-long-term model run (Chan & Kepert, 2010). 
Parameterizations and grid configuration of the model as well as schemes that have been 
introduced to this model with a view to enhance the model’s prediction ability (Chan & 
Kepert, 2010) are described in Table 2-1. 

Table 2-1. The Met Office (UKMET) model: parameterization, grid configuration, and 
modification. 

Model properties Description 
Parameterizations • The Edwards-Slingo radiation scheme 

• Convection with CAPE closure 
• Momentum transports and convective anvils,  
• Gravity-wave drag scheme and MOSES (Met Office 

Surface Exchange Scheme) surface hydrology 
• Soil model scheme 

Grid configuration Grid size: this model has a semi-Lagrangian advection 
scheme using 1024 x 769 grid points. 
Grid resolution: the horizontal grid resolution of the 
model is 0.3515625° latitude x 0.234375° longitude 
(about 25 km at mid latitude). 

Important modifications 
since the model became 
operational 

In 1994, TC initialization scheme was introduced. 
In 2004, a 4D-var data assimilation scheme was 
introduced (Rawlins et al., 2007). 
In 2007, a new sea-surface temperature and sea ice 
scheme (OSTIA) was introduced (Stark, Donlon, 
Martin, & McCulloch, 2007). 
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The European Centre for Medium-Range Weather Forecasts (ECMWF) Ensemble 
Prediction System (EPS) functions through a set of diagnostic and prognostic equations. 
The diagnostic equations handle the static relationship between pressure, density, 
temperature, and height. The prognostic equations in contrast, deal with the time evolution 
of the horizontal wind components, surface pressure, temperature and the water vapor 
contents of an air parcel (Persson, 2013). 

ECMWFEPS uses 51 singular-vector-generated perturbed initial conditions to produce 
51 ensemble members (Buizza, Milleer, & Palmer, 1999; Molteni, Buizza, Palmer, & 
Petroliagis, 1996; Richardson, 2000). Model parameterization, grid configuration, and 
modifications for improving prediction accuracy are described in Table 2-2. 

Table 2-2. ECMWFEPS: parameterization, grid configuration, and modifications. 

Model properties Description 
Parameterization 
processes 

Used to include the influences of radiation, gravity 
wave drag, vertical turbulence, convection, clouds and 
surface interaction. 

Grid configuration Horizontal: both grid point and spectral coordinates 
are used to representations the data on the horizontal 
plane (Persson, 2013). The model is run using 32 km 
and 64 km horizontal resolutions to produce forecasts 
for 0-10 days and 10-32 days respectively. 
Vertical: currently the model has 91 vertical levels, 
where spacing between two vertically arranged layers 
is finest near the planetary boundary and coarsest near 
the model top. 

Important modifications 
since the model became 
operational 

In 2002, moist tropical singular vectors were 
introduced, to include the effects of diabatic processes 
in the TC formation basins (Barkmeijer, Buizza, 
Palmer, Puri, & Mahfouf, 2001). 

ECMWFEPS is run twice a day and does not use any specific initialization of tropical 
cyclones. However, research has been carried out to investigate the impact of using 
different kinds of data and of assimilation methods on TC forecasts. For example, Isaksen 
(1997) shows that the ECMWF 4D-Var data assimilation system (Isaksen, 1997) improves 
the analyses of tropical cyclones compared to previous assimilation procedures (Isaksen & 
Janssen, 2004; Isaksen & Stoffelen, 2000). 

The Hurricane Weather Research and Forecast (HWRF) model was developed by 
NCEP with a view to address the problems related to hurricane forecast in the Atlantic and 
the Northeast Pacific basins (Chen, Zhao, Donelan, Price, & Walsh, 2007; C. Davis et al., 
2008; Gopalakrishnan et al., 2011). HWRF became available for operational use in 2007 
and is run four times a day (Tallapragada et al., 2014). Model parameterization, grid 
configuration, and major modifications done to the model are described in Table 2-3. 

Table 2-3. HWRF: parameterization, grid configuration, and modifications. 

Model properties Description 
Parameterization 
processes 

• Microphysics parameterization 
• Cumulus parameterization 
• Surface-layer parameterization 
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Model properties Description 
• Planetary boundary layer parameterization 
• Atmospheric radiation parameterization 

Grid configuration Horizontal: HWRF holds its predictors in a multiple 
movable two-way interactive nested grid system that 
follows the projected path of the storm. The outer grid 
extends over a 75°×75° area and has a resolution of 18 km. 
The intermediate grid has higher resolution (around 6 km), 
and the innermost grid operates at 2 km horizontal 
resolution.  
Vertical: HWRF uses sigma-pressure hybrid coordinates as 
vertical coordinates and currently characterized by 42 
vertical levels. 

Important 
modifications since 
the model became 
operational 

To improve the TC track and intensity forecast, a triple 
nesting of the simulation grid was introduced in 2012.  
To increased horizontal resolution, vortex initialization 
scheme and preprocessing system have been upgraded in 
2015.  

The Japanese Meteorological Agency (JMA) Typhoon Ensemble Prediction System 
(Typhoon EPS) was developed specially for TC forecast. This model is characterized by a 
horizontal resolution of ~55 km and 60 levels in the vertical. A singular-vector approach is 
used to generate 11 initial conditions to produce 11 ensemble members, of which one is 
non-perturbed and the remaining ten are perturbed. The model is run four times a day, when 
TCs form in the responsibility area of the Regional Specialized Meteorology Center 
(RSMC), Tokyo (0◦N–60◦N, 100◦E–180◦E) or TCs formed outside may move into the area 
within the next 24 hours. Typhoon EPS is capable of producing forecasts for the next 5 
days. 

2.3.3 TC Intensity forecasting 

TC intensity is a measure of the maximum sustained wind speed at or near the surface 
surrounding a low-pressure center or the minimum sea-level pressure at the center of the 
TC vortex. Within a TC, the highest wind speed is usually observed near the center (eye) 
(Sampson, Jeffries, Neumann, et al., 1995), which occupies a small area of the whole low-
pressure system. As it is unlikely that a TC passes directly over a measurement instrument 
(ocean buoy or instruments placed on ships), direct pressure and wind speed measurements 
within the TC are difficult to achieve. Therefore, forecasters rely on the data provided by 
vertical wind profilers, radars, and/or satellites for indirect estimation of wind speed and 
pressure within a TC. 

Similarly to track forecasting, persistence, climatology, and steering predictors are used 
for TC intensity forecasting. Statistical and mathematical equations are also used for 
producing TC intensity forecast on the basis of these predictors. However, of the data 
recorded by various instruments, the use of satellite images (both geostationary and polar 
orbiting) is common in TC intensity forecast. Several TC intensity forecasting techniques 
have also been developed on the basis of these satellite-recorded images (Dvorak, 1972, 
1975, 1984, 1995; Gentry, Rodgers, Steranka, & Shenk, 1980; Le Marshall, Leslie, Abbey 



 

29 

 
Figure 2-5. Cyclone intensity forecast technique developed by Dvorak (Dvorak, 

1975, 1984): a. basic steps in TC intensity forecasting, and b. forecasted intensity 
level of TC Mala using Dvorak’s technique. 

Jr, & Qi, 2002; Olander & Velden, 2007; Rodgers, Mack, & Hasler, 1983; C. Velden et al., 
2006). 

The concept of using satellite images for successful estimation and forecasting of TC 
intensity was first introduced by Dvorak (Dvorak, 1972). He used visible and infrared 
channel images to extract specific cloud patterns associated with a TC and then related 
them with deepening or weakening of the TC (Figure 2-5). Several techniques use Dvorak’s 
empirical rules for automatic detection of TC intensity on the basis of satellite images 
(Olander & Velden, 2007; C. S. Velden, Olander, & Zehr, 1998). For example, automated 
TC intensity forecasting techniques developed by Velden and coauthors (1998) and Olander 
and Velden (2007) follow the basic concepts and empirical rules proposed by Dvorak. 
There are also TC intensity forecasting techniques that use satellite images as the only 
predictor, but these techniques do not use Dvorak’s empirical rules (Bankert & Tag, 2002; 
Gentry et al., 1980). Examples of these techniques include satellite-measured equivalent 
blackbody temperature developed by Gentry and coauthors (1980), and an automated 
intensity estimation technique developed by Bankert and Tag (2002). 

2.3.4 Warning message formulation and dissemination 

Warning message formulation and dissemination is the last technical process of a TC early 
warning system. Informative and understandable warning message is important for eliciting 
expected response to evacuation orders from the residents living in the coastal areas. Which 
part of the population should be warned, and the residents from which areas should be 
evacuated can best be determined on the basis of accurate forecasting of TCs. The damages 
caused by TCs can be reduced considerably, if accurate and informative warnings are 
delivered to emergency management authorities and to the residents in the probable 
affected areas in time (Islam et al., 2004; B. K. Paul, 2009, 2012; B. K. Paul & Dutt, 2010; 
Sahni & Ariyabandu, 2004). 
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A warning message is a mechanism by which threats imposed by an approaching disaster is 
transferred from the warning message providers to the warning message receivers (Sahni & 
Dhameja, 2004; Zschau & Küppers, 2003). In cyclone emergencies, effectiveness of a 
warning message is very important. Formulation of the warning message should be done in 
a way, which is expected to enable the recipients to act as quickly as possible, take 
appropriate actions, and to be maximally prepared under the given circumstances (I. Davis 
et al., 1998; Parker, 1999). This means, wording of the warning message is critical for 
achieving expected response from the residents (Parker, 1999). To be effective, a warning 
message should contain a number of components (Brady, 2005; Drabek, 1999; Gladwin et 
al., 2007; Zschau & Küppers, 2003): 

1. The message should be simple so that anybody can understand it easily. 

2. The expected consequences of the imminent cyclone attack and the actions required 
to successfully handle the forecasted situation should be stated explicitly. 

3. Events related to the cyclone, like surge levels, should be given special attention. 

4. The most important information should be placed in the beginning of a message. 

5. Location references should be made in relation to well-known places. 

6. An easily understandable language should be used (e.g., for specifying time, it is 
better to use a.m. and p.m. instead of a 24-hour clock). 

7. A statement of recommendations on possible preparative actions should be 
included. 

After formulation, the warning message is sent to the emergency management 
authorities and is disseminated through different media so that the residents in the 
threatened areas can receive it. A reliable dissemination system is another vital component 
in the warning process (Parker, 1999). To achieve improvements in early warning, the local 
and the national communication channels must be capable of providing rapid, reliable, and 
consistent means for disseminating warnings to the threatened communities. These 
channels could be general like radio, television, news bulletins, and newspapers, or specific 
like, telephone calls, short message service, emails, fax, and megaphone announcements. 
The choice of channels depends primarily on the availability of different options but is also 
determined by the warning lead time, the rate at which a TC is changing its track, intensity 
etc., and whether there is a need for specific or more general means for dissemination (I. 
Davis et al., 1998; Joseph, 1994). 

2.4 Community response to warning 
In disaster management terminology, the human action upon receiving a warning is called a 
response. An important point is that even if a TC is forecasted and warning messages are 
delivered to the threatened communities well before the TC makes a landfall, people living 
in the threatened communities may not respond to the disseminated warning messages as 
expected. This highlights that the success of an early warning system depends critically on 
the community’s response to warnings. In practice, recipients of the warning messages do 
not respond to it directly as individual persons; instead, an individual’s response emerges in 
the context of interaction with other people. 



 

31 

What we elicit as response from the individuals living in a community is mostly a group or 
collective product rather than an individual’s reaction (Quarantelli, 1990). Therefore, the 
community’s response to a cyclone warning is a function of both selective perception and 
social confirmation. It is impossible to overlook the fact that providers’ and receivers’ 
perceptions of the warning message may not always be the same. This means, warning 
message recipients living in a community may not always respond to the message as 
expected (Drabek, 1999). 

2.4.1 Incorporation of human perception into cyclone warning 

The concept of incorporating residents’ perception into disaster emergency management is 
not new. Social scientists started to do research on disaster management in the 1960s, with 
many of the early studies focusing on disaster warning and how individuals and 
communities respond to it (McLuckie, 1970; Quarantelli, 1990). Later, most notably during 
the period of 1990 to 2000, the necessity of incorporating community perception was 
brought up again worldwide under the International Decade for Natural Disaster Reduction 
(IDNDR) (Boullé, 1999). 

Throughout the 1990’s, better access to forecasts and greater effectiveness of early 
warning have been given substantial emphasis as a means to reach IDNDR objectives 
(Boullé, 1999): (a) reducing human casualties and property damage, and (b) dealing with 
social and economic problems caused by disasters especially in the developing countries. 
The success of a disaster forecasting and warning system depends not only on scientific and 
technical abilities of hazard identification and forecasting but also on proper understanding 
of community’s view of risk and community’s active participation in the early warning 
system (ABM (Australia Bureau of Meteorology), 2009). IDNDR has worked to promote 
this understanding of disaster forecasting and warning and to establish the importance of 
incorporating socio-economic dimensions into forecasting and warning (K. S. Khan, 2005). 

People living in the community have their own view of risk and on the basis of that view 
they make decisions to protect themselves from TC attacks (Alam & Collins, 2010). This 
entails that residents’ response to warning cannot be understood properly without having a 
better understanding of their perception of risk (Zschau & Küppers, 2003). Considering 
these research findings, disaster researchers have put effort into incorporating human 
perception into cyclone warning systems. These efforts resulted in considerable success in 
reducing the damage to both life and property caused by TCs (B. K. Paul, 2009, 2012; B. K. 
Paul & Dutt, 2010; Thomalla & Schmuck, 2004). 

A community’s response to warning is largely governed by the community’s view of 
risk, which might be different from the outsiders. Therefore, outsiders might find it very 
difficult to understand how people living in a community perceive risk and respond to 
warnings. There are several reasons for this difficulty (Zschau & Küppers, 2003): 

1. People living in a community and disaster researchers may hold completely 
different views of a potential disaster. 

2. The way of measuring and describing risk, as well as the concept of risk differs 
between these groups. 

3. Disaster researchers’ attitude could also pose a problem. If they have a 
preconception that their understanding of risk is better than that of the people living 
in a community. 



32 

 
Figure 2-6. TC forecasting and warning dissemination process at BMD. 

Prepared based on Chowdhury (2002), Debsarma (2001), and Miyan (2006). 

To overcome these difficulties, it is necessary to have a deeper understanding of the 
vulnerabilities that a particular community is exposed to and understanding risk from the 
community’s point of view (Douglas & Wildavsky, 1983; Gladwin et al., 2007). Once the 
causes of vulnerability to TCs and the community’s perception of risk are properly 
understood, it becomes easier to identify the problems people usually face to follow the 
warnings (Dash & Gladwin, 2007; B. K. Paul & Dutt, 2010). 

2.5 Cyclone early warning system in Bangladesh 
The Storm Warning Center (SWC), a specialized unit of BMD (Bangladesh Meteorological 
Department), is responsible for forecasting and issuing warnings for TCs in Bangladesh. 
BMD collects meteorological data through 35 ground-based, 10 weather balloon, 5 radar, 
and 3 rawinsonde stations. BMD additionally receives weather satellite data, meteorological 
and sea surface data over the BoB (Bay of Bengal) collected through ocean buoys as well as 
numerical model generated weather forecast from other national and regional 
meteorological offices as a member state of world meteorological organization (Obasi, 
1994; (RSMC (Regional Specialized Meteorology Centers), New Delhi, 2013); Zschau and 
Küppers, 2003). 

BMD uses two forecasting techniques: Storm Track Prediction (STP) and Steering and 
Persistence (STEEPER) for forecasting TCs (ADRC (Asian Disaster Reduction Center), 
2005; Debsarma, 1999). Quadratic regression equations constitute the computational base 
for STP. The future positions of the current TC are forecasted on the basis of the observed 
track of historical TCs having a similar movement path. As the position of a huge 
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phenomenon like a TC cannot be represented correctly using a single point fixed at the 
storm center, forecasts produced by STP may not always be accurate. 

STEEPER in contrast, uses two types of information for forecasting TCs: (a) a series of 
time tagged TC locations, and (b) wind information near the sea surface. A Kriging 
interpolation technique is applied to this data to compute the future position of a TC. 
Despite this effort, inaccurate predictions in terms of TC intensity and movement, landfall 
timing, intensity upon impacts, and height of the accompanying surge during TC landfall, 
has often been criticized (C. E. Haque & Blair, 1992; Hossain, Islam, Sakai, & Ishida, 
2008; Miyan, 2006). Once forecasts are produced, BMD sends warnings to the maritime 
and river port authorities, relief and rehabilitation authorities, local level administrative 
officials, public media for dissemination and to the cyclone preparedness program (CPP), 
and non-governmental organizations (Figure 2-6) (Chowdhury, 2002; Debsarma, 2001; 
Miyan, 2006). 

In recent years, there have been a considerable improvement in cyclone warning 
dissemination mainly due to development in the area of information and communication 
technology, especially internet, mobile phones and improved broadcasting technology with 
global television channels (Hossain et al., 2008). Though significant improvements have 
been achieved in cyclone warning dissemination in Bangladesh, quality of the warning 
messages has not been improved much in last decades (C. E. Haque & Blair, 1992; Hossain 
et al., 2008; Tatham, Spens, & Oloruntoba, 2009). Comparison between the earlier study 
conducted after the great Bhola cyclone in 1970 (Frank & Husain, 1971) and study carried 
out after Cyclone Sidr in 2007 (Hossain et al., 2008) reveals that BMD’s TC forecasting 
performance has not been improved much during the last several decades. Moreover, the 
existing warning system is not easy to understand and even sometimes incomprehensible to 
educated people as well (C. E. Haque & Blair, 1992; Miyan, 2006). Moreover, residents are 
not conscious of the implications of different signal numbers; nor are they aware of the 
different signals for maritime and river ports (Appendix B and Appendix C). Therefore, 
actual information contained in the warning message cannot be conveyed to the residents 
living in the coastal areas (Miyan, 2006). 

2.6 TC track and intensity forecasting using ANN 
Processing of information through interconnected groups of artificial neurons (units) 
assigned to different layers or layers of units constitute the base for information processing 
in an Artificial Neural Networks (ANN). ANN is a parallel adaptive system, which can be 
used to model complex relationships between inputs and outputs to describe existing as 
well as to reveal new patterns in the analyzed datasets (Kim & Yum, 2004; Schalkoff, 
1997). Once a valid network is adequately trained, it can make predictions on new set of 
data, not used for training the network. Development of ANNs requires an understanding of 
both the principles of neural networks and the scientific field within which they are to be 
applied (Dam & Saraf, 2006). Four basic components are necessary to construct a 
conventional ANN (Schalkoff, 1997; Villmann, Merényi, & Hammer, 2003): 

1. Units, which are arranged in layers 

2. Connections between the layers 

3. Weights associated with the connections, and 

4. A procedure for defining the output from each unit on the basis of input. 
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Conversely, computation using ANNs involve three components (Kitano, 1994): (a) 
selecting and preparing the data, (b) architecture of the network and activation functions, 
and (c) selection of a training method along with synaptic weights and biases. In an ANN, 
each unit receives and processes one/multiple input signals received from the previous layer 
(feedforward), performs some computations using an activation function, and finally 
outputs the result (Cartwright & Kharma, 2008). 

It has previously been mentioned that satellites became one of the most important 
instruments for collecting information about TCs and their surrounding environment. 
Though the operational numerical TC forecasting techniques are capable of handling data 
recorded using various instruments, they are complex, require high-end computers to run, 
and very much vulnerable to inaccurate initial values (Bin et al., 1999; Chan & Kepert, 
2010; Jeffries et al., 1993; Roy & Kovordányi, 2012, 2015). These complexities have 
motivated researchers into advanced and novel approaches to forecasting TCs, in particular, 
techniques using ANNs. ANNs are characterized by the following important features 
(Villmann et al., 2003): 

1. Adaptivity: ability to change the internal representation such as connection weights, 
network structure if new information is available. 

2. Robustness: handling of missing, noisy, or confused data. 

3. Power/speed: handling of large data volumes in acceptable time due to inherent 
parallelism. 

4. Non-linearity: the ability to represent non-linear functions or mappings. 

These properties render ANNs useful and efficient for analyzing satellite data for TC track 
and intensity forecasting as well as for analyzing factors governing TC track and intensity 
(Aguilar-Martinez & Hsieh, 2009; A. Wu, Hsieh, & Tang, 2006). 

Among various machine-learning algorithms, ANNs are well known for TC track and 
intensity forecasting (Ali, Kishtawal, & Jain, 2007; Jin, Yao, & Huang, 2008; Pickle, 1991). 
In addition to the inherent characteristics, ANN-based TC forecasting techniques are 
inexpensive in terms of computational resource requirements. ANN-based techniques are 
particularly advantageous in the following sense: 

1. Satellite images used as inputs to ANNs are widely available and mostly free of 
cost. 

2. These techniques can be run on standard PCs, whereas almost all numerical TC 
forecasting techniques require huge computational resources (super computers). 

3. Though considerable time is required for training a network, the trained network is 
capable of producing TC track and intensity forecasts in a few minutes or in 
fractions of a minute. 

4. ANN techniques are capable of producing good accuracy TC track and intensity 
forecasts (Ali et al., 2007; Feng & Liu, 2004; Jin et al., 2008; Lee & Liu, 2000; 
Pickle, 1991). 

2.7 Biologically based ANN techniques for image processing 
The approach of using biologically based machine learning for recognizing objects in visual 
images is well-known (Fukushima, 1980, 1988, 2013; Fukushima & Miyake, 1982; Hubel 
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& Wiesel, 1965, 1977, 1998; Itti & Koch, 2001; Itti, Koch, & Niebur, 1998; LeCun, 
Bengio, & Hinton, 2015; LeCun, Bottou, Bengio, & Haffner, 1998; LeCun, Huang, & 
Bottou, 2004; Li & Itti, 2011). Parallel feature extraction across the image, as well as 
stepwise hierarchical combination of the extracted features into task relevant patterns 
constitute a reliable basis for visual input interpretation in biologically based neural 
networks. Irrespective of the features’ complexity, the human visual system can naturally 
recognize complex features and achieve position, size, and rotation invariances at the same 
time. However, achieving position, size, and rotation invariances in object recognition 
using biologically inspired ANNs is still considered to be difficult. The more well-known 
ANN techniques using this approach for image processing are described in the next three 
subsections. 

2.7.1 Neocognitron 

Neocognitron is a biologically inspired hierarchical multilayer ANN proposed by 
Fukushima (1980). Fukushima designed the architecture of neocognitron on the basis of 
Hubel and Wiesel’s (1965, 1977) hypothesis of the visual nervous system. The connections 
between the hierarchically arranged layers are feedforward. The first two layers of the 
neocognitron (input and contrast extraction) simulate the photoreceptors in the retina and 
the Lateral Geniculate Nucleus (LGN) (Fukushima, 1980; Fukushima & Miyake, 1982). 
After the contrast extraction layer, pairs or layers represent the remaining processing levels 
in the hierarchy. One layer of each pair consists of simple cells (S-cells) that extracts 
features from their corresponding Receptive Fields (RFs), whereas the other layer of each 
pair contains complex cells (C-cells) that tends to achieve invariances by reacting to the 
shapes uniformly in the hierarchy (Fukushima, 1980, 1988). These processing levels 
correspond to the visual information processing areas, V1 (primary visual cortex) → V2 → 
V4 → and IT (inferior temporal cortex) in the human brain, where simple features (oriented 
line segments) are primarily extracted from the inputs and then integrated into increasingly 
complex features. Therefore, a cell located higher up in the processing hierarchy, usually 
has a large RF and is less sensitive to the feature’s location in the input. 

The neocognitron can be trained using both supervised and unsupervised learning rules. 
Unsupervised learning constitutes the learning rule for the early versions of neocognitron 
(Fukushima, 1980; Fukushima & Miyake, 1982), which allows the network to achieve self-
organizing capability. These versions are not effective in recognizing differences between 
characters with similar shape. To deal with this problem, Fukushima improved the 
neocognitron by adding a supervised learning capability to it (Fukushima, 1988). 

In the most recent version of neocognitron, if a group of postsynaptic S-cells remains 
inactive despite non-zero inputs from their RF, a new S-cell is generated and added to the 
network to learn that particular input pattern. Here the strength of the connection to the 
newly generated S-cell is proportional to the response of the presynaptic C-cells at that 
moment and remains unchanged regardless of varying degree of stimuli given to the 
network during training (Fukushima, 2013). This newly introduced learning rule is called 
add-if-silent. According to Fukushima, this learning rule makes neocognitron 
computationally effective and learning process simpler and stable compared to the previous 
versions. 
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2.7.2 Convolutional Neural Networks 

Convolutional Neural Networks (CNNs) have their roots in Fukushima’s neocognitron 
(LeCun et al., 2015). CNNs have a hierarchical structure and use feedforward connectivity 
with a backpropagation of error. For detecting features in the input image, CNNs combine 
three architectural ideas: local RFs, weight sharing (weight replication), and spatio-
temporal subsampling (LeCun & Bengio, 1995; LeCun et al., 1998). 

The idea of connecting a unit to a local RF in the input is rooted in Hubel and Wiesel’s 
discovery of locally-sensitive visual neurons (Hubel & Wiesel, 1965). In a CNN, units with 
local RFs extract simple features (oriented edges, end-points) from the input image, which 
are then combined into increasingly complex features in the successive hierarchical levels 
(LeCun et al., 1998). Low-level feature detectors, which are useful for a part of the input 
image, are expected to be equally useful for other parts of the input image. This idea is 
implemented by forcing a set of units (have their RFs located in different parts of the input 
image) to have identical weights (weight sharing) (LeCun & Bengio, 1995; LeCun, Bottou, 
& Bengio, 1997; LeCun et al., 1998). Units having the same weights are then organized in a 
plane and outputs of the units in a plane constitute a feature map. Likewise, units with 
different weights are organized in different planes and generate different feature maps by 
performing the same operation on different parts of the image. RFs of neighboring units in a 
feature map are centered on corresponding neighboring units in the previous layer; as a 
result, RFs of neighboring units overlap with each other. When a feature map is employed 
for scanning the input image, a single unit with a local RF scans the image and stores the 
extracted information at corresponding location in the feature map. This operation is 
performed sequentially for all the units in a feature map as well as for other units in all the 
feature maps (LeCun et al., 1998). 

When a feature is detected, the feature’s precise location in the input image is not 
considered to be important any more but its gross position relative to other features in the 
input becomes relevant. This is because; precise location of each of the identified features is 
irrelevant for recognizing the pattern (as patterns associated with different inputs are likely 
to be different). To reduce the precision of the identified features’ position coded in a 
feature map, spatial resolution of the feature map is reduced. This is achieved by using 
subsampling layers, which perform a local averaging and a subsampling to reduce the 
spatial resolution of the feature map and to reduce the sensitivity of the output to position 
shifts and misrepresentations (LeCun et al., 1997, 1998; Taylor, Fergus, LeCun, & Bregler, 
2010). 

LeCun and coauthors have successfully implemented these networks for optical 
character recognition (LeCun et al., 1990, 1997, 1998; LeCun & Bengio, 1995). CNNs are 
also widely used for processing other types of image, such as face recognition (Fasel, 2002; 
Garcia & Delakis, 2004; Lawrence, Giles, Tsoi, & Back, 1997), medical image processing 
(Lo et al., 1995), and traffic sign recognition (Cireşan, Meier, Masci, & Schmidhuber, 
2011; Sermanet & LeCun, 2011). 

CNNs process input images at more than three hierarchical levels (LeCun & Bengio, 
1995; LeCun et al., 1998), which is the most basic property of a deep learning neural 
network (LeCun et al., 2015). However, the term Deep Neural Networks (DNNs) is also 
used to indicate a version of CNN, where subsampling layers have been replaced with max-
pooling layers (Cireşan, Meier, Masci, Gambardella, & Schmidhuber, 2011; Cireşan, 
Meier, Masci, & Schmidhuber, 2012; Cireşan, Meier, & Schmidhuber, 2012; LeCun et al., 
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2015). Though both subsampling and max-pooling layers play the same role, the way they 
play the role is different. Instead of calculating the local average (subsampling), max-
pulling layers consider the maximum activation over non-overlapping rectangular regions 
(Cireşan, Meier, Masci, et al., 2012; Krizhevsky, Sutskever, & Hinton, 2012; LeCun et al., 
1998). 

2.7.3 Saliency based visual attention models 

Saliency based models have a scene-based (bottom-up) hierarchical structure (Itti et al., 
1998; Koch & Ullman, 1987), which is similar to the biologically plausible architecture 
proposed by Koch and Ullman (1987). Feedforward mechanism is used for extracting 
features from the input images (Borji & Itti, 2014; Itti et al., 1998). A form of feedback is 
also used to filter out image features at lower levels, which are uninteresting for the task 
(Itti et al., 1998; Wolfe, 1994). 

These models extract features from the input image and recognize the extracted features 
in a way, which is comparable to the pattern recognition process in CNNs. In these models, 
input images are primarily decomposed into a set of topographic feature maps. These 
topographic feature maps are computed using a set of linear center-surround operations, 
which bear a resemblance to RFs in the human visual system (Itti et al., 1998; Zhao & 
Koch, 2013). Only the salient spatial location (representing feature that is relevant for the 
task) within each map is allowed to stand out from their surrounding locations and is fed 
into the next processing level. At this stage, only the task-relevant image locations are 
noticeable in the maps, which are then linearly combined to create the final saliency map 
and location(s) of interest is attended (Itti & Koch, 2001; Itti et al., 1998; Zhao & Koch, 
2013). 

2.7.4 ANNs used in this research 

The biologically based ANNs used for TC track and intensity forecasting in this research 
differ from the previously described ANNs mainly in terms of the type of connections 
between hierarchical processing levels and learning rule (O’Reilly, 1998; O’Reilly & 
Munakata, 2000; O’Reilly, Munakata, Frank, Hazy, & Contributors, 2012). The ANNs used 
in this research are recurrent. That means, all the hierarchically arranged levels but the 
inputs are bi-directionally connected, where activations are allowed to go in both bottom-up 
and top-down directions (Essen, Anderson, & Felleman, 1992; McClelland, 1993; O’Reilly, 
1998; O’Reilly & Munakata, 2000). These bi-directional connections offer constraint-
satisfaction, where both lower- and higher-level constraints can be used at the same time for 
input image interpretation and processing (O’Reilly, 1998). To be specific, during training, 
the networks simultaneously try to satisfy a number of constraints imposed on them: inputs 
from the input layers, the weights, and activation state of the network (O’Reilly & 
Munakata, 2000). This capability is particularly advantageous for processing occluded and 
noisy images. The k-Winners-Take-All (kWTA) inhibitory function plays an important role 
in the networks’ constraint satisfaction performance via restricting the parallel search space 
for the units, while finding the activation states that would satisfy the constraints optimally 
(O’Reilly & Munakata, 2000).  

Satellite-recorded TC images are not always complete. Parts of TC images can be 
missing due to irregularities in the satellite sensor response and/or data recording. With bi-
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Figure 2-7. NOAA-AVHRR infrared channel image of TC Mala 

used for forecasting movement direction. 

directional connectivity, these ANNs are expected to produce good accuracy TC track and 
intensity forecasts even if partly incomplete images are used for training and testing. 
Though the most recent version of neocognitron is capable of recognizing occluded letters 
and restoring occluded shapes (circles, rectangles, triangles) (Fukushima, 2013), processing 
occluded cloud images seems to be a difficult task to handle using neocognitron. 

The backpropagation of error is the most commonly used learning algorithm in the area 
of satellite meteorology (Brad & Letia, 2002; Feng & Liu, 2004; Hong, Hsu, Sorooshian, & 
Gao, 2004; Jin et al., 2008; Rivolta, Marzano, Coppola, & Verdecchia, 2006). All the 
ANNs described in the previous three subsections use either supervised or unsupervised 
learning as their learning rules. However, the learning algorithm implemented by the ANNs 
used in this research is a combination of supervised (contrastive Hebbian learning, a 
biologically based error driven algorithm, an alternative to backpropagation of error) and 
unsupervised (model based Hebbian learning) learning (O’Reilly & Munakata, 2000). By 
using a combined learning approach, the benefits of both types of learning can be included 
in the same network. Unsupervised learning helps with adapting the extraction of 
meaningful features on the basis of the five types of input images used in the current 
research (see section 4.3.4). Supervised learning is necessary to associate the extracted 
feature patterns with the correct output movement direction and intensity levels. Performing 
both of these tasks together would be difficult for any of the learning algorithms 
individually. 

2.8 Exploratory study on TC movement direction prediction 
An earlier study on TC movement direction forecasting using biologically based ANNs 
conducted by Kovordányi and Roy (2009) has established the conceptual basis for this 
research (Kovordányi & Roy, 2009) (Appendix A). The authors trained and tested a 
biologically based hierarchical ANN on the basis of NOAA-Advanced Very High 
Resolution Radiometer (AVHRR) satellite recorded infrared image of TC Mala (Figure 
2-7), formed in the BoB (Bay of Bengal) in 2006. Movement direction forecasts produced 
by the network were only valid for the immediate future. 
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2.8.1 Data and method 

The original AVHRR infrared image was cropped carefully so that outer cloud bands 
containing valuable information about TC’s future movement direction were not lost 
(Figure 2-7). The cropped infrared image was downsized to 66 x 66 pixels. To abstract 
away from cloud patterns’ rotation, size, and position, the image was rotated (clockwise in 
45° increments), each rotated image was zoomed (using 0.8, 1, and 1.2 zoom factors), and 
finally each rotated and zoomed image was shifted in position within the input frame by 
zero, one, or two steps in eight directions. 

The size of the position shifts was also varied across training sessions to compare the 
network’s performance for the one-pixel and the three-pixel step sizes. This transformation 
generated 1200 images from the NOAA-AVHRR image of TC Mala. Of the 1200 images, a 
random subset of approximately 95% of the images was used for training and the remaining 
5% were used for testing the network. 

A mixture of 1% Hebbian, and otherwise error-driven learning, at the projection 
connecting the input and the first hidden layer, and a mixture of 0.1% Hebbian, and 
otherwise error-driven learning, at the other projections in the network was used. Forecasts 
were produced into eight movement directions (360° was divided into eight equal angles). 
Correct movement direction for the immediate future was primarily determined by visual 
estimation for the original satellite image and was automatically calculated for the 
transformed images during processing. A single infrared image and artificially rotated 
movement direction for that image made an input-output pair used for training and testing 
the network. 

The network processed inputs at five hierarchical levels. Of the five levels, the first and the 
last processing levels were input to and output from the network respectively. Levels 
between the input and the output, extracted features available in the input images and 
recombined the extracted features for generating outputs. Therefore, one input layer, three 
hidden layers (V1, V2, and V3), and one output layer (direction) constituted the basic 
structure of the track-forecasting network (Figure 2-8). All the layers except the input were 
bi-directionally connected, which allowed the layers, both to send input to other layers and 
receive feedback from those layers. Structure of the five layers are described in the list 
below: 

1. The input layer was 66 x 66 pixels in size and was divided into nine parts. Each of 
these parts was 26 x 26 pixels in size and worked as RF for the feature detectors 
(units) in the V1 layer. 

2. The V1 hidden layer consisted of 3 x 3 groups and each of these groups contained 8 
x 8 units. A single group received input only from an area covering 26 x 26 pixels in 

 
Figure 2-8. The network used for TC movement direction forecast. 
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the input layer (from corresponding RF). The RFs were also allowed to overlap at 
the edges by six pixels in order to maintain continuity of the images during 
processing. Together all the nine groups in the V1 layer extracted basic features in 
various parts of the input image in parallel. 

3. The V2 hidden layer contained 2 x 2 groups of 8 x 8 units in size. Each of these 
groups received input from four groups in the V1 layer directly and from an area 
covering 46 x 46 pixels in the input indirectly. 

4. The V3 hidden layer was 9 x 9 units in size and received input from all four groups 
in V2 layer directly and from the whole input layer indirectly. 

5. The direction layer was represented by an 8 x 1 vector, where each unit indicated a 
direction ranging from 0° to 315° in 45° increments. TC’s movement towards 0° 
and 360° was represented by the left most unit and the right most unit represented a 
movement direction of 315°. 

2.8.2 Training and testing of the network 

Input-output pairs used to train the network were stored in a data-table as rows. Each row 
contained a 66 x 66 (for the input image) and an 8 x 1 (for the output movement directions) 
matrices to hold a single input-output pair. The network was trained in epochs using 95% of 
the 1200 generated images and the network completed 60 epochs during a batch (training 
run). Training of the network was stopped before the 60th epoch, when the network 
produced zero error two times in a row. To be sure that the network’s training performance 
was not influenced by the random initial weights, the network was trained for 10 runs. 

Training error (number of images the network made a wrong forecast for) produced by the 
network during the 10 batches was averaged to produce the final training performance. 
Training error decreased rapidly within 10-15 epochs and stabilized at around 20 for rest of 
the epochs. This result was produced for the images, where the position of the TC center 
was varied by a maximum of 6% of the total image size but the training performance 
decreased, when inputs with greater position variation (18%) were used (Figure 2-9). 

Approximately 5% of the 1200 generated images were presented to the network for the 
first time during testing. After training, the network was able to correctly predict the 

 
Figure 2-9. Training performance of the network obtained 

during the exploratory study. 
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movement directions for 99% of the test images, when the position of the cyclone’s center 
varied by 6% of the image size (Figure 2-10). With a greater variation in the cyclone 
center’s position within the image frame (18% of the image size), prediction accuracy 
dropped to 84% (Figure 2-10). For the test images that contained 18% positional variation, 
the wrong predicted directions were mostly opposite (180° off) or close (45° off) to the 
correct direction. For the remaining images the predicted directions were perpendicular (90° 
or 135°) to the correct direction (Figure 2-10). 

  

 
Figure 2-10. Test performance of the network obtained during 

the exploratory study. 
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  Chapter 3
 
Methodological considerations 

Scientific research is based on some basic idea and has fixed goals to achieve. Upon this 
basis, a practical scheme is constructed to achieve the goals. An effective and relevant 
method is followed, which provides appropriate guidance to reach the research goals. In 
this way, methods play a key role in scientific research. However, is the method powerful 
enough to specify criteria to differentiate science from pseudoscience as well as can the 
method provide guidance for the progress of knowledge in science? 

Karl Popper’s falsificationism (Popper, 1959), Thomas Kuhn’s structure of scientific 
revolutions (Kuhn, 1970), and Imre Lakatos’ effort to harmonize the disagreement between 
Popper’s and Kuhn’s views and to develop a methodology for scientific research (Lakatos, 
1978) are great contributions to the methodology of science. These methodologies provide 
guidelines for conducting research in a particular scientific field. 

The basic idea of this thesis has been to use biologically based ANNs for producing 
accurate TC track and intensity forecasts, which could improve the efficiency of the current 
cyclone early warning system in countries, such as Bangladesh. This research implements 
the idea by identifying problems of the current cyclone early warning system and by 
considering the possibility of using biologically based ANNs for producing good accuracy 
TC track and intensity forecasts. Hierarchical neural networks inspired by the human visual 
system have been successfully used to achieve position and size invariance in processing 
visual images (O’Reilly, 1998; O’Reilly, Wyatte, Herd, Mingus, & Jilk, 2013). Assuming 
that 2D information is of key importance to forecasting meteorological phenomena, these 
networks are expected to produce good accuracy TC track and intensity forecasts on the 
basis of TC images recorded by multiple satellites. 

In order to identify problems associated with the current cyclone early warning system in 
Bangladesh and to evaluate the possibility of using biologically based ANNs for accurate 
TC forecasting, this thesis integrates knowledge from three different fields: (a) biologically 
based ANN simulation, (b) TC meteorology, and (c) natural disaster management (Figure 
3-1). Biologically based ANN simulation deals with, construction of valid networks, 
network performance optimization, and training and testing the network systematically for 
producing TC forecasts. TC meteorology addresses how TCs are formed, which factors 
govern their motion and intensity and how TCs are forecasted. Eliciting providers’ and 
receivers’ views concern the process of collecting meteorologists’ and residents’ views on 
the current cyclone early warning system in Bangladesh. For managing and analyzing 
information from the three different fields, suitable method was also used. At this point two 
important questions could be: (a) is this research conducted with scientific rigor? and (b) 
can the method produce any results that have not been identified by previous studies? These 
two questions appear to be associated with the scientific quality as well as scientific 
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contributions of this research, which could be difficult to answer without following a 
suitable research methodology. 

Karl Popper (Popper, 1959), Thomas Kuhn (Kuhn, 1970), and Imre Lakatos (Lakatos, 
1978), all agree that scientific research is based on empirical observations. Qualitative and 
quantitative surveys conducted to evaluate cyclone early warning system use empirical 
observations to address research questions (Creswell, 2003; R. B. Johnson & Onwuegbuzie, 
2004). Also the data used for forecasting TC track and intensity are empirically based 
multi-source estimates of infrared (for cloud pattern and cloud top temperature), sea-level 
pressure, ocean heat content, wind speed, and wind direction. Therefore, all the data and 
observations used in this research are empirical or empirically based, which satisfies the 
very basic characteristics of a scientific research. However, only this criterion is not 
sufficient to differentiate between science and pseudoscience (Chalmers, 1999; Lakatos, 
1978). 

The application of biologically based ANNs is novel in the field of TC track and 
intensity forecasting (Kovordányi & Roy, 2009; Roy & Kovordányi, 2012, 2015). TC track 
and intensity forecasting techniques that are currently in operation at various 
meteorological offices have a long history of testing and modification (Kurihara, Bender, 
Tuleya, & Ross, 1995; NCAR, 2014; NOAA, 2012; Roy & Kovordányi, 2012, 2015). Also, 
forecasts produced by the operational techniques are on the basis of a large number of 
historical, persistence, and steering predictors (Hope & Neumann, 1977; Jeffries et al., 
1993; NCAR, 2014; Neumann, 1979; NOAA, 2012; Pike, 1985; C. S. Velden et al., 1998). 
As opposed to this, the technique developed in the thesis is a novel approach to TC 
forecasting, still under development, and uses only five types of images for forecasting TC 
track and intensity. Therefore, it does not seem reasonable to test its performance as if it 
were a full-scale operational technique, and try to subject it to falsification. Moreover, 
hypothesizing which factors influence network-generated outputs in order to prioritize one 
above another does not seem to agree with the potential existence of multiple equally 
important factors, which is considered to be a very important issue in ANN simulation as 

 
Figure 3-1. Biologically based ANN simulation, eliciting the views of 

meteorologists and residents, and tropical cyclone meteorology 
constitute the knowledge base of this research. 
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well as in TC forecasting. As Popper’s methodology pushes theories and hypotheses 
towards comparison and seems to not support co-existence, Popper’s methodology is not 
followed in the methodological structure of this research. 

According to Kuhn, facts have to be considered relative to a paradigm, which supports 
the co-existence of different equally important theories and hypotheses within a paradigm. 
Some degree of relativism can be consistent with caring about facts. For example, a 
biologically based network using context layers and the same network without context 
layers (O’Reilly & Munakata, 2000) might have different efficiency in predicting TC track 
and intensity. As these two networks handle input images in different ways, outputs from 
them could be a little different. However, the extreme relativism as proposed by Kuhn 
seems not appropriate for this research. If forecasts produced by the two networks appear to 
be very different and both are assumed to be equally correct, the whole purpose of TC track 
and intensity forecasting would be ruined. Therefore, the methodology of this research does 
not follow the structure of scientific revolutions proposed by Kuhn. 

Lakatos’ idea of scientific research programs is different from Popper’s series of theories 
and from Kuhn’s discontinuous open-ended scientific research schemes. The methodology 
of scientific research programs seems to provide more space within a paradigm in which 
novel research can develop. Moreover, Lakatos’ notion of research programs appears to be 
more consistent with this research compared to Popper’s and Kuhn’s concept of theories. 
Therefore, Lakatos’ methodology of scientific research programs is followed to constitute 
the methodological base of this research. 

3.1 Central and peripheral parts of this research 
This research consists of five interrelated studies (see section 1.3). The underlying theme of 
all these studies was that good accuracy TC track and intensity forecasts are essential for 
effective early warning and that biologically based ANN can satisfy that demand, where the 
core assumption has been that hierarchical ANNs inspired by the human visual system are 
efficient in processing spatially arranged 2D data, and therefore should be efficient in TC 
track and intensity forecasting. This hypothesis constitutes the central part of this research 
(Figure 3-2). According to Lakatos’ methodology, it is the hard core of this research. The 
central part allows all the studies to take place in this research and its existence is not 
dependent on the existence of any of the individual studies, which satisfies the 
methodological rule of negative heuristics proposed by Lakatos. The training and 
generalization ability of the biologically based ANNs used in this research is supported by a 
number of factors (Figure 3-2): 

1. Hierarchical multi-layer architecture and combined learning assist feature extraction 
and recognition on the basis of 2D images. 

2. Multi-source data integration is used, which is essential for producing good 
accuracy forecast. 

3. Using greater number of images for training increases the probability of accurate 
forecasts during testing. 

The more well-known machine learning approaches to TC track and intensity forecasting 
use vector representation of 2D satellite images (Feng & Liu, 2004; Lee & Liu, 2000), or 
one-dimensional tabular data (Jin et al., 2008) as inputs. In contrast, a hierarchical multi-
layer architecture and the use of simulated RFs (receptive fields) allow the networks to use 
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2D satellite images as inputs. These capabilities allow the networks to use all the 
information contained in 2D input images without any loss for TC track and intensity 
forecasting. 

A number of external and internal factors can affect TC track and intensity at any stage 
of its lifecycle (see section 2.2). As influences of these factors seem difficult to observe 
using a particular type of data, a forecasting technique’s ability to integrate data from 
multiple sources is crucial for TC forecasting. A TC’s recent past track and intensity can 
provide valuable information about its future track and intensity, so the ability to use this 
information is expected to have positive effects on TC track and intensity forecasting 
accuracy. 

The network used in this research is capable of representing similarity relationships 
(O’Reilly, 1998); therefore, small variations between train and test datasets can be handled 
efficiently by the network. However, for handling large variations, both recent past 
information of the current TC and images of additional historical TCs need to be used for 
training. As the network is open to the number of images used for training and can use the 
prior time step’s activation for task learning, it is expected to handle situations where 
variations in the training and test datasets are large. 

In addition, activation-based receptive field analysis can be performed to reveal the 
underlying relationships between the patterns in the five types of input images and 
produced outputs. This seems to provide valuable information about, how individual factors 
effect TC track and intensity development. All the issues described in the previous two 
paragraphs imply that biologically based ANNs have the potential of producing good 
accuracy TC track and intensity forecasts as well as show directions for improving the 
quality of forecasts. Therefore, these issues constitute the protective belt of this research 
and satisfy the methodological rule of positive heuristics according to Lakatos’ 
methodology of scientific research programs (Figure 3-2). 

 
Figure 3-2. The hard core and the protective belt of this research. 
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3.2 Technological paradigm of this research 
This research aims at developing a TC track and intensity forecasting technique using 
biologically based ANNs. The developed technique is expected to contribute to an 
improved cyclone early warning system in Bangladesh as well as in other cyclone-prone 
countries by producing good-accuracy TC track and intensity forecasts. At this point one 
important question could be, is this research consistent with any technological paradigm? 

In a Technological Paradigm (TP), technologists set novel problems internally, whereas 
norms or standards for selecting techniques to solve those problems are set by external 
factors (Feibleman, 1966; Illich, 1974, 1978; Nordin, n.d.; Rapp, 1974). A TP gradually 
grows over time centering a technique and this growth takes place in the form of, number of 
novel practical problems solved by the central technique or by the auxiliary techniques 
within the paradigm. 

Goal of this research and nature of studies conducted to fulfill the goal make this research 
seem consistent with machine learning paradigm. Biologically based ANNs (a type of 
machine learning) are well-known for visual object recognition (O’Reilly, 1996; O’Reilly 
& Munakata, 2000; Wyatte, Curran, & O’Reilly, 2012) and this research aims at using it for 
forecasting TC track and intensity. Thus, an existing and well-known technique 
(biologically based ANN) is used to deal with a novel problem (TC track and intensity 
forecasting). However, biologically based ANN is not the only technique that follows the 
basic rules and methods of machine learning; several other techniques have also been 
developed under the guidance of the basic rules and methods of machine learning (Figure 
3-3). Therefore, machine learning can be regarded as a paradigm, where basic machine 
learning rules and methods constitute the center of this paradigm and biologically based 
ANNs is one of the several auxiliary techniques within this paradigm (Figure 3-3). 
  

 
Figure 3-3. Machine learning paradigm and examples of auxiliary techniques. 

Biologically based ANNs is an auxiliary technique in machine learning paradigm. 
This research targets to use this technique to solve a novel problem: TC track and 

intensity forecasting. 
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  Chapter 4
 
Method 

Informed product or system development is not new in design and usability research. In 
general, informed system development involves two interconnected processes: eliciting 
users for their perception of the system, and developing the system on the basis of those 
findings (Wright & McCarthy, 2009). Accordingly, two processes are involved in TC track 
and intensity forecasting technique development in this thesis: (a) eliciting providers’ and 
receivers’ views and (b) TC track and intensity forecasting technique development (Figure 
4-1). The two processes are described in the list below: 

1. Eliciting providers’ and receivers’ views on the current cyclone early warning 
system in Bangladesh. The importance of reliable and informative warnings for 
eliciting expected response to evacuation orders has already been identified in 
previous studies (Akhand, 2003; C. E. Haque, 1995; U. Haque et al., 2012; B. K. 
Paul, 2012; B. K. Paul & Dutt, 2010; B. K. Paul et al., 2010). However, why the 
warning messages are inaccurate and uninformative, as well as what can be done to 
improve the quality of the warnings have up till now remained unanswered. This 
research tries to answer these questions by eliciting the views both of the 
meteorologists at BMD (providers of the warnings) and of the residents in the 
coastal areas (receivers of the warnings). 

2. Developing a TC track and intensity forecasting technique to address the technical 
issues brought to light in the previous step. As biologically based ANNs are 
efficient in visual image processing, they are expected to produce good accuracy 
forecasts when trained and tested on the basis of 2D TC images obtained from 
multiple sources. In addition, this technical approach can be limited to the use of 
freely available images. With these characteristics, it might be possible to 
disseminate reliable and informative warnings, when the developed technique would 
be put into operation in the future. 

To elicit the providers’ and receivers’ views, and to develop a new TC track and intensity 
forecasting technique, five consecutive studies were conducted in this research. The studies 
together created a way to reach the stated objective of this thesis (Figure 4-1): 

The first study identified the problems associated with TC forecasting and warning at 
BMD, as well as with the residents’ response to evacuation orders in the coastal areas of 
Bangladesh. The effectiveness of a TC early warning system depends on both technical 
issues such as accurate forecasting and timely dissemination of informative warnings, as 
well as on residents’ response to evacuation orders (Parker, 1999; WMO, 1989). Therefore, 
to cover-up the technical and residents’ response related issues, both meteorologists’ 
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(providers of the warnings) and residents’ (receivers of the warnings) views were elicited in 
the first study conducted in this research. 

In the second study, TC track forecasting techniques were reviewed to find the technique 
that would be most suitable for addressing the issues identified in the first study. Assessing 
TC track forecasting techniques on the basis of: (a) predictor use, (b) prediction accuracy, 
(c) equation system use, and (d) computational resource requirements were the main 
concern of this study. Central parameters of the networks used for TC track and intensity 
forecasting were systematically tested in the third and the fourth study (see section 4.3.2). 

In the fifth study, four biologically based ANNs were trained and tested using infrared, 
ocean heat content, sea-level pressure, wind direction, and wind speed images of nine TCs 
formed in the Atlantic basin during the years 2008 and 2009. Two of the four networks 
were used to forecast TC intensity for the next 6–, 12–, and 24–hours. The remaining two 
networks produced combined TC track and intensity forecasts only for the next 12 hours. 

 
Figure 4-1. A simple flowchart of informed TC track and intensity forecasting technique 
development and contribution of the five studies in the process of TC track and intensity 

forecasting technique development. 
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4.1 Study area 
Any country or region vulnerable to TCs could have been selected as the study area for this 
research. However, to successfully identify socio-economic and technical issues affecting 
cyclone early warning system, a number of criteria were considered for study area 
selection: 

1. A large number of people live in areas where risk of being affected by TCs is high. 

2. Both property damage and human casualties caused by TCs are high. 

3. Geographical knowledge of the region, and ease of communication with residents 
living in the chosen cyclone prone areas (knowledge of language). 

The whole coastal region of Bangladesh is considered to be cyclone prone (Islam et al., 
2004). Of the nineteen coastal districts (MWR (Ministry of Water Resources), 2005), seven 
are considered as high cyclone-risk area and another seven are considered as moderate 
cyclone-risk area (M. A. Khan, Bhuyan, & Rahman, 2010). Despite the risk of being 
affected by TCs and associated storm surges, currently around thirty and a half million 
people are living in these fourteen high and moderate cyclone-risk districts (Figure 4-2) 
(BBS (Bangladesh Bureau of Statistics), 2012). As the work presented in this thesis 
involved interviews and questionnaire survey, ease of verbal communication (knowledge of 
the language) and appropriate geographical knowledge about the study area were 
considered important. 

TCs have caused a great number of human casualties in Bangladesh historically (CRED, 
2013; C. E. Haque, 1997; Yang & Wang, 2005). In addition, the author knows the local 
language “bengali” and culture, and has proper geographical knowledge of the coastal 
regions of Bangladesh. Therefore, Bangladesh was considered most suitable for this study. 
Other countries exposed to TCs, such as India, Myanmar, China, or Japan could have been 
selected for the study but these countries do not meet all the criteria listed above for study 
area selection. 

 
Figure 4-2. Distribution of cyclone risk-zones in the coastal area of Bangladesh. Figure 
prepared based on the cyclone risk zone classification proposed by (Khan et al., 2010). 
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Residents living in different disaster-risk zones might have different views on disaster early 
warning system (Sahni & Ariyabandu, 2004; Sahni & Dhameja, 2004). Therefore, to elicit 
the views of residents living in both moderate and high cyclone-risk areas, the moderate 
cyclone-risk district Bagerhat and the high cyclone-risk district Patuakhali were selected 
(M. A. Khan et al., 2010) for the study. These districts are also among the three districts 
(Bagerhat, Patuakhali, and Barguna) where the damage caused by TC Sidr was the greatest 
(roughly between 193.66 and 245.30 million USD as of October 2014) (GoB (Government 
of Bangladesh), 2008). 

Patuakhali and Bagerhat, comprise 72 and 75 unions (small administrative units), 
respectively. A simple random sampling method was used to choose two unions from 
Bagerhat, namely Royenda and Dakshinkhali, and two unions from Patuakhali, namely 
Dhulasar and Lata Chapli, for the data collection (Figure 4-3). These four unions in the 
coastal region of Bangladesh have constituted the study area for conducting the 
questionnaire survey in this research (see section 4.2.2). 

4.2 Eliciting providers’ and receivers’ views 
Cyclone early warning constitutes a socio-technical system, which functions through two 
phases: (a) TC forecasting and warning message dissemination, and (b) residents’ response 
to the disseminated warnings. To be able to assess the effectiveness of the two phases, the 
views of both the meteorologists (providers of the warnings) and the residents in the coastal 
area (receivers of the warnings) were elicited. In-depth interviews are considered to be 
suitable for collecting detailed information from relatively few respondents in the case of 
evaluating a socio-technical system (Berg, Wetherell, & Houtkoop-Steenstra, 2003; Boyce 
& Neale, 2006; Guion, Diehl, & McDonald, 2011; Legard, Keegan, & Ward, 2003; Parker, 
1999). Questionnaire surveys in contrast, are commonly used for: (a) classifying a 
population on desired bases, such as age, occupation, and housing condition; (b) assessing 
people’s opinion regarding a particular issue or issues; and (c) collecting information 
related to people’s behavior (Bradburn, Sudman, & Wansink, 2004; Guha-Sapir & Lechat, 

 
Figure 4-3. Locations of the studied unions in the coastal region of Bangladesh. 
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1986; Kurita, Nakamura, Kodama, & Colombage, 2006; Mallick et al., 2009; Shaw, 
Kobayashi, & Kobayashi, 2004). Therefore, a questionnaire survey was conducted among 
the residents in the coastal area. A research team of three members, including the author of 
this thesis, conducted an interview among the meteorologists and a questionnaire survey 
among the residents in the coastal area. 

4.2.1 Interview among the meteorologists 

At BMD, an individual in-depth interview was conducted among three meteorologists. The 
meteorologists were between 41 and 53 years of age, and had all been working at BMD for 
more than 10 years. Two of the three meteorologists had a background in physics and one 
had a background in mathematics. The Storm Warning Center (SWC) at BMD is 
responsible for monitoring, forecasting, and disseminating warnings for TCs in Bangladesh. 
Therefore, meteorologists only from this unit were selected for the interview. As none of 
the SWC meteorologists had a meteorological or other atmosphere-related background, we 
only interviewed those meteorologists who had long work experience (at least ten years) in 
TC forecasting. This selection criterion limited the number of participants to three at BMD. 

The three respondents were interviewed individually. A range of open-ended and 
structured questions was used for the interview (Appendix D). The questions were designed 
to cover all the technical aspects of TC forecasting that could influence the quality of the 
disseminated warnings (Table 4-1). All the questions were asked orally and the 
meteorologists answered the questions also orally. The meteorologists’ opinion on the 
open-ended questions and their answers for the structured questions were noted. A short 
follow-up interview was also conducted among the same three meteorologists, where they 
were asked to draw a flowchart describing the processes of TC forecasting at BMD. 

A method based on deductive thematic analysis (Braun & Clarke, 2006; Fereday & 
Muir-Cochrane, 2008) was used to analyze the results obtained through the interview. As 
the aim of the interview with the meteorologists was to gather information on various 
technical aspects of TC forecasting and warning (Table 4-1), the features that could be used 
for describing these aspects were coded in the answers received from the meteorologists. 
Six potential themes were identified out of the data using a semantic analysis approach 
(Boyatzis, 1998). The codes, as well as the data relevant to each potential theme were 
brought together at this stage (Table 4-2). To avoid unnecessary division/union of the 
themes, the identified themes were reviewed on the basis of their internal homogeneity and 
external heterogeneity (Patton, 1990). 

Table 4-1. Focus of the interview and the technical aspects covered by the questions. 

Focus Technical aspects covered by the questions 
TC forecasting • Meteorological data collection and use  

• Methods of atmospheric data analysis 
• Techniques used for TC track and intensity 

prediction 
• Forecast accuracy and forecast length 
• Cooperative activities across agencies  

Warning dissemination • Processes of warning message formulation 
• Media of warning dissemination 
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Limitations and future 
development plans 

• Limitations of the existing TC forecasting and 
warning system 

• Meteorologists’ views on future development 
plans 

Table 4-2. Potential themes and relevant primary codes. 

Potential themes Primary codes 
Data collection Ground-based weather stations, ocean buoy, radar, 

weather balloons, satellites, atmospheric reanalysis data  
TC forecasting and 
warning formulation 

Model run time, prediction accuracy, computational 
resource requirement, forecast length, wind data 
plotting, steering level, historical analogues, persistence  

International cooperation Technical support, RSMC, WMO, Meteorological 
offices 

Limitations Data scarcity over the BoB, expertise of the 
meteorologists, computational resources, forecast 
verification, quality of the produced forecasts 

Warning message 
dissemination 

Warning formulation guidelines, reliability of the 
disseminated warnings, national disaster management 
organizations, national disaster coordination cell, 
message content, RSMC, WMO 

Future development plans Using numerical models, cooperation, developing 
infrastructures, using new data for forecast, deploying 
new signaling system. 

The six potential themes were combined and/or broken down into three themes that were 
most consistent with the main focus of the interview among the meteorologists (Table 4-1). 
Finally, to avoid duplication, the codes were reviewed and were assigned to the three 
themes on the basis of their relevance (Table 4-3). Answers received from the 
meteorologists during the survey are provided under these three themes in section 5.1. A 
TC forecasting flowchart was also prepared on the basis of the flowcharts drawn by the 
meteorologists and presented in the results section. 

Table 4-3. The three final themes and relevant codes. 

Final themes Refined codes 
TC forecasting Data collection, prediction accuracy and length, data 

analysis. 
Warning message 
formulation and 
dissemination 

Self-produced forecasts, eleven point signaling system 
for the maritime porta, four point signaling system for 
river ports, RSMC forecasts, national disaster 
management organizations, safety measures for 
residents. 

Limitations and future 
development plans 

Computational resource requirements, deploying new 
techniques for forecasting TCs, deploying new TC 
signaling system, meteorologists lack necessary skills, 
cooperation for enhancing skills, using new data for 
better coverage over the BoB. 
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Figure 4-5. Housing condition and accessibility to road transportation. a. Houses 
are mostly katcha and b. road transportation is mostly poor. Photographs taken 

by the author during the survey. 

4.2.2 Questionnaire survey among the residents in the coastal areas 

The questionnaire used to elicit respondents’ views on the current cyclone early warning 
system consisted of two parts (Appendix E). The first part contained questions for 
collecting socio-economic information of the respondents and all the questions used in this 
part were structured questions. The second part of the questionnaire was devoted to elicited 
respondents’ views on TC warnings and only multiple-choice questions were used in this 
part. 

The actions taken by the residents in cyclone emergencies might be influenced by the 
forecasted intensity level of the approaching TC (Riad, Norris, & Ruback, 1999). 
Therefore, to elicit a generalized warning response pattern of the residents in the coastal 
area, two of the recent TCs, namely the severe Sidr and the less severe Mahasen were 
selected as focus for the data collection in this research. 

The primary sampling units were individual households. Lists of all the households in the 
four selected unions were collected from the respective union parishads (union 
administrative offices) prior to administering the survey. Two hundred households were 

 
Figure 4-4. Age and sex distribution of the surveyed respondents. 
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selected from the four unions using simple random sampling. The data were collected from 
adult persons (who were available during the survey) in each household. The respondents 
were between 18 and 84 years of age. Around 70% of them were male and 30% were 
female (Figure 4-4). 

The respondents were involved in farming (24%), fishing (12%), service (10%), 
business (9%), and in multiple occupations (31%) like farming, fishing, and construction 
work (e.g. road and dam) for their livelihood, and the remaining 14% were dependent on 
the main earning member of the family. Around 75% of the respondents earned between 
2000 and 7000 taka (26 and 115.74 USD as of December 2014) per month. The surveyed 
households consisted mostly (78% of the 200 households) of 3 to 6 members. Most of the 
surveyed households (86%) were katcha (floor of mud, wall of wood/tin/hay, roof of 
tin/hay) and the respondents mostly (76%) had mud-built roads surrounding their home 
(Figure 4-5). 

The questions in the second part of the questionnaire (Appendix E) were designed to 
elicit participants’ views of the disseminated warning as well as to elicit their suggestions 
for improving warnings in the future (Table 4-4). 
Table 4-4. Focus of the questionnaire survey and residents’ reaction related aspects covered by the 

questions used for the survey. 

Focus Aspects covered by the questions 
Reception and interpretation 
of the warning message 

• Media of warning message dissemination 
• Media preferred by the respondents 
• Respondents’ ability to interpret 

disseminated warnings 
• Influence of socio-economic status on the 

reception of warning messages by the 
respondents  

Response to warnings • Evacuation pattern among the respondents 
• Reasons for non-evacuation 
• Influence of socio-economic status on the 

respondents’ evacuation behavior 
Level of satisfaction with the 
disseminated warnings and 
suggestions for improvement 

• Respondents’ satisfaction level 
• Reasons for satisfaction 
• Suggestions for improving warnings in the 

future 

The respondents were allowed to make multiple answers for each multiple-choice question 
used in the second part of the survey. They were also permitted to express additional 
comments and views in free text at the end of each question. As pre-recorded warning 
messages were used to reveal respondents’ ability to understand warning message content 
and as the respondents might have difficulties in understanding all the questions in the 
questionnaire, the survey team asked all the questions verbally and noted the responses 
themselves for each of the 200 respondents. 

In the beginning of the survey, the respondents were asked to express their views on the 
media currently used for warning dissemination. Whether the respondents made an 
evacuation during the two selected TCs and reasons for their decision were asked at this 
point. Then, to get insight into the respondents’ ability to interpret warning message 
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contents, they were let to listen four pre-recorded warning messages (Appendix F), of 
which two messages were disseminated during TC Sidr and the other two messages were 
disseminated during Mahasen. After letting the respondents to listen, they were asked to 
describe the information contained in the messages and to highlight the differences between 
the two warning messages for the same TC. Finally, the respondents were asked to mention 
their satisfaction level with the disseminated warnings during the two studied TCs on a 5-
point scale (where points 1 and 5 indicate not satisfied and satisfied at a very high level, 
respectively). They were also asked for suggestions to improve TC warnings in the future. 
Several statistical techniques: multiple-response analysis, frequency distribution, binary 
logistic regression, factor analysis and cross tabulation were used to analyze the answers 
obtained in the second part of the questionnaire (Table 4-5). 

Table 4-5. Statistical techniques uses to analyze the participants’ response received in the second 
part of the questionnaire. 

Statistical techniques Used to analyze 
Multiple-response analysis (Edwards 
& Allenby, 2003; Santos, 2000)  

• Media through which the residents 
received warning messages during the 
two TCs 

• Through which media the residents 
would like to receive warning messages 

• Reasons for preferring those media 
• Reasons for selecting the warning 

satisfaction level  
• Suggestions for improving warning 

messages in the future  
Binary logistic regression • The media’s efficiency for warning 

message dissemination 
Frequency distribution • Accurate interpretation of the warning 

message content 
Factor analysis using Principal 
Component Analysis (PCA) 

• Reasons for non-evacuation 

Cross product calculation • Correlation between two or more 
variables, such as socio-economic 
status, reception of warning and 
response to warning 

4.3 TC track and intensity forecasting technique development 
In the second study, TC track forecasting techniques were reviewed to understand: 

1. Predictor use, which types of data are used by various TC forecasting techniques. 

2. Equation system use, which equation systems are used for producing TC forecasts. 

3. Computational resource requirements, computational resource required to run 
various forecasting techniques. 

4. Prediction accuracy, accuracy of forecasts produced by various TC forecasting 
techniques. 
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Though numerical TC track-forecasting techniques are the most advanced and the best 
performing among all the operational TC track-forecasting techniques (Rogers et al., 2006; 
Roy & Kovordányi, 2012, 2015), numerical techniques are not capable of producing TC 
intensity forecasts with similar accuracy (Cangialosi & Franklin, 2014; DeMaria et al., 
2007; DeMaria, Mainelli, Shay, Knaff, & Kaplan, 2005). Numerical techniques are usually 
complex, require high-end computers to run, and are vulnerable to inaccurate initial values 
(Jeffries et al., 1993; Roy & Kovordányi, 2012). These issues have motivated research into 
novel approaches for processing images to forecast TCs. 

ANNs inspired by the human visual system are well-known for their ability to recognize 
objects in 2D visual images (Fukushima, 2013; Itti et al., 1998; LeCun et al., 2015; 
O’Reilly et al., 2013). TC track and intensity forecasting on the basis of the patterns 
detected in multi-source 2D images and object recognition in 2D visual images are typically 
similar tasks; therefore, biologically based ANNs were used to produce TC track and 
intensity forecasts in this research. 

This research involves simulation of four biologically based ANNs. Of the four 
networks, two were simulated for TC intensity forecasting and two networks were 
simulated for combined TC track and intensity forecasting. Similar to other simulation 
model construction, a validation criterion was followed while constructing the four 
networks to make sure that the technique could be used to produce good accuracy forecast 
for its users after development. In the process of network construction, a three-step 
approach was followed to ensure the validity of the four networks (Law & Kelton, 1991; 
Van Horn, 1971). The three steps are described in detail in the next three subsections. The 
datasets used for TC track and intensity forecasting, structure of the four networks, 
information processing in the four networks, training and testing procedures, and how 
feature detection works in the four networks are described in subsections 4.3.4 to 4.3.10. 

4.3.1 Efficiency of the simulation tool with respect to 2D image processing 

Selecting an effective tool for constructing and simulating the four networks constituted the 
first step of network validation. Three-layer feed forward networks have been previously 
used for TC track and intensity prediction (Ali et al., 2007; Jin et al., 2008; G. P. Johnson & 
Lin, 1995; Lee & Liu, 2000; Pickle, 1991). However, these networks are not capable of 
simultaneous feature extraction from 2D images and cannot take into account the spatial 
relationship of the extracted features relative to the TC vortex. Therefore, robust pattern 
recognition from multiple images regardless of random variations in position and size 
relative to the image frame is hard to achieve using standard three-layer feedforward 
networks. 

Though biologically based ANNs have not yet been used for TC track and intensity 
forecasting, these networks are well-known for recognizing objects in visual images 
(Fukushima, 2013; LeCun et al., 2015; Li & Itti, 2011; O’Reilly et al., 2013; Wyatte, 
Curran, et al., 2012).  The problem of feature extraction from TC images and using it for 
TC track and intensity forecasting is similar to the problem of object recognition in visual 
images. Therefore, biologically based ANNs were used to produce TC track and intensity 
forecasts in this research. 

The ANN simulation tool Leabra (Local, Error-driven and Associative, Biologically 
Realistic Algorithm), which is available as a tool in the open-source neural network 
simulator emergent was used to construct and simulate the networks in this research (Aisa, 
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Mingus, & O’Reilly, 2008; CCNLab, 2014; O’Reilly & Munakata, 2000). Emergent has a 
long development history. This neural network simulator was first introduced as PDP++ 
already in 1986. After development, this simulator has been used, tested, and improved by a 
community of researchers, which establishes Leabra as a valid tool for the simulation. 

4.3.2 Testing assumptions 

Network-generated outputs could be sensitive to a wide range of preconditions, so different 
assumptions were handled carefully and systematically to reduce the network’s sensitivity 
to variations in certain preconditions (Law & Kelton, 1991). As assumptions are often 
unclear and difficult to track during the simulation, they can be difficult identify by those 
who are using the simulation results. For this reason, systematic assumptions handling is 
necessary (Eriksson, Morin, Ekberg, Jenvald, & Timpka, 2009). Of the seven categories of 
assumptions suggested by Eriksson and coauthors (2009), model assumptions, data 
assumptions, parameter assumptions, and control assumptions were handled systematically 
during construction of the networks. The remaining three categories were found irrelevant 
during network construction, because: 

1. Paradigm assumptions deal with underlying architectural properties and operative 
principles of a simulator. As these are given within the simulator used in the thesis, 
managing paradigm assumptions fell outside the scope of the present work. 

2. Behavioral assumptions concern human behavior and its interference in a 
simulation. As only physical processes govern TC track and intensity, managing 
behavioral assumptions were not necessary. 

3. Scenario assumptions refer to external context that might influence the simulation 
results. In this thesis, scenario could correspond to factors, such as cyclone 
formation basin. As this thesis does not compare the simulation performance for 
different basins, these assumptions were not managed. 

Model assumptions 

Model assumptions addressed which meteorological factors could be used for forecasting 
TC track and intensity. A number of factors govern TC track and intensity development 
(see section 2.2). Some of these factors are more important for determining the TC’s future 
track and intensity than others (Sampson, Jeffries, & Neumann, 1995; Sampson, Jeffries, 
Neumann, et al., 1995). For example, cumulonimbus cloud patterns visible in infrared 
satellite images, provide a very good indication of a TC’s track in the near future (Lajoie, 
1976; Lajoie & Nicholls, 1974) as well as TC’s future intensity change (Dvorak, 1972, 
1975). Therefore, satellite-derived infrared images are considered to be an important 
predictor for forecasting TC track and intensity. In addition, ocean heat content (Wada & 
Usui, 2007), sea-level pressure (Holliday & Thompson, 1979; Knaff & Zehr, 2007), wind 
direction and speed (Mueller et al., 2006; Sampson, Jeffries, Neumann, et al., 1995), and 
cloud-top temperature (Dvorak, 1984, 1995; Gentry et al., 1980) are among the influential 
factors governing TC track and intensity. Therefore, these five types of information 
(infrared image, ocean heat content, sea-level pressure, wind direction, and wind speed) 
were used for forecasting TC track and intensity in this research. 
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Data assumptions 

Data assumptions referred to issues associated with the availability and quality of the data 
used for TC track and intensity forecasting as well as issues related to the interpretation of 
the outputs in relation to this data. The images used in this research were recorded by 
multiple instruments. The spatial coverage, and spatial–, temporal–, and radiometric–
resolution of the TC images were also different. As these variations were related to the 
quality and availability of the data, outputs from the four networks could be sensitive to 
these variations. To reduce the networks’ sensitivity to these variations, several data 
assumptions were handled: 

1. Managing spatial coverage: five types of images with different spatial coverage 
were used for TC track and intensity prediction. All the original images were 
cropped into 14° latitude x 14° longitude squares centered on the TC eye, so that the 
TC vortex and the surrounding environment containing valuable information about 
TC track and intensity change could be captured in the same frame. This also 
allowed the four networks to be fed with different types of information covering the 
same area. 

2. Managing spatial resolution: An ordinary PC, with 2.4 GHz quad-core Intel CPU, 
using 3 gigabytes of RAM, was used for training and testing of the four networks. 
To match this low-end computational resource, low-resolution images were used for 
TC track and intensity forecasting. Spatial resolution of the five types of cropped 
images were downsized (upsized in the case of sea-level pressure images) to 60 x 60 
pixels. 

3. Managing temporal resolution: Temporal resolution of the five types of inputs were 
not the same. Though, infrared image, sea-level pressure, wind direction, and wind 
speed images are available four times a day, ocean heat content is available only 
once a day. The same ocean heat content image was used four times to match the 
temporal resolution of the other input images. 

4. Managing radiometric resolution: Radiometric resolution of the images used for TC 
track and intensity forecasting was not the same. Using of these images could result 
in large variations in the four networks’ activation pattern. To handle this problem, 
all the images were first converted into 8-bit grayscale, and then the pixel values of 
this grey scale images were compressed into the interval 0 and 1. As the original 
pixel values were transformed linearly in two steps, the information contained in the 
original image was not lost. 

5. Managing position variations: During training, if cloud and other patterns contained 
in the images appear at the same position in the input frame all the time, feature 
identification by the four networks could become sensitive to the features’ position, 
which could influence learning of the networks. Therefore, each image was shifted 
in position by zero, one, or two steps along both x- and y-axes. In this way, eight 
shifted images were generated (<x0, y1>, <x0, y2>, and so on) from each image. 
The size of the shift was two pixels at each step, so the shifted image differed in 
position by a maximum of four pixels (ca. 7 % of the image size) compared to the 
original image. As shape and size of cloud patterns are associated with TC intensity 
(Dvorak, 1972, 1975) as well as with TC motion (Lajoie & Nicholls, 1974), the 
images were not rotated or zoomed, when preparing the datasets for training and 
testing the networks. 
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6. Managing forecast length: In this research, TC intensity forecasts were produced for 
6–, 12– and 24–hours ahead. Three different datasets were also generated for 
producing intensity forecasts for three different lengths. For the 6–hour forecast 
datasets, images recorded at 6–hour intervals were used as inputs and the maximum 
wind speeds observed at 6–hour intervals were used as output intensity levels. Six–
hour time difference between the input image and the output intensity level was also 
used for forecasting TC intensity levels 6–hour ahead on the basis of the current 
input presented to the networks. For the 12–hour forecast datasets, the time 
differences between two input images and between two maximum wind speed 
observations were 12 hours. In this case, the time difference between the input 
image and the output intensity level was set to 12 hours. The datasets for 24–hour 
forecast were also prepared in the same way. Combined TC track and intensity 
forecasts were produced only for 12–hours ahead. Images recorded at 12–hour 
intervals were used as inputs. Maximum wind speeds observed at 12–hour intervals 
constituted the intensity part of the output, whereas TC eye positions in two images 
recorded at 12–hour intervals and distance between these two eye positions together 
created the track part of the output. A 12–hour time difference between input image 
and output track and intensity levels was also used. 

Parameter assumptions 

Parameter assumptions referred to the values of different parameters used for the 
simulation. Emergent allows for highly customizable networks for simulating biologically 
based ANNs (O’Reilly, 1998; O’Reilly & Munakata, 2000). However, for simulating the 
four networks, the default values were used for most of the parameters. The values were 
changed for the following parameters, to improve learning and generalization performance: 

1. RF (receptive field) size 

2. Threshold value for firing output activation or firing threshold 

3. Amount of Hebbian and error driven learning, and 

4. Activity level over the layers. 

Size of the RFs of the units in the first hidden layer is important for task learning and 
generalization ability of a network (O’Reilly & Munakata, 2000). The four networks were 
systematically tested using RFs of varying size on the basis of the TC images in Table 4-6 
to get the optimal RF size for TC track and intensity forecasting in this research. 

Table 4-6. RF size and availability of meaningful features in the RFs. 

TC images used for 
network performance 

optimization 

Receptive field size (pixels) 
26x26 20x20 16x16 
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TC images used for 
network performance 

optimization 

Receptive field size (pixels) 
26x26 20x20 16x16 

    

    

    
Note: RFs that contain a few/no meaningful features are marked using grey background. 

Leabra uses a biologically derived activation function, to mimic the information processing 
dynamics in the human brain (O’Reilly & Munakata, 2000). How strongly a unit should 
react to input can be expressed by the following biologically based sigmoid activation 
function (Equation 1): 

𝑦𝑦𝑗𝑗 = 𝛾𝛾[𝑉𝑉𝑚𝑚− Θ]+
𝛾𝛾[𝑉𝑉𝑚𝑚− Θ]++1

,      [𝑍𝑍]+ = {0 𝑖𝑖𝑖𝑖 𝑧𝑧<0
𝑧𝑧 𝑖𝑖𝑖𝑖 𝑧𝑧≥0       Equation 1 

Where, 
yj = activation of receiving unit j 
γ = gain 
Vm = membrane potential 
Θ = firing threshold 

The output activation produced by each single unit can be changed by changing the 
value of Θ. In emergent, the default value of Θ is 0.50. However, for the four networks used 
for TC track and intensity forecasting, Θ = 0.47 was used. The pattern of bright pixels 
capable of producing strong input was not evenly distributed in all the images used for track 
and intensity forecasting in this research (Figure 4-6). For example, in the sea-level 
pressure images, pixel values were remarkably low, whereas in the wind speed images 
high-value pixels appeared in clustered form (Figure 4-6). The default value of Θ could not 
assist the units to produce activation outputs useful for the task; therefore lowering of the Θ 
value was necessary. With a lower Θ value, more units could produce activation outputs 
during training. 

The proportion of Hebbian (unsupervised) and error driven (supervised) learning is 
another important issue for task learning and generalization. Hebbian learning enhances the 
generalization ability in recurrent hierarchical networks through imposing locally derived 
constraints on weight development (O’Reilly & Munakata, 2000). Also, locally developed 
feature detectors facilitate the processes of feature extraction and image processing during 
the generalization phase. The four networks were systematically tested using different 
combinations of Hebbian and error driven learning to get the combination, which is most 
suitable for TC track and intensity forecasting. 
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Leabra uses kWTA (k-Winners-Take-All) to achieve inhibitory competition among the 
units within a unit group and/or within a layer (O’Reilly & Munakata, 2000; Wyatte, Herd, 
Mingus, & O’Reilly, 2012). This inhibition allows exactly k number of units to become 
activated above threshold. In this research, 25% of the units within each group/hidden layer 
were allowed to be active. To ensure that only a single unit became active in the output 
layers (representing a certain movement direction or intensity level), the value k = 1 was 
specified directly. 

Control assumptions 

Control assumptions tackled the criteria for terminating or continuing the simulation runs. 
All the four networks were trained in epochs3. The networks were allowed to run a 
maximum of 50 epochs and each of the four networks completed 50 epochs during a batch 
(training run). A training termination criterion was also used to stop simulation runs before 
the 50th epoch, when the network produced zero error for all training images two times in a 
row. In this case, the number of epochs the networks required to complete during a batch 
was less than 50. These control settings were not obligatory for simulating the four 
networks in emergent. Either the four networks learned all the training images within 30 
epochs or the learning curves stabilized at certain point between 20th or 30th epochs. 
Therefore, it was assumed that continuation of the simulation after 50th epoch would only 
replicate similar results. 

4.3.3 Match between network-generated and expected outputs 

In the field of TC track and intensity forecasting, observed TC position and intensity in the 
TC best track data (JTWC, 2014; NOAA, 2015) are considered to be the most accurate 
information available about TC track and intensity. Therefore, comparing the network-
generated track and intensity outputs with the observed track and intensity level in the TC 
                                                 
3 All the input images used for training are presented to the four networks once during an epoch. 

 
Figure 4-6. RFs and distribution pattern of high, medium, and low value pixels 

in the five types of images used for TC intensity forecasting. 
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best track data was considered as the best option for validating the four networks’ 
performance in the last step. 

In order to test different parameters quickly (see section 4.3.2), images of 60 x 60 pixels 
in size were used for training and testing the four networks. These low-resolution images 
limited producing TC movement forecasts to a maximum of eighteen possible directions, 
and seven intensity categories. The network-generated TC track and intensity forecasts 
were compared to the observed tracks (360° was divided into 18 equal angles) and intensity 
categories (categorized wind speeds according to the Saffir-Simpson hurricane intensity 
scale) in the TC best track data on two separate datasets (see section 4.3.4) for accessing 
accuracy. 

4.3.4 Datasets used for training and testing 

Multi-source infrared, ocean heat content, sea-level pressure, wind direction and wind 
speed images of nine TCs formed in the Atlantic basin during the years 2008 and 2009 were 
used for TC track and intensity forecasting. The five types of images, infrared, ocean heat 
content, sea-level pressure, wind direction, and wind speed4 used for TC track and intensity 
forecasting (Figure 4-6) were recorded at 6–hour intervals; therefore, the number of images 
generated for each of the TCs varied depending on its lifecycle.  

Five images recorded at a given time and the observed TC intensity category according 
to the TC best track data for that time plus forecast time offset was used as input-output pair 
for training and testing the two intensity-forecasting networks. Intensity forecasts were 
produced into seven intensity categories following the Saffir-Simpson hurricane intensity 
scale in the Atlantic basin (NHC (National Hurricane Center), 2013). The first and the 
second intensity categories represented tropical depression and tropical storm respectively. 
Intensity categories from three to seven represented category 1 through 5 hurricanes in the 
Saffir-Simpson scale.  

The two intensity-forecasting networks were tested in two ways. First, the temporal 
image sequences belonging to the TCs were split randomly towards the end for preparing 
datasets for training and testing. The initial part of each sequence consisting of around 90% 
of the images of the sequence was used for training, whereas, the latter part consisting of 
around 10% of the images of the sequence (subsequently called late-phase images in this 
thesis) was used for testing the two intensity-forecasting networks (Table 4-7). These late 
phase images constituted the first type of images used for testing. 

Table 4-7. Number of train and test images used for TC track and intensity prediction. 

TCs used for 
this study 

Images 
recorded during 

Number of input-output pairs 

For 6 hour 
forecast 

For 12 hour 
forecast 

For 24 hour 
forecast 

Train Test Train Test Train Test 
AL 02 (2008), 2008070312* to 240 30 120 15 56 7 

                                                 
4 The author thanks John Knaff, research scientist at NOAA/NESDIS/Regional and Mesoscale 

Meteorology Branch, Fort Collins, Colorado, for providing him with infrared, ocean heat content, 
wind speed, and wind direction data. 
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TCs used for 
this study 

Images 
recorded during 

Number of input-output pairs 

For 6 hour 
forecast 

For 12 hour 
forecast 

For 24 hour 
forecast 

Train Test Train Test Train Test 
Bertha 2008071100 
AL 04 (2008), 
Dolly 

2008072106 to 
2008072412 

104 13 48 6 - - 

AL 07 (2008), 
Gustav 

2008082518 to 
2008090200 

232 29 112 14 56 7 

AL 08 (2008), 
Hanna 

2008082812 to 
2008090318 

200 25 96 12 48 6 

AL 09 (2008), 
Ike 

2008090118 to 
2008091006 

272 34 136 17 64 8 

AL 11 (2008), 
Kyle 

2008092600 to 
2008092912 

104 13 56 7 - - 

AL 15 (2008), 
Omar 

2008101406 to 
2008101806 

128 16 64 8 32 4 

AL 17 (2008), 
Paloma 

2008110518 to 
2008110918 

128 16 64 8 32 4 

AL 03 (2009), 
Bill 

2009081518 to 
2009082118 

- 207 - 96 - 45 

*First four digits indicate year, next two digits indicate months, next two digits indicate days and 
last two digits indicate hours. 

Secondly, network performance was tested on a completely novel TC. The complete 
temporal image sequence recorded during the lifecycle of hurricane Bill constituted a 
second type of test. Out of the nine TCs, eight TCs formed during the year 2008 and Bill 
was the only TC that formed during the year 2009. As the lifecycles of hurricane Dolly (AL 
04, 2008) and hurricane Kyle (AL 11, 2008) were short (would result in few training and 
test images), these two TCs were not used for 24–hour intensity forecast.  

In addition to the five types of input images and the observed TC intensity levels, the 
observed TC movement direction and speed according to the TC best track data was used 
for training and testing the two combined TC track and intensity forecasting networks. 
Movement direction and movement speed forecasts were produced into 18 and 12 
categories respectively. Unlike the two intensity-forecasting networks, the two combined 
TC track and intensity forecasting networks were tested only for the late-phase images 
(Table 4-7). 

4.3.5 Network structure 

The success in obtaining a reliable and robust network depends strongly on the choice of 
process variables involved as well as the available set of data and the domain used for 
training purposes (Despagne & Massart, 1998). A three-step approach was followed to 
construct valid networks for TC track and intensity forecasting in this research (see section 
4.3). The number of variables used for prediction and the number of variables to be 
predicted is represented by the number of input layers used and the number of output layers 
respectively (Kasiri, Aleboyeh, & Aleboyeh, 2008). 
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The two intensity-forecasting networks processed inputs at four hierarchical levels. The 
first and the last processing levels in the hierarchy constituted the input and the output 
respectively. Five separate layers were used at the input level to feed the five different types 
of images into the two networks in parallel. Thus, five input layers, two hidden layers (V1-
V2 and V4-IT) and one output layer (called intensity) constituted the basic structure of the 
two intensity-forecasting networks in this research (Figure 4-7).  

The two intensity-forecasting networks were identical, but to store prior time step’s hidden 
layer activity and use that information for interpreting the current image, two additional 
layers (called V1-V2 context and V4-IT context) were used in one of the two networks 
(Figure 4-7b). These two additional layers allowed the network to handle temporal pattern 
of intensity change in a way, which is similar to Markov chain (O’Reilly & Munakata, 
2000). Structure and important features of the layers are described in the list below: 

1. Each input layer was 60 x 60 pixels in size and was divided into four parts (32 x 32 
pixels each). These parts worked as RFs for the units in the V1-V2 layer. 

2. In V1-V2 hidden layer, units were arranged into 2 x 2 groups. Each of these groups 
contained 7 x 7 units and received inputs from an area covering 32 x 32 pixels in all 
the five input layers (RFs). Units in the same group had same RF and all four groups 
together covered the entire input layer. The RFs were also allowed to overlap at the 
edges by two pixels in order to maintain continuity of the images during processing. 

3. V4-IT hidden layer contained 9 x 9 units. All the units in this layer received 
combined information from all the groups in V1-V2 layer. Thus, units in V4-IT 
hidden layer received information from all the parts in the five input layers. 

 
Figure 4-7. The two networks used for intensity forecasting. a. Network 

without context layers and b. network using context layers. 
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4. The V1-V2 and V4-IT context layers contained the same number of units as V1-V2 
and V4-IT hidden layers respectively. These layers were bi-directionally connected 
to the hidden layers. Connections from the hidden layers to the context layers were 
one-to-one that means activations were allowed transfer from a certain unit in the 
hidden layer to the corresponding units in the context layer. For example, from the 
lower left unit in the lower left group of V1-V2 hidden layer to the corresponding 
unit in the V1-V2 context layer. Connections from the context layers to the hidden 
layers were many-to-many that means all the units in the context layers sent 
activations to all the units in the hidden layers.  

5. A vector of 7 x 1 units in size represented the intensity layer. Each unit of this 
vector indicated one of the seven intensity levels of the Saffir-Simpson hurricane 
intensity scale. The unit at the left end of this vector represented the intensity of a 
tropical depression and the unit at the right end represented the intensity of a 
category five TC. 

Structure of the two combined TC track and intensity forecasting networks were identical to 
the two intensity-forecasting networks (Figure 4-8), except that two additional output 
layers, movement direction and movement speed were used to produce forecasts for TCs’ 
movement direction and speed of TCs’ location change respectively. A single output layer 
was enough to produce forecasts for TC intensity, but for forecasting track, both movement 
direction and movement speed information were necessary. Movement direction denoted, in 
which direction a TC might move in the future (during the next 12 hours in this case), 
whereas, movement speed provided information about, at which speed (in km/h) the TC 
changed its location in that direction, which finally provided the distances the TC is 
expected to cross during the next 12 hours. 

 
Figure 4-8. Networks for combined track and intensity forecasting, a. 
network without context layers and b. network using context layers. 
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4.3.6 Information processing in the network 

Information processing in the network started with transferring of weighted sum of inputs 
from the input layers to the first hidden layer. How strongly a unit should react to input can 
be expressed by a biologically based sigmoid activation function. The four networks 
processed each input image through two activation phases namely, minus and plus phases. 
In the minus phase, the networks processed each input through the layers and produced a 
track or an intensity forecast by settling down into an activation state (activations ranging 
between 0 and 1) that was consistent with that particular input and the current set of 
weights. To achieve inhibitory competition among the units within a group and/or within a 
layer the kWTA inhibitory function was used (O’Reilly & Munakata, 2000). In the plus 
phase, the four networks’ activations were reset and both the input and the correct output 
were presented to the networks. This allowed all the hidden layer units of the four networks 
to reach an activation state (ranging between 0 and 1) that was required for producing the 
correct output. 

The minus and the plus phase activations of each unit were compared and the activation 
error produced by each unit was calculated. This error was gradually decreased during 
training by adjusting the receiving weights for each unit according to the activation error 
(error-driven or supervised part of the learning). Moreover, a weight change was also 
computed on the basis of the co-activation pattern of paired units (correlation-based or 
unsupervised part of the learning). During training, a positive weight change was assigned 
to encourage co-activated pairs, whereas a negative weight change was assigned, if 
receiving unit in a pair was active but the sending unit was inactive. Any weight change did 
not take place in cases, when the receiving unit in a pair was inactive (O’Reilly & 
Munakata, 2000). The resultant weight of each connection remained within the interval 0 
and 1, which was obtained through combining the error-driven and the correlation-based 
Hebbian learning components and normalizing the weights after each update cycle. 

4.3.7 Training of the networks 

Input-output pairs used to train the four networks were stored in a data-table as rows. In the 
two intensity-forecasting networks, each row consisted of five 60 x 60 (for the five input 
images) and one 7 x 1 (for output) matrices. In the two combined track and intensity 
forecasting networks, though size of the matrices used for the five inputs was 60 x 60, three 
different matrices of size 18 x 1 (movement direction), 12 x 1 (movement speed), and 7 x 1 
(intensity) were used for three different outputs. In the beginning of the simulation, random 
weights were assigned to all the connections in the four networks. The networks were 
trained in epochs using the settings presented in Table 4-8. During each epoch, all the 
training images of the same TC were presented to the four networks in a sequential 
(temporal) order. A learning rate schedule was used for all the four networks to gradually 
decrease the initial learning rate of 0.01 during training, in this way speeding up initial 
weight changes, while helping the weights to better stabilize towards the final stages of 
training. 

The four networks’ performance during training was measured as the difference between 
the output generated by the networks and the correct output (movement direction/intensity) 
for that particular image provided in the training data set. This error was calculated for all 
the output units, squared for handling sign differences, and finally summed to produce 
overall summed squared error (SSE) each time an input-output pair was presented to the 



 

69 

four networks. SSEs produced by the networks in the course of processing all input-output 
pairs in the training set were averaged to get an average SSE at the end of each epoch. 

An additional measure of error that was used was ‘count error’. This measure differs 
from SSE in that it simply counts the cases where the output is wrong, not taking into 
consideration the amount of deviation from the target output. In other words, if the correct 
output unit was activated above 0.5, and all other output units were below 0.5 in activation, 
the output was considered to be correct. In all other cases, the output was counted as 
incorrect. 

Table 4-8. Datasets and settings used for training the four networks. 

Training of the two intensity-forecasting networks 
 

Forecast 
length 

Dataset 
used 

Number of input-output pairs, 
when the training datasets 

consisted images of 

Maximum 
epochs 

Number 
of 

training 
runs 

Training 
stopping 
criterion 

4TCs 5TCs 6TCs 7TCs 
6 hour 6–hour 

forecast 
776 - 1152 1280 50 10 0 error 

two times 
in a row 

12 hour 12–hour 
forecast 

- 512 568 635 50 10 0 error 
two times 
in a row 

24 hour 24–hour 
forecast 

224 256 - - 50 10 0 error 
two times 
in a row 

Training of the two combined track and intensity forecasting networks 
 

Forecast 
length 

Dataset 
used 

Number of input-output pairs, 
when the training datasets 

consisted images of 

Maximum 
epochs 

Number 
of 

training 
runs 

Training 
stopping 
criterion 

7TCs 8TCs 
12 hour 12–hour 

forecast 
635 699 50 10 0 error 

two times 
in a row 

As the four networks learned to correctly interpret more and more input images during 
successive epochs of each batch (training run), both the average SSE and the number of 
images for which the networks produced a wrong prediction (count error) decreased 
gradually. At the end of each training run, the four networks stopped updating the weights, 
saved the final weights, and initialized random weights to all the connections, so that 
another training run could take place. Each of the four networks was trained for 10 batches 
to make sure that the networks’ learning performance was not influenced by the random 
initial weights. The weights that were saved at the end of each training run were later used 
for initializing the four networks’ weights when starting up testing, and were not used for 
incremental training. 

4.3.8 Training performance 

Training performance of the four networks during individual training run was stable and not 
dependent on initial random weight. Of the two intensity-forecasting networks, the network 
without context layers learned faster and performed little better compared to the network 
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using context layers, when the networks were separately trained using the 6–hour, 12–hour, 
or the 24–hour forecast datasets of different number of TCs (Figure 4-9). 

The learning curve reached zero count error after around 35 epochs, when the intensity-
forecasting network without context layers was trained using the 6–hour forecast datasets of 
four TCs (Figure 4-9a). When the same network was trained using the 6–hour forecast 
datasets of six and seven TCs, the learning curves stabilized at 2 count error after around 20 
epochs (Figure 4-9a). The learning curves went down to zero within 25 epochs, when the 
12–hour forecast datasets of five, six, and seven TCs were used for training (Figure 4-9b). 
The learning curves went down to zero within 10 epochs, when the 24–hour forecast 
datasets of four and five TCs were used for training (Figure 4-9c). 

Training error decreased gradually up to 20 epochs and stabilized at 12 count error, when 
the intensity-forecasting network using context layers was trained using the 6–hour forecast 
datasets of four TCs (Figure 4-9d). The training error was greater when images of six and 
seven TCs were used for training (Figure 4-9d). For the 12–hour forecast datasets of five, 
six, and seven TCs, the learning curves reached at around 30 count error after 10 epochs, 

 
Figure 4-9. Training performance of the two intensity-forecasting networks. Figures a. 

through c. illustrate learning curves produced by the network without context layers for 6–, 
12–, and 24–hour forecast datasets. Figures d. through f. illustrate learning curves produced 

by the network using context layers for 6–, 12–, and 24–hour forecast datasets. 
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then gradually reached at around 2 count error after 20 epochs and stabilized there for rest 
of the training (Figure 4-9e). The learning curves reached zero within 30 epochs, when 24–
hour forecast datasets of four and five TCs were used for training (Figure 4-9f). 

It has previously been mentioned that the two combined TC track and intensity 
forecasting networks were trained only for producing 12–hour forecast. Learning 
performance of the two networks were stable, when the two networks were trained using 
12–hour forecast datasets of seven and eight TCs (Figure 4-10). Both the SSE and count 
error produced by the network without context layers decreased rapidly within 15 epochs, 
then stabilized at around 0.03 and 5 respectively during rest of the training (Figure 4-10a 
and b). Learning performance of the network using context layers was almost the same as 
of the network without context layers (Figure 4-10c and d). SSE and count error decreased 
sharply within 14 epochs and then stabilized at around 0.01 and 1 respectively during 
continued training. 

4.3.9 Activation-based receptive field analysis 

To give an insight into how feature detection works in the four networks, an Activation-
based RF (ActRF) analysis was conducted on the units in the upper-right V1-V2 group of 
the two intensity-forecasting networks (Figure 4-11). ActRF analysis reveals how an 
individual unit’s activity in the analyzed layer is correlated with the activation patterns in 
the five input layers and the output layer. When analyzing V1-V2 hidden layer with respect 
to the input and output layers, the analysis shows, which input patterns a feature detector 
has specialized for, and which TC intensity output that a particular feature detector unit 
contributes to. 

The activation patterns visualized in Figure 4-11 show the average input favored by the 
detectors (units in the upper-right group) in the V1-V2 hidden layer, measured across all the 
inputs. Each square in Figure 4-11 represents the input as seen by a particular unit in the 

 
Figure 4-10. Learning performance of the two networks used for combined TC track and 
intensity forecasting. Figures a. and b. illustrate learning curves produced by the network 
without context layer, whereas figures c. and d. illustrate learning curves produced by the 

network using context layers. 
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analyzed V1-V2 group. As can be seen, there were 7 x 7 units in the V1-V2 group. The 
upper-right corners of the squares in Figure 4-11 are marked using white lines. This is the 
portion of input that a unit in the V1-V2 hidden layer actually sees input from. The activity 
patterns within these sub-squares represent the features that the particular unit has learned 
to favor. Some units in this group learned to react to very specific features associated with a 
few input images, which resulted in discrete activation preferences in Figure 4-11. 

 
Figure 4-11. a. through e. illustrate activations in the input layer averaged over cases, when the 

receiving units in the upper-right group of the V1 layer became activated by all the input images 
(12–hour datasets of six TCs) during training, and f. illustrates the forecasted intensity level 

produced by each unit in this group. Each square in this figure illustrates the input as seen by a 
particular unit in the analyzed V1 group. As can be seen, there were 7x7 units in the V1 group. 
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Activations received by the units in the upper-right V1-V2 group from the infrared layer 
indicate that these units learned to react to features that are common in all the infrared 
images. Elongated shapes in Figure 4-11a, seems to be associated with low TC-intensity 
level, whereas spherical shapes in Figure 4-11a, appear to be related to higher TC-intensity 
levels in the output layer (Figure 4-11f). 

Clusters of highly activated (bright) pixels in the centers of the squares in Figure 4-11b 
seem indicate high ocean heat content. This type of activation pattern is also associated 
with higher TC-intensity levels in Figure 4-11f. The presence of more lowly activated 
(dark) pixels as well as non-clustered bright pixels in the activation patterns most likely to 
specify low ocean heat content, which are also associated with low TC-intensity levels. 

Low central pressure levels usually characterize intense TCs. Activation patterns 
containing more lowly activated pixels in Figure 4-11c are representative of low sea level 
pressure. These patterns are also associated with higher TC-intensity levels, whereas 
patterns containing more highly activated pixels seem to be correlated to low TC-intensity 
levels in Figure 4-11f. 

In the wind direction images, pixel values represent movement directions (in degrees) of 
wind surrounding the TCs. However, to link these features with output TC intensity levels, 
first it is necessary to know the wind circulation pattern within a TC. In the northern 
hemisphere, wind travels counterclockwise around a low-pressure center. Therefore, winds 
blowing towards west and northwest usually arise in the north and north-east corner of a 
low-pressure center in an intense TC. These west or northwest blowing winds have a 
movement direction of >270°, whereas winds blowing towards south or east have 
movement directions, which is <270°. In the wind direction features (Figure 4-11d), west or 
north-west blowing winds are represented by highly activated pixels, whereas winds 
blowing towards other directions are represented by lowly and moderately activated pixels. 
The presence of highly activated pixels in the north and north-east corner is noticeable in 
the activation patterns, which are associated with high intensity levels. Activation patterns 
where highly activated pixels are not present in that corner seem to be associated with low 
intensity levels in Figure 4-11f.  

Activation patterns containing broader areas highly activated pixels in Figure 4-11e 
seem to be associated with high wind speed and thus with higher TC-intensity levels in 
Figure 4-11f. Activation patterns consisting of smaller areas of moderate wind speed 
(represented by few highly activated and more lowly activated pixels) appear to be 
associated with low TC-intensity levels.  

4.3.10 Testing of the networks 

The two intensity-forecasting networks were separately tested for two types of test datasets 
(Table 4-9). In contrast, the two combined TC track and intensity forecasting networks 
were tested for the 12–hour forecast test datasets consisting of late-phase images (images 
recorded during the end of TC lifecycles) of seven or eight TCs (Table 4-9). 

As learning did not take place during testing, the four networks’ performance for the test 
datasets was dependent on the final weights saved during individual training runs. All the 
weights saved during the individual training runs were used to initialize the four networks’ 
weights during testing. Network performance during testing was measured using the same 
gauges as in network training (SSE and count error). 
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Table 4-9. Datasets used for testing the four networks. 

Datasets used for training the two intensity-forecasting networks 
Forecast 

length 
Dataset 

used 
Number of input-output 

pairs, when the test datasets 
consisted late-phase images 

of 

Number of input-output 
pairs, when the test 
datasets consisted 

images of novel TC Bill 
4TCs 5TCs 6TCs 7TCs 

6 hour 6–hour 
forecast 

97 - 144 160 207 

12 hour 12–hour 
forecast 

- 64 71 79 96 

24 hour 24–hour 
forecast 

32 28 - - 45 

Datasets used for training the two combined track and intensity forecasting 
networks 

Forecast 
length 

Dataset 
used 

Number of input-output pairs, when the test datasets 
consisted late-phase images of 

7TCs 8TCs 
12 hour 12–hour 

forecast 
79 87 
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  Chapter 5
 
Results 

5.1 Results elicited from warning providers 
The answers obtained during the interview among the meteorologists at BMD are provided 
in the next three subsections. These subsections also correspond to the three main themes in 
Table 4-3. 

5.1.1 TC forecasting 

BMD has access to data recorded using ground, ocean, air, and space borne instruments 
(Table 5-1). Despite the availability of high-quality meteorological data, BMD is only using 
wind speed and wind direction information for forecasting TCs in the Bay of Bengal (BoB). 
The meteorologists at BMD use radar and satellite recorded images, but these images are 
only used for getting TCs’ current position and not as inputs to the TC forecasting 
techniques. 

Table 5-1. Data availability and data used for TC forecasting. 

Instruments Data Type Availability 
(Y/N) 

Used for TC 
forecasting 

(Y/N) 
Ground based Temperature  Y N 

Humidity  Y N 
Rainfall  Y N 
Pressure  Y N 
Wind speed and 
direction  

Y Y 

Solar radiation Y N 
Radar Y Y 

Ocean based 
(Ocean buoy) 

meteorological 
and sea surface 
data  

Y N 

Upper air 
(weather balloon) 

Wind speed and 
direction  

Y Y 

Space based Weather satellite 
image  

Y Y 

Once data from ground-based weather stations and weather balloons are available, the 
meteorologists at BMD produce TC forecasts in three successive steps (Figure 5-1): 
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1. In the first step, wind data are interpolated to produce a map of continuous wind 
fields showing wind speed and wind direction. The current and recent past locations 
of the current TC are also plotted on the same map. These wind data are analyzed 
using Buys Ballot law (Roulstone & Norbury, 2013) to better realize the synoptic 
condition associated with the approaching TC. 

2. In the second step, wind speed and direction within the TC vortex are compared 
with wind direction and speed in the surrounding environment to determine the 
pressure level (steering level), where environmental winds match best with the 
winds within the TC vortex.  

3. TC forecasts are produced in the final step, where meteorologists take advantages of 
three different techniques separately: (a) steering airflow determination (Keenan, 
1982), (b) averaging across historical TCs (Jeffries et al., 1993), and (c) climatology 
and persistence (Neumann, 1972). Though these techniques are separately used for 
producing TC forecasts, meteorologists ultimately rely on their expert knowledge to 
forecast TC track and intensity for the next 12 hours on the basis of the movement 
direction and speed of the analogous past TCs and the extrapolated movement of the 
current TC. 

5.1.2 Warning message formulation and dissemination 

BMD receives numerical-model-generated forecasts from RSMC (Regional Specialized 
Meteorological Center) in India as a member state of the World Meteorological 
Organization (WMO), but the meteorologists at BMD always emphasize self-produced 
forecasts during the formulation of warning messages. In the warning messages, two 
separate signaling systems are used for the maritime and the river ports to express the 

 
Figure 5-1. Flowchart of TC forecasting at BMD prepared based on the 

flowcharts drawn by the meteorologists during the interview. 
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danger levels associated with TCs. An 11-point signaling system (Appendix B), where 1 
corresponds to the lowest and 11 corresponds to the highest danger level, is used for the 
maritime ports. In contrast, a 4-point signaling system (Appendix C), where signals 1 and 4 
refer to the lowest and the highest danger levels, respectively, is used for the river ports. 
The current TC signaling system at BMD was introduced during the British colonial period. 
In this system, the coastal districts located to the west of the Meghna estuary are considered 
as the command area of the Mongla maritime port, while districts located to the east are 
considered as the command area of the Chittagong maritime port. Maritime ports and their 
command areas always receive the same signal (danger level) in the warning message 
(Appendix F). 

Once the warning message is formulated, BMD disseminates it to the maritime ports, the 
river ports, and the media. BMD also sends the warning message directly to the National 
Coordination Committee, the cyclone preparedness program, the relief and rehabilitation 
authorities and to the local administrations (Akhand, 2003; Debsarma, 2001). BMD 
disseminates new warning messages as special weather bulletins at every three to six hours, 
depending on the severity and motion characteristics of the approaching TC (SWC (Storm 
warning Center), 2007, 2013). 

5.1.3 Limitations and future development plans 

Data scarcity over the BoB is one of the major problems that BMD is currently struggling 
with (Table 5-2). Wind speed and direction data recorded by ground-based stations are 
available every 6–hours, whereas upper-level wind speed and direction data recorded by 
weather balloons are only available every 12–hours. TCs in the BoB spend most of their 
lifespans outside the coverage of these weather stations as well as outside the coverage of 
the two radars installed in the coastal area of Bangladesh (Figure 5-2). Therefore, the 
meteorologists have to use interpolated values of 12–hour old upper atmospheric wind 
information to produce forecasts for TCs. 

BMD has access to ocean buoy as well as NCEP (Kalnay et al., 1996) and ECMWF 
(Simmons, Uppala, Dee, & Kobayashi, 2007) atmospheric reanalysis data, which could 
solve the problem of data scarcity over the BoB. However, the currently used TC 
forecasting techniques do not support the formats of these data. In addition, the 
meteorologists at BMD do not have the necessary expertise to re-code and use these data as 
inputs to the operational TC forecasting techniques for producing better quality forecasts. 

The three TC forecasting techniques that the meteorologists at BMD take advantages of 
are not capable of producing good accuracy forecasts (Jeffries et al., 1993; Roy & 
Kovordányi, 2012, 2015). This means the meteorologists at BMD ultimately have to rely on 
their expert knowledge for producing TC track and intensity forecasts. As the 
meteorologists do not use any forecast verification, it is not possible for them to include the 
precision level of the produced forecasts in the disseminated warning messages (Appendix 
F). Moreover, too many danger-level options in the current signal system make the 
warnings difficult to understand by the residents in the coastal areas (U. Haque et al., 2012; 
Miyan, 2006). 

BMD currently runs four numerical techniques for producing forecasts for storm surge 
and rainfall. These techniques are capable of using data obtained from multiple sources as 
predictors, therefore, could be transformed into effective TC forecasting techniques with 
necessary adjustments. As the meteorologists do not have necessary data-processing skills 
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and computational knowledge to modify these techniques, producing good accuracy 
forecasts for new atmospheric phenomenon like TC seems not possible. 

During the interview, the three meteorologists proposed a number of plans for improving 
the effectiveness of cyclone early warning system in the future (Table 5-2). 

Table 5-2. Limitations of TC forecasting and warning at BMD and plans suggested by the 
meteorologists for improving effectiveness of cyclone early warning system in the future. 

Limitations Future development plans 
Data scarcity over the Bay of 
Bengal 

Using new data for better coverage over the 
BoB, such as:  
• ocean buoy data, and  
• atmospheric reanalysis data products. 

Quality of the forecast and 
forecast verification  

Deploying the hurricane-forecasting version of 
the Weather Research and Forecasting (HWRF) 
model for precise long-term TC track and 
intensity forecasts. 

Lack of expertise and data 
integration 

• Further training to allow the meteorologists to 
handle new types of data and numerical 
weather prediction models.  

• National and international collaboration. 
Difficult to understand danger 
levels in the warning messages 

Deploying generalized signaling system for the 
maritime and river ports (Appendix G).  

Insufficient computational 
resources 

Scaling up the computational resources.  

 
Figure 5-2. a. Illustrates track of the two studied TCs. The two circles in illustrate the 
coverage of the two radars that are installed in the coastal area. Figure b. illustrates 

locations of ground-based weather stations, ground-based radar stations, and weather 
balloon stations in Bangladesh. 
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5.2 Results elicited from warning receivers 
The answers obtained from the 200 respondents in the questionnaire survey are provided in 
the next five subsections. 

5.2.1 Warning message reception 

90.5% of the 200 respondents received warnings during Sidr, and this number increased to 
96% during Mahasen. The remaining respondents did not receive warning messages mainly 
due to: (a) did not have access to radio or television, and/or (b) lived in remote areas, and 
therefore could not be reached by megaphones.  

Various media’s role in warning message dissemination among the participants: (a) the 
media through which they received warning messages during the two TCs, (b) media 
through which they would like to receive warning messages, and (c) reasons for preferring 
those media are presented in Table 5-3. 
Table 5-3. Media from which the respondents received warning messages, media from which they 

would like to receive warnings, and whether they found the media dependable and easily 
understandable. 

Media of warning Received 
warnings from 

(in %) 

Preferred to 
receive warnings 

from (in %) 

Found the media 
dependable and 

easily 
understandable 

(in %) 
Multiple responses were possible 

Electronic media 
(radio, TV) 

67.5 57.0 53.0 

Mega phone 78.9 56.5 59.0 
From other persons 22.2 1.0 1.0 
Signal flag 14.4 4.5 6.0 
Newspaper 2.0 1.0 1.0 
Total response 185.0 120.0 120.0 

During Sidr, receiving of the warning messages were significantly related to the 
respondents’ gender (p = .012 and F = 6.459) and occupation (p = .003 and F = 3.395). 
However, socio-economic status had no significant influence on receiving of the warnings 
by the residents during Mahasen. 

5.2.2 Warning message interpretation 

The extent to which the respondents were able to understand the information contained in 
the prerecorded warnings and differences in information between two warnings of the same 
TC after listening are presented in Table 5-4. The respondents could extract most of the 
information contained in the warning messages correctly. However, misinterpretation rates 
were high for information on: “forecasted movement direction”, “time of landfall”, and 
“surge height” (marked using italic and boldface numbers in the tables) compared to the 
other information, such as current TC location, danger level in Table 5-4. 
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Table 5-4. Correct interpretation of the warning messages by the respondents. 

Information 
in the 
warning 
message 

Warnings disseminated 
during Sidr 

Warnings disseminated 
during Mahasen 

Special 
bulletin 
No. 5 on 12 
Nov. 2007 

Special 
bulletin 
No. 25 on 
15 Nov. 
2007 

Change in 
information 

Special 
bulletin 
No. 8 on 12 
May 2013 

Special 
bulletin 
No. 30 on 
16 May 
2013 

Change in 
information 

Percentage of the respondents Percentage of the respondents 
Current TC 
location 

95 96 84 94 96 87 

Forecasted 
movement 
direction 

73 88 46 74 86 47 

Danger level 97 99 95 96 100 95 
Ports/Area 
likely to be 
affected 

80 96 50 84 98 52 

Time of 
landfall  

51 92 49 54 92 47 

Wind speed 89 98 83 89 99 83 
Surge height 57 97 87 60 98 86 
Safety 
guidance for 
fishing boats 

86 94 41 88 95 40 

5.2.3 Response to evacuation orders 

In the study area, 47.5% of the respondents made an evacuation after receiving the 
evacuation orders during Sidr and this number increased to 60% during Mahasen. Up to the 
year 2010, a total of 62 cyclone shelters have been constructed in the study area (CDMP, 
2010; DDM (Department of Disaster Management), 2013). Currently, 57.5% of the 
respondents are living within 1 km of a shelter. 

 
Figure 5-3. Respondents' evacuation pattern during the studied TCs. 



 

81 

However, 31% of the respondents did not follow the evacuation orders during the two 
studied TCs and another 25% did not follow the evacuation orders during either of the TCs 
(Figure 5-3). The respondents who did not receive any warnings (9.5% during Sidr and 4% 
during Mahasen) are also among the respondents who did not make an evacuation during 
the TCs. 

Respondents, who made an evacuation during the studied TCs were mostly from middle-
sized families (families having 4-6 family members) and lived in katcha houses. Of the 
evacuated respondents during Sidr, 75% were from middle-sized families and 92% lived in 
katcha houses, whereas during Mahasen, 68% of the evacuated respondents were from 
middle-sized families and 91% used to live in katcha houses. 

5.2.4 Key reasons for non-evacuation 

To identify the key reasons for non-evacuation among the respondents and list these 
reasons according to their relative importance, a PCA (Principal Component Analysis) was 
performed on the non-evacuation reasons expressed by the respondents during the survey. 
The first five complex components (where component 1 is the most important and 5 is the 
least important) obtained through this analysis account for 68.981% of the variance of non-
evacuation during Sidr (Table 5-5). The main reasons for non-evacuation were: 

1. Early warning unreliable, later difficult to go far–aggregating the original variables 

• Mistrust in the warning messages  

• Distance to the cyclone shelter 

2. Unclear warning message, later on shelter is full–aggregating the original variables 

• Not understanding the instructions in the warning message  

• Insufficient capacity of the nearest shelter  

3. Need to protect property, while minimizing risk–aggregating the original variables 

• Poor shelter condition  

• Being busy sending family members to shelter and household head staying 
at home to save the property 

4. Feeling safe at home–aggregating the original variables 

• Warning message indicates that, the TC will not strike the home area  

• The home being sufficiently robust 

5. Insecurity–aggregating the original variable 

• Being afraid of residential burglary 

The first four complex components account for 67.431% of the variance of non-evacuation 
during Mahasen (Table 5-5) and the components were:  

1. Early warning unreliable, later difficult to go far–aggregating the original variables 

• Mistrust in warning message  

• Poor road-transport 

• Distance to the cyclone shelter 
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2. Unclear warning message–aggregating the original variable 

• Not understanding the instructions in the warning message  

3. Need to protect property, while minimizing risk–aggregating the original variables 

• Sending family members to shelter, family head staying at home to save the 
property, guessed that intensity of the TC will not be strong by looking at the 
surrounding situation  

4. Feeling safe at home–aggregating the original variable 

• Warning message indicates that the TC will not strike the home area 
Table 5-5. Components representing the causes of non-evacuation among the respondents in the 

study area during the two studies TCs (extracted using PCA). 

Component Eigenvalue % of 
Variance 

Cumulative 
Variance % 

Extraction of the components (During TC Sidr) 
1 1.809 18.091 18.091 
2 1.521 15.209 33.300 
3 1.339 13.389 46.688 
4 1.194 11.936 58.625 
5 1.036 10.356 68.981 

Extraction of the components (During TC Mahasen) 
1 1.915 21.279 21.279 
2 1.694 18.826 40.105 
3 1.384 15.374 55.478 
4 1.076 11.953 67.431 

Note: Eigenvalues greater ≥1 constitute a component, while components having lower eigenvalues 
are excluded from the analysis. This entails that the cumulative variance explained by the principal 

components is less than 100%. 

5.2.5 Satisfaction with the warnings and suggestion for improvement 

The respondents were mostly satisfied with the disseminated warnings during the two TCs 
(Figure 5-4). As for the reasons for being satisfied with the disseminated warnings, 83% of 
the respondents claimed the warnings understandable, 71% found it timely, 60% of them 
agreed the warnings to be dependable, and 47% mentioned they do not have any other 
option for getting information about the approaching TC in an emergency situation 
(multiple responses were possible). 

During the survey, 80% of the respondents expressed their opinion for future 
improvement of warning messages. They also made a number of suggestions for this 
improvement (multiple responses were possible): 

1. 71% recommended the inclusion of a better description of the threat, such as the 
certainty of a TC making landfall, how urgently the residents should take protective 
action, and the duration of the intense cyclonic wind. 

2. 48% recommended the inclusion of guidance on where to get further information 
about the approaching TC. 
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3. 27% recommended the inclusion of guidance on protective action, such as what the 
residents should do to protect themselves from a TC. 

5.3 Results obtained during systematic parameter testing 
Better train and generalization performance was associated with bigger RFs during the test 
(Figure 5-5). On the basis of the result it seems logical to assume, the size of the RF must 
be adjusted according to the features’ distribution in the input images. With smaller RFs, 
peripheral receiving groups in the first hidden layer could not see any meaningful part of 
the input (see Table 4-6). At the same time, units in these groups were forced by the k-
Winners-Take-All (kWTA) mechanism to produce activation. Thus, instead of mediating 
useful information in the feed-forward direction, units in these groups could be driven by 
feedback signals and bias, which might hamper learning and generalization performance. 

 
Figure 5-4. Respondents’ satisfaction with the disseminated warnings. 

 
Figure 5-5. Learning and generalization performance, when RFs of a. 16 x 16 pixels; b. 

20 x 20 pixels; and c. 26 x 26 pixels in size were used for testing. 
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The four networks used in this research for TC track and intensity forecasting performed 
better, when RFs of 32 x 32 pixels in size were used for the units in the first hidden layer. 
As the pixel values of the sea-level pressure images were not contrasting due to the coarse 
spatial resolution and as high wind speed values always appeared at the center leaving the 
peripheral parts with almost no information (see Figure 4-6), small RFs would result in the 
extraction of irrelevant features and could interrupt the learning of the four networks. 

Hebbian learning has beneficiary effects on network’s performance but this does not mean 
that a higher rate of Hebbian learning would always correspond to better network 
performance. The four networks’ learning and generalization performance was reasonable 
when only error driven learning was used. However, there was an improvement in both 
learning and generalization performance when a combination of Hebbian and error driven 
learning was used (Figure 5-6). Using a mixture of 0.001% Hebbian, and otherwise error-
driven learning at all the projections were found to be the best for the four networks used 
for forecasting TC track and intensity in this research. 

5.4 TC intensity forecasting performance 
The network without context layer produced intensity forecasts with between 92% and 
100% accuracy, when the late-phase images (first type of test dataset) were used for testing 
(Figure 5-7). The network performed increasingly better, when it was tested for producing 
forecasts for longer time periods, for example, performed better for 24–hour forecast 
compared to 6–hour forecast. When the same network was tested for the images of a 
completely novel TC (second type of test dataset), prediction accuracy was between 30% 
and 38%. 

Intensity prediction accuracy of the network using context layer was between 91% and 
96%, when the network was tested for the late-phase images (first type of test dataset) 

 
Figure 5-6. Learning and generalization performance, when the four networks were tested a. 

using Hebbian and b. without Hebbian. 
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(Figure 5-8). Same as the network without context layers, the network using context layers 
produced better accuracy forecasts for longer time periods. Intensity prediction accuracy 
was between 32% and 45%, when the network was tested for the images of a completely 
novel TC (second type of test dataset) (Figure 5-8). The network without context layers 
performed in line with the network using context layer, when they were tested for the first 
type of test datasets. However, the network using context layers performed better compared 
to the network without context layer, when the images of a completely novel TC were used 
for testing. 

Interestingly, both of the intensity-forecasting networks performed progressively better for 
a completely novel TC, as the number of past TCs in the training set was increased (Figure 

 
Figure 5-7. Intensity prediction performance of the network without context 

layers for a. 6–hour, b. 12–hour, and c. 24–hour forecast test datasets. 
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5-7 and Figure 5-8). This indicates the necessity of a large training dataset for producing 
good accuracy forecasts for novel TCs. 

5.4.1 Pattern of intensity forecasting error 

The types of errors produced by the two intensity-forecasting networks during testing were 
similar. As the two networks produced very few errors for the 24–hour forecast test datasets 
(Figure 5-7 and Figure 5-8), this result was not used for generating error pattern plots. 

 
Figure 5-8. Intensity prediction performance of the network using context 

layers for a. 6–hour, b. 12–hour, and c. 24–hour forecast test datasets. 
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Analyzing the errors, both of the intensity-forecasting networks produced around 95% one-
intensity-category-off and 5% two-intensity-category-off errors (Figure 5-9a), when they 
were tested for the 6–hour forecast test datasets consisting of late-phase images of seven 
TCs. For the 6–hour forecast test dataset of a novel TC (images of hurricane Bill), the 
network without context layers produced 60% one-intensity-category-off, 18% two-
intensity-category-off, 15% three-intensity-category-off, and 7% four-intensity-category-off 
errors (Figure 5-9b). The proportions of one, two, three, and four intensity-category-off 
errors produced by the network using context layers for the 6–hour dataset a novel TC were 
69%, 15%, 10%, and 6% respectively (Figure 5-9b). 

All the errors produced by both of the intensity-forecasting networks were one-intensity-
category-off, when the 12–hour forecast test datasets consisting of late-phase images of 
seven TCs were used for testing (Figure 5-10a). Of the total errors produced by the network 
without context layers for the 12–hour forecast test images of a novel TC, 68% were one-
intensity-category-off, 20% two-intensity-category-off, 6% three-intensity-category-off, 
and 6% were four-intensity-category-off (Figure 5-10b). 

The network using context layers performed better for the 12–hour forecast test images 
of a novel TC, where 74% of the total errors were one-intensity-category-off, 15% two-
intensity-category-off, 5% three-intensity-category-off, and 6% were four-intensity-
category-off (Figure 5-10b). 

 
Figure 5-9. Illustrate error patterns, when 6–hour forecast test datasets were 
presented to the two intensity-forecasting networks: a. error patterns, when 
late-phase images of seven TCs were presented, and b. error patterns, when 

images of hurricane Bill were presented. 
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5.5 Combined TC track and intensity forecasting performance 
It has previously been mentioned that the two combined TC track and intensity forecasting 
networks were tested only for the 12–hour forecast test datasets consisting of late-phase 
images. 

 
Figure 5-11. TC track and intensity prediction performance produced by the 

two combined track and intensity forecasting networks. 

 
Figure 5-10. Illustrate error patterns, when 12–hour forecast test datasets 

were presented to the two intensity-forecasting networks: a. error patterns, 
when late-phase images of seven TCs were presented, and b. error patterns, 

when images of hurricane Bill were presented. 



 

89 

For the late-phase images of seven TCs, the two combined track and intensity prediction 
networks could predict TC track and intensity levels between 98% and 99% accuracy. 
Prediction accuracy remained between 95% and 98%, when the late-phase images of eight 
TCs were used for testing (Figure 5-11). 

To produce correct track and intensity forecasts for a set of test image presented to the two 
networks, the network-generated prediction was required to be correct for all the three 
outputs: TC movement direction, TC movement speed, and wind speed. Therefore, the 
overall prediction performance (Figure 5-11) did not correspond to the two networks’ 
prediction performance for individual outputs (Figure 5-12a and b). 
  

 
Figure 5-12. a. Illustrates prediction performance for individual outputs 

produced by the network using context layers, and b. illustrates prediction 
performance for individual outputs, when context layers were not used. 
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  Chapter 6
 
Discussion 

The two questions that this thesis has set out to answer was understanding the problems 
associated with the current cyclone early warning system in Bangladesh and investigating 
the feasibility of biologically based ANNs in producing TC track and intensity forecasts. 

6.1 Problems associated with cyclone early warning in Bangladesh 
The results of the survey among residents in the coastal areas reveal that a number of 
reasons, in particular uninformative and unreliable warnings, can cause hesitation and 
delay the decision for evacuation among the residents. This prevents the residents in the 
coastal areas from following the evacuation orders during the two studied TCs. Previous 
research evaluating residents’ response to evacuation orders in the coastal areas of 
Bangladesh also identified uninformative and unreliable warnings as one of the main 
reasons for non-evacuation among the residents in the coastal areas of Bangladesh (Mallick 
et al., 2009; A. Paul & Rahman, 2006; B. K. Paul, 2012; B. K. Paul & Dutt, 2010). 
However, due to a receiver-centric evaluation of the cyclone early warning system, 
previous research failed to describe why the warning messages are uninformative at the 
provider’s end. As this thesis additionally elicited meteorologists’ views when evaluating 
the cyclone early warning system, it was possible to identify the problems associated with 
TC forecasting at BMD. Results of the interview among the meteorologists indicate that 
data scarcity over the BoB and limitations associated with the operational TC forecasting 
technique itself are the main reasons for disseminating inaccurate and uninformative 
warning messages by BMD. 

BMD has access to ocean buoy and atmospheric reanalysis data (Kalnay et al., 1996; 
Simmons et al., 2007) and these data could be used for solving data scarcity issues over the 
BoB. As the operational TC forecasting technique does not support these data-file formats, 
meteorologists cannot use them for improving TC forecasting accuracy. Numerical 
techniques currently in operation at BMD used for general weather forecasting would 
support these data-file formats; however, these techniques have originally been developed 
for forecasting rainfall, temperature, and TC-induced storm surge levels. The 
meteorologists do not have the necessary skills and computational knowledge to modify 
these numerical techniques to adapt them for forecasting TCs. 

6.2 TC track and intensity forecasting using biologically based ANNs 
The application of three-layer feed forward networks is well known in TC track and 
intensity prediction (Ali et al., 2007; Jin et al., 2008; Pickle, 1991). However, these 
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techniques lack the capability of spatial feature extraction; instead they use approaches for 
recognizing patterns that is similar to the “bag-of-features” method (Li & Itti, 2011; 
Nowak, Jurie, & Triggs, 2006; O’Hara & Draper, 2011). As a result, utilizing the spatial 
relationships of the features present in the 2D input images, which are closely associated 
with TC track and intensity change, seems difficult using the standard three-layer networks. 
The TC track and intensity forecasting technique developed in this research instead uses 
deep biologically based ANNs for producing forecasts on the basis of multi-instrument 2D 
images. These biologically based ANNs are characterized by the following interesting 
properties: 

• Recurrent connections—this type of connection between neighboring layers allows 
for simultaneous bidirectional (bottom-up and top-down) information exchange, 
which means that processing can be optimized in parallel towards multiple 
constraints. 

• Combined supervised and unsupervised learning, achieved through local, unit-wise 
combination of bottom-up activations and top-down error signals. In this way, 
unsupervised learning of low-level features can be geared towards the task 
requirements through error signals. 

• Deep, hierarchical network architecture, where absolute spatial position and feature 
size is abstracted away step-by-step at multiple processing levels. This allows for 
position- and size-independent pattern recognition, which is normally considered a 
computationally demanding problem involving many-to-many mapping. 

With these characteristics, it seems logical to assume that the developed TC track and 
intensity forecasting technique can solve the technical problems associated with TC 
forecasting at BMD, and is likely to contribute to an improved cyclone early warning 
system in Bangladesh. 

6.2.1 TC Intensity forecasting 

The two intensity-forecasting networks could produce correct intensity prediction for more 
than 90% of the first type of test dataset (consisting of images recorded during the end of 
the TC lifecycles). The same two networks could predict the intensity levels with between 
30% and 45% accuracy when the second type of test images (images of a completely novel 
hurricane Bill) were used for testing. This intensity prediction performance produced by the 
two networks indicates that biologically based ANNs can be practically useful for 
producing TC intensity forecasts. 

Wrong interpretation of the intensity levels by the two networks was mainly associated 
with cases when the patterns in the five input images did not change in relation to the 
observed intensity categories in the test dataset or vice versa. The low-resolution images 
(60 x 60 pixels) used for training and testing of the two networks do not seem to exactly 
reveal all the distinctive patterns visible in the original images. Conversely, seven output 
intensity categories represent a generalized view of the observed wind speeds during TC 
lifecycle in the TC best track data. As the average wind speed difference between two 
successive output intensity categories was 33.25 km/h, intensity change smaller than 33.25 
km/h could not be captured using the output layer with seven output intensity categories. 

Changes in the observed intensity levels within a 6–hour time interval are more likely to 
be small-scale. Though a new set of images was available every 6 hour, the inputs might 
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happen to be the same as for another intensity level due to low level of details. As a result, 
small-scale intensity change that occurred within a 6–hour time interval could not be 
forecasted correctly for all the inputs in the 6–hour forecast datasets (Figure 5-7). In 
contrast, in the 12– and 24–hour forecast datasets, changes in the patterns associated with 
the five types of input images, as well as changes in the observed intensity levels are more 
likely to be large-scale, which could be better elicited using the low-resolution (60 x 60 
pixels) images. Therefore, the two intensity-forecasting networks could produce better 
accuracy forecasts for the 12– and 24–hour forecast datasets, than for the 6–hour forecast 
datasets during testing (Figure 5-7 and Figure 5-8). 

Comparison of intensity prediction performance 

To compare the network-generated intensity prediction error with the intensity prediction 
error of the operational forecasting techniques in the Atlantic basin, the two intensity-
forecasting networks’ 12–hour prediction errors for late-phase images, and for a completely 
novel TC, were converted into km/h errors in two steps. First, the binary distance between 
the network-activated output unit and the correct intensity unit was measured for each 
image presented to the two networks during testing. Then these unit distances (error types) 
were multiplied by 33.25 km/h, which is the wind speed difference between two 
neighboring units (TC intensity categories) in the output layer in the two networks (Figure 
6-1a and b). 

 
Figure 6-1. 12–hour intensity prediction error (in km/h) produced by: a. the 

network using context layers, and b. the network without context layers. 
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According to these analyses, the two networks’ intensity prediction performance for the 12–
hour test datasets consisting of late-phase images seems better compared to the intensity 
prediction performance of the currently operational TC intensity forecasting techniques in 
the Atlantic basin. The intensity prediction performance (12 hours ahead) of the operational 
TC forecasting techniques specialized for the Atlantic basin, such as the Decay Statistical 
Hurricane Intensity Forecast (DSHIFOR5), the Statistical Hurricane Intensity Prediction 
Scheme (SHIPS), the Geophysical Fluid Dynamics Laboratory (GFDL), and the Hurricane 
Weather Research and Forecast (HWRF) is visualized in Figure 6-2 (Franklin, 2009). 
Compared to this intensity prediction performance, the network without context layers 
produced only 0.99 km/h mean error, when it was tested for the 12–hour forecast late-phase 
images (Figure 6-2). When the network was tested for a novel TC, the intensity prediction 
error was 31.7 km/h (Figure 6-2). The network produced this result when it was trained 
using low-resolution 2D images of only seven TCs formed in the Atlantic basin during 
2008, and was tested for a completely new TC, formed in the same basin, but in a different 
year, in 2009. 

Producing accurate intensity forecast is usually more important towards the end of a TC’s 
lifecycle (when it is about to cross the coast) than in the beginning, when the TC has just 
formed. On the basis of the intensity prediction performance for the late-phase images 
(Figure 6-2), it seems reasonable to assume that the technique is effective in forecasting 
TCs that are approaching land. 

Moreover, the two intensity-forecasting networks seem more effective than existing 
ANN-based TC intensity forecasting techniques. The TC identification and tracking 
technique developed by Lee and Liu (2000) produces TC intensity forecasts on the basis of 
three-hourly visible and infrared channel satellite images of 120 TCs over the Atlantic basin 
that occurred between 1985 and 1998. Of the total number of images, 600 randomly chosen 
TC images (5 images for each TC) were used for testing. Both visible and infrared channel 
satellite images were used for testing. The correct intensity prediction rates achieved for 
these two types of test images were 82% and 95%, respectively (Lee & Liu, 2000). Another 

 
Figure 6-2. Comparison of the mean intensity prediction errors produced by various 
intensity prediction techniques in the Atlantic basin in 2008 (Franklin, 2009) and the 

12–hour mean intensity prediction error produced by the network without context 
layers for the late-phase images, and for a novel TC in the same basin. 
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ANN-based TC intensity forecasting technique, the SElection MOdule and MAtching 
MOdule (SEMO-MAMO), developed by Feng and Liu (2004), using a modified Hausdorff 
distance, produced TC intensity forecasts by matching the TC image contours with Dvorak 
template contours. On an average, this technique produces forecasts with 74.32% accuracy 
(Feng & Liu, 2004). As opposed to intensity prediction performance of the existing ANN-
based techniques, the two intensity-forecasting networks could correctly forecast intensity 
levels for 91-94% of the cases, when the 6–hour test datasets of late-phase images were 
used for testing. TC intensity prediction was correct for 96-100% of the cases, when the 
same two networks were tested for the 12–, and 24–hour datasets consisting of late-phase 
images (see section 5.4). 

6.2.2 Graphically-presented TC track and intensity forecasting—ongoing 
work 

Many of the operational TC forecasting techniques, such as the Geophysical Fluid 
Dynamics Laboratory (GFDL), the Hurricane Weather Research and Forecasting Model 
(HWRF), the United Kingdom Met Office model (UKMET), and the FSU Super-ensemble 
(FSSE), are capable of producing forecasts for both track and intensity (Cangialosi & 
Franklin, 2014; Franklin, 2009; Lean et al., 2008). This capability can be useful for the 
technique developed in this research in two ways: 

1. First, training time could be minimized, as training of a single network would be 
enough for producing track and intensity forecasts.  

2. Second, the produced track and intensity forecasts could be managed more easily 
for visualization (presentation to the end-user), as both of the tasks (track and 
intensity forecasting) would be performed by a single network. 

The two combined TC track and intensity forecasting networks used three output layers: 
intensity, movement speed, and movement direction to produce forecasts for TC track and 
intensity at the same time. TC intensity forecasts were produced into seven intensity 
categories, which is the same as the two intensity-forecasting networks. Movement speed 

 
Figure 6-3. TC track and intensity prediction using network-generated outputs. a. Outputs 

produced by the two networks. b. Forecasted movement direction (filled using grey color) and 
position. Dotted line in this figure illustrates the distance between the current and forecasted 

TC locations as well as the forecasted track for the next 12 hours. 
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forecasts were produced in 12 categories, where 1 km/h and 60 km/h were considered as the 
lowest, and the highest TC movement speeds respectively, this range covers the movement 
speeds from an almost stationary TC to a fast-moving TC. The leftmost unit in the 
movement speed layer represented movement speed of ≤5 km/h and the rightmost unit 
represented movement speed of 60 km/h. Therefore, a movement speed difference between 
two neighboring units was 5 km/h. TC movement direction forecasts were produced in 18 
categories (360° was divided into 18 equal angles). As a result, the networks could consider 
variations in TC movement direction in 20° increments (Figure 6-3). 

TC track and intensity outputs produced by the two combined track and intensity 
forecasting networks for the image of hurricane Gustav (see Table 4-7 in section 4.3.4) 
recorded at 6.00 hours on the first of September 2008 are visualized in Figure 6-3a. 
According to the TC best track data, at this time TC Gustav’s location was 27.9° N latitude 
and 89.0° W longitude. To get Gustav’s forecasted location after 12 hours, the network-
generated forecast can be interpreted as: 

1. Gustav is expected to move in a direction between 300° and 320° (Figure 6-3b), as 
the two networks activated the third unit from the right in the movement direction 
layer. 

2. Hurricane Gustav may move around 300 kilometers5 in a 310° direction 
(considering the mid-point of 300° and 320°) during the next 12 hours, as both of 
the networks activated the fifth unit from the left in the movement speed layer. 
Therefore, after 12 hours hurricane Gustav’s most likely position would be 29.7° N 
and 91.3° W, which is 300 kilometers away in the 310° direction from the current 
position (27.9° N and 89.0° W). The observed position of hurricane Gustav at 18.00 
hours on the first of September 2008 was 29.8° N and 91.4° W, which is only 15 
kilometers away to the northwest of the forecasted position. 

3. After 12 hours, hurricane Gustav is most likely to be a “category two” TC, as the 
two networks activated the fourth unit from the left in the intensity layer, which 
notably was a correct intensity prediction. 

6.2.3 Prediction performance improvement 

The four networks’ track and intensity prediction performance for the late-phase images of 
already seen TCs, as well as performance for completely novel TC is promising. How 
additional improvements would contribute to the networks’ prediction performance, 
particularly for the images of a novel TC remains to be investigated: 

1. The two intensity-forecasting networks performed increasingly better for a novel 
TC, when they were trained using images of more historical TCs. This improvement 
indicates that using images of a large number of historical TCs for training are 
important for enhancing the networks’ performance during testing. 

                                                 
5 The network-activated unit (the 5th unit from the left) in the movement speed layer was multiplied 

by the movement speed difference between two neighboring units (5 x 5 = 25 km/h). Then, 25 
km/h was multiplied by the time interval between the two successive images (which was 12 
hours) to obtain the distance hurricane Gustav is expected to move during the next 12 hours. 
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2. The two intensity-forecasting networks produced forecasts into seven intensity 
categories, whereas the two combined track and intensity forecasting networks 
produced track and intensity forecasts into eighteen movement directions and seven 
intensity categories respectively. This resulted in an output resolution of 20° 
directional steps, and 33.25 km/h wind speed steps between two neighboring output 
units. However, it seems reasonable to assume that for producing forecasts with a 
higher-resolution of movement direction and intensity, the four networks also need 
to be trained and tested using higher resolution images. 

3. Additional types of data, for example, velocity of vertical wind could be used to 
include the distribution of heat energy in the vortex of a TC. Relative humidity 
could be used to measure whether sufficient moisture is available for convection to 
take place and increase the moist static energy for TC intensification. The 
availability of moisture in the boundary layer also has influence on TC track, 
therefore using this information as predictor could also increase TC track prediction 
accuracy (Chan & Kepert, 2010). Terrain information could be useful to include, the 
effect of land and mountains on TC track and intensity.  

4. The European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis 
data (Simmons et al., 2007) is available in higher spatial resolution (each pixel 
covers an area of 0.125° latitude x 0.125° longitude) compared to NCEP (national 
center for environmental prediction) reanalysis data, where each pixel covers an 
area of 2.5° latitude x 2.5° longitude. Therefore, ECMWF data could be used to 
enhance TC track and intensity prediction accuracy produced by the four networks. 

5. The vortex of an intense TC extends high in the atmosphere. Therefore, using data 
from various pressure levels could provide valuable information about TC track and 
intensity change and thus could increase the prediction performance of the four 
networks. 

6. The four networks were simulated on a 2.4 GHz quad-core PC using 3 gigabytes of 
RAM. Though the use of low-resolution images made the simulation possible on a 
low profile PC, much valuable information contained in the original images might 
have been lost. Computers that are more powerful could be used to train and test up-
scaled versions of the four networks on the basis of higher-resolution images for 
producing TC track and intensity forecast. 
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  Chapter 7
 
Conclusions and future work 

The primary goal of this research was to contribute to improved cyclone early warning 
systems in countries with less economic and technical means. This research identified 
problems associated with the reliability of cyclone early warnings in Bangladesh. The early 
cyclone warnings that are formulated by BMD (Bangladesh Meteorological Department) 
are often unreliable, are difficult to interpret, and contain insufficient information about the 
approaching TC. Part of the problems can be attributed to ineffective TC forecasting at 
BMD, which in turn is a result of data scarcity over the BoB (Bay of Bengal), inadequate 
computational resources, insufficient skills and computational expertise of the 
meteorologists at BMD, and that currently inappropriate forecasting techniques are used. 

Although producing accurate TC track and intensity forecasts is very important for 
effective early warning, BMD’s TC forecasting quality has not received sufficient attention 
in earlier research (Alam & Collins, 2010; U. Haque et al., 2012; B. K. Paul, 2012), neither 
has it been addressed in the national cyclone preparedness plan (DDM (Department of 
Disaster Management), 2013). In general, the current initiatives taken by the Bangladesh 
government and by non-government organizations for improving the efficiency of the 
cyclone early warning system seem inadequate for tackling BMD’s TC forecasting ability, 
even though further improvements are necessary (DDM (Department of Disaster 
Management), 2009, 2013; DMB (Disaster Management Bureau), 2010; The World Bank, 
2013). 

To address the problems associated with TC forecasting at BMD, a technique using 
biologically based ANNs has been explored with the following characteristics: 

• Low requirements on meteorological data, as only remotely sensed data is used as 
input, as opposed to other forms of meteorological data collected using ground-
based measuring stations and weather balloons.  

• Low requirements on computational resources—all four networks used for TC track 
and intensity forecasting in this thesis were trained and tested on an ordinary 
desktop PC. 

• Performs on par with the operational TC forecasting techniques in the Atlantic basin 
(Franklin, 2009). 

• Can be applied to arbitrary basins by using training data from that basin. 

• Can produce more accurate TC intensity forecasts than existing ANN-based 
techniques (Feng & Liu, 2004; Lee & Liu, 2000). 
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With these capabilities, the ANN technique developed in this research can ultimately 
contribute to improve the efficiency of the current cyclone early warning system in 
countries, such as Bangladesh. 

The prediction performance of the developed track and intensity forecasting technique is 
promising. However, the technique is new and still under development. Before the 
technique can become operational, several issues need to be further addressed: 

1. Scaling up the networks to be able to use original satellite images (not downsized) 
for training and testing.  

2. Extending the networks to handle TCs with irregular motion pattern, such as sudden 
recurving or looping, as well as TCs with irregular intensity patterns, such as rapid 
intensifying or weakening.  

3. When a TC approaches the coast, the winds within the TC interact with land. Also, 
the moisture supply from the warm ocean waters is reduced close to land, which 
could have considerable influence on both TC track and intensity development 
before a landfall (Chan & Kepert, 2010). An image containing information about the 
landmass surrounding the ocean basin could be used as input to the networks to 
handle this situation. 

4. Designing a graphical user interface to visualize the forecasted track and intensity 
levels on a map. 
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Appendix A  
 
Cyclone track forecasting using biologically based 
ANNs 

The study described in Appendix A was conducted as part of a Master’s thesis project at 
Linköping University. The use of biologically based ANNs for TC track and intensity 
forecasting in the present research was inspired by the success of this early study in TC 
movement direction prediction (see also section 2.8). This study has also been published as 
research article: 

Kovordányi, R., & Roy, C. (2009). Cyclone track forecasting based on satellite images 
using artificial neural networks. ISPRS Journal of Photogrammetry and Remote Sensing, 
64(6), 513–521. http://doi.org/10.1016/j.isprsjprs.2009.03.002. 

 

http://doi.org/10.1016/j.isprsjprs.2009.03.002
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Cyclone track forecasting based on satellite images using 
artificial neural networks 

Rita Kovordányi and Chandan Roy 

Dept. of Computer and Information Science 
Linköping University, SE-581 83 Linköping, Sweden 

Abstract 
Many places around the world are exposed to tropical cyclones and associated storm surges. 
In spite of massive efforts, a great number of people die each year as a result of cyclone 
events. To mitigate this damage, improved forecasting techniques must be developed. The 
technique presented here uses artificial neural networks to interpret NOAA-AVHRR 
satellite images. A multi-layer neural network, resembling the human visual system, was 
trained to forecast the movement of cyclones based on satellite images. The trained network 
produced correct directional forecast for 98 % of test images, thus showing a good 
generalization capability. The results indicate that multi-layer neural networks could be 
further developed into an effective tool for cyclone track forecasting using various types of 
remote sensing data. Future work includes extension of the present network to handle a 
wide range of cyclones and to take into account supplementary information, such as wind 
speeds, water temperature, humidity, and air pressure. 

Keywords: Cyclones, Tracking, Neural, Networks, Hazards, Meteorology 

1 Introduction 
A tropical cyclone is an area of low pressure that develops over tropical or subtropical 
waters. These systems form over all tropical oceans with the exception of the South 
Atlantic and the eastern South Pacific, east of about 140º W longitude. There are seven 
tropical cyclone basins where tropical cyclones form on a regular basis: 

1. Atlantic basin 

2. Northeast Pacific basin 

3. North Indian basin 

4. Southwest Indian basin 

5. Southeast Indian / Australian basin 

6. Australian / Southwest Pacific basin, and 

7. Northwest Pacific basin 

In their most intense state, these storms are called hurricanes in the Atlantic, typhoons in 
the western North Pacific and cyclones in the Bay of Bengal. These low-pressure systems 
draw their energy from the very warm surface waters. As the warm, moist air spirals 
counterclockwise in toward the center, the wind speeds increase reaching their maximum in 
the region surrounding the almost calm center of the cyclone. 
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As most cyclones form in tropical seas and population densities are the greatest in the 
tropical regions, cyclones constitute a major hazard for a large number of people around the 
world (Cerveny and Newman, 2000). Well known disasters include the Bangladesh 
cyclones of November 12, 1970 and May 24, 1985 (both crossed the coast at Chittagong), 
hurricane Camille that hit USA on August 17, 1969 and cyclone Tracy that swept over the 
Australian coast on December 25, 1974, and more recently hurricane Katrina. These 
cyclones have each caused a large number of fatalities and widespread property damage. 
Frequent, but less intensive cyclones (having less wind velocity and lower surge levels) 
continue to cause human casualties and considerable economic damage in tropical 
countries. Substantial resources have been devoted around the world for researching, 
forecasting, and promoting socioeconomic preparedness for cyclones and cyclone generated 
disasters. The present paper focuses on automating the forecasting of cyclone tracks and 
thereby providing a more reliable basis for early warning systems. 

1.1 Existing techniques for cyclone forecasting 
Tropical Cyclone (TC) forecasting involves the prediction of several interrelated features, 
including the track of the cyclone, its intensity, estimation of resulting storm surge and 
rainfall and, of course, which areas are threatened. Among these features, forecasting the 
future track and intensity of tropical cyclones are considered to be the most important for 
avoiding casualties and mitigating property damage. Some widely used cyclone track 
forecasting techniques are summarized in Table 1. 

Table 1. A sample of techniques used in various meteorological offices to forecast cyclone tracks 
(adapted from McBride and Holland, 1987). 

Office Techniques 
Subjective Analogue Steering Statistical Numerical Empirical 

Japan X   X X  
Hong Kong X  X X   
Philippines X   X X  
Miami X X  X X  
India X X  X   
Brisbane X X X X   
Fiji X      
Reunion X      
Mauritius X      
Mozambique X      
Madagascar X      
Darwin X X X X   
Guam X X X X X X 

Subjective assessment: This technique includes synoptic reasoning, evaluation of expected 
changes in the large-scale surrounding flow fields, and subjective evaluation of the 
cyclone’s steering current. 

Analogue forecasts: Designated features of the cyclone, such as its latitude, longitude, 
intensity, maturity, and past motion, are compared to those of previous cyclones in the same 
region, so that one or more analogues can be selected. The cyclone movement is then 
derived from the previous analogues. 

Steering current: The cyclone’s steering current is determined using analysis of winds at 
specified points and altitudes around the cyclone. The actual forecast can be based either on 
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simple regression analysis or on analysis of the advection and propagation of winds, 
incorporating linear interactions between the cyclone vortex and the background absolute 
vorticity (Holland, 1984). 

Statistical technique: All statistical forecasting techniques are based on regression analysis. 
Here, historical patterns of previous storms, such as cloud patterns, intensity development, 
and previous storm tracks are adapted and applied to the present storm. 

Dynamical: These techniques are based on numerical integration of mathematical equations 
that approximate the physical behavior of the atmosphere. This technique provides different 
results when it is applied on a regional or global scale. 

Empirical: A skilled meteorologist has often developed an ability to detect overall patterns 
in climatological conditions and can assess how these may affect cyclone development. 
Manual forecasts made by a skilled meteorologist may complement other forecasting 
techniques. The success of this technique critically depends on the forecaster’s experience.  

The National Hurricane Center (NHC) of the USA and the Australia Bureau of 
Meteorology (2007) identify the following additional techniques for cyclone movement 
forecasting: 

Persistence: This technique is useful for short-term forecasts and assumes that the cyclone 
will maintain its recent track. It is often used in combination with other techniques. 

Satellite-based techniques: In this technique, track and intensity forecasts are based on the 
cloud patterns associated with the cyclone. Generally, the outer bands of cumulonimbus 
clouds indicate the future direction, and the pattern surrounding the cyclone eye indicates 
the future intensity of the cyclone. 

Hybrid: Meteorological centers round the world often employ a combination of techniques 
to obtain a more accurate track forecast. For example, two or more of the above techniques 
are blended as a weighted sum where the weights are based on past performance of each 
forecasting technique (Naval Research Laboratory, 1999). 

1.1.1 Automated forecasting 

Like other forecasts, tropical cyclone forecasts are not free from error. Errors in registering 
the initial position and motion of a tropical cyclone can impact the accuracy of subsequent 
forecasts. Errors can also arise from the lack of a full understanding of the mechanisms 
behind the formation and growth of tropical cyclones and from the limitations of the 
forecasting techniques themselves. Mean track-forecast error is typically smaller for lower 
latitude cyclones moving west than it is for higher latitude cyclones in westerly winds or for 
those that are re-curving. In general, mean track forecast errors tend to increase with the 
forecast period and can be as much as 30 % of the cyclone movement within this period. 
This means that the forecasted track can deviate from the cyclone’s actual track by as much 
as 20 degrees. 

Due to the highly complex interaction between factors affecting cyclone development, 
meteorological offices around the world try to automate much of the work involved in 
cyclone forecasting. The Automated Tropical Cyclone Forecasting System (ATCF), 
developed by the Naval Research Laboratory (NRL) in Monterey, California, is an example 
of an automated forecasting system (Naval Research Laboratory, 1999). This computer-
based application is intended to automate and optimize much of the tropical cyclone 
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forecasting process. It provides a means for tracking and intensity forecasting, as well as 
constructing messages and disseminating warnings. 

1.1.2 Satellite-based techniques 

During the 1980s, forecasting of the track and intensity of tropical cyclones was mainly 
based on statistical (regression) methods using general meteorological data. Later, in the 
early 1990s, remote sensing techniques began to be successfully used for cyclone 
forecasting (Marshall et al., 2002; Wells, 1987). Development of new techniques, such as 
the generation of high resolution atmospheric motion vectors (AMVs) from satellite 
images, and four-dimensional variational assimilation (4D-VAR) have reduced the error in 
forecasting a cyclone’s track and intensity (Marshall et al., 2002). 

Images of different channels obtained from weather satellites have their specialized uses 
in tracking and forecasting the intensity of tropical cyclones. Satellite images within the 
thermal infrared (IR) band can be used to forecast and analyze the cyclone’s intensity 
(Kossin, 2003). In addition, Lau and Crane (1997) and Kishtawal et al. (2005) measured the 
intensity of tropical cyclones based on satellite images and data from a thermal microwave 
imager using non-linear data fitting. Present techniques can be developed further. For 
example, data from advanced microwave sounder units have better horizontal resolution 
and vertical temperature sounding abilities that provide an improved basis for temperature 
estimation compared to conventional microwave sounding units and IR satellite images 
(Knaff et al., 2000). 

Satellite-based techniques can be used for forecasting both a cyclone’s intensity and 
track. TC development can be analyzed by studying the cloud patterns and determining how 
they change with time. Repeated observations of a TC provide information on the intensity 
and the rate of growth or decay of the storm. This method of intensity analysis is based on 
the degree of spiraling in the cloud bands. The Dvorak model is based on the observation 
that intense cyclones have more spiral cloud bands (Dvorak, 1975). The Dvorak model for 
forecasting intensity is successful in most cases. However, it is based on subjective 
judgments and is unreliable in the sense that various weather stations around the world can 
arrive at discrepant results for the same cyclone. Velden et al. (1998) uses a computer-based 
algorithm named the Objective Dvorak Technique (ODT) to address this problem. 

2 A new method for automated cyclone track forecasting 
One technique that has not been previously used for cyclone track forecasting is artificial 
neural networks (ANN). This in spite the fact that ANN-techniques have been used in other 
remote sensing application areas, such as road network detection (Barsi and Heipke, 
2003a), cloud detection (Jang et al., 2006), cloud motion detection (Brad and Letia, 2002a, 
2002b), and precipitation forecasting based on aerial photographs and satellite images 
(Hong et al., 2004; Rivolta et al., 2006). One conceivable reason why ANN-techniques 
have not been applied to cyclone forecasting is that it is difficult to achieve robust network 
performance in this complex domain. 

Previous research suggests that cloud patterns surrounding the cyclone are good 
indicators of the direction of cyclone movement. There is a tendency for TCs to move 
towards the downstream end of convective cloud bands in the outer circulation strips 
around the cyclone (Lajoie, 1976). Changes in the orientation of these cloud bands indicate 
that a similar change in cyclone movement direction may occur in the next 12-24 hours. 
Further, TCs do not continue towards cumulonimbus free sectors in the outer circulation. 
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Fett and Brand (1975) also noted that rotation of gross cloud features, such as an elliptical 
cloud mass or a major outer band; provide a very good indication of cyclone direction 
changes during the next 24 hours. The above results indicate that a cyclone’s track is 
indicated by the shape and relative position of the surrounding cumulonimbus clouds. More 
importantly, these features are visible in satellite images (Fig. 1). Detecting and 
categorizing these features using a neural network would therefore provide valuable inputs 
for use in automated cyclone forecasting. In this article, we demonstrate that neural 
networks can learn to detect the surrounding clouds that are present in the satellite images 
and can recognize how these clouds are positioned relative to the cyclone center. 

2.1 Robust pattern recognition inspired by human vision 
Previous examples using neural networks in remote sensing, such as detecting the presence 
of clouds and estimating air temperature based on satellite images deploy standard three 
layer feed forward networks (e.g. Barsi and Heipke, 2003b; Brad and Letia, 2002a, 2002b; 
Hong et al., 2004; Jang et al., 2006; Rivolta et al., 2006). However, the task for the neural 
network in the present study is to recognize an elongated shape in the image irrespective of 
random variations in its size and position, and it is difficult to achieve position and size 
invariance in standard three-layer networks. 

2.1.1 Biologically inspired image processing techniques 

Research in computer vision suggests that position and size invariance can be achieved by 
using deep multi-layer neural network architectures. These multi-layer architectures are to 
varying extents inspired by human vision. Somewhat simplified, the human visual system is 
made up of a series of transformational steps or processing levels. Each transformational 
step is reciprocally connected to both the predecessor and successor step (Felleman and 
Van Essen, 1991; Mishkin et al., 1983). This recurrent (i.e. bi-directional) communication, 
together with a cascade-like spreading of activation across the system (McClelland, 1993; 
O’Reilly, 1998), allows the various processing levels to work in concert and arrive at a 
consistent interpretation of visual input. 

 
Fig 1. NOAA-AVHRR image of cyclone Mala showing a typical cloud pattern surrounding 
a cyclone. On the right side, cumulonimbus clouds extracted through reclassification. The 
dense cumulonimbus clouds, which are visible in the top right corner of the righthand-side 
image, indicate a strong upstream of hot, moist air. This upstream creates a low-pressure 

sector that fuels the cyclone and pulls it in a north-easterly direction. 
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Lower-level image processing in the human visual system is based on feature detectors. 
Individual feature detectors have limited receptive fields, that is, they are sensitive to a 
given feature within a limited part of the image. Interpretation of the complete visual image 
is achieved through parallel feature extraction across the image and stepwise hierarchical 
combination of these features into a coherent pattern. There are two sorts of computations 
going on during image processing: 

1. Recognition of increasingly complex features, and 

2. A stepwise increase of position, size, and rotation invariance. 

As these two computations are difficult to achieve in the same computational step, 
biologically inspired networks for image processing often comprise pairs of layers 
containing simple cells and complex cells that implement computations 1 and 2, 
respectively (Fukushima and Miyake, 1982; Mutch and Lowe, 2008; Spratling, 2005). 
Simple-cell layers operate on a limited part of the image and combine features from the 
previous processing step into more complex shapes. In contrast, complex-cell layers 
achieve increased invariance by reacting uniformly to shapes that can be present anywhere 
within increasingly larger receptive fields. 

As a rule, the first processing step in these artificial neural networks is tuned for the 
detection of line segments. These detectors are not developed during learning, but are 
instead pre-programmed, for example, using Gabor-filters (cf. e.g. Mutch and Lowe, 2008). 
In the present study, filled cloud segments turned out to be more appropriate as basic 
features. Detectors for these features were allowed to develop from the images through 
learning. 

Existing mixed-cell multilayer networks have been demonstrated to achieve robust shape 
recognition, and these network architectures are among the most advanced techniques 

 
Fig 2. The five-layer network used in this study with bi-directional projections connecting 
subgroups of sending and receiving nodes. The network is constructed to detect constituent 
features in limited parts of the satellite image and integrate them into an overall shape. Note 
that the layer called ‘Correct_dir’ did not partake in computation or error calculation. It was 
used as an aid to display the correct answer for each image enabling us to visually compare 

the predicted versus the correct direction of cyclone movement. Calculation of training 
error took place in the Dir-layer, independently of the activation in Correct_dir. 
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available. The question is, however, if shape and position invariance could be achieved 
using a simpler architecture involving only one type of cells, so that both feature detection 
and spatial integration are handled at each transformational step. When constructing our 
network, we used this simplified approach, with a down-scaled network architecture 
comprising five reciprocally connected layers (Fig. 2). We used one layer (and one type of 
cells) at each transformational step, instead of the commonly used interlacing of single-cell 
and complex-cell layers. 

2.1.2 Combined unsupervised and supervised learning 

Existing networks in the area of remote sensing have without exception been trained using 
the backpropagation of error learning algorithm (Barsi and Heipke, 2003b; Hong et al., 
2004; Jang et al., 2006; Rivolta et al., 2006). As opposed to this, advanced networks in 
computer vision and image processing often use unsupervised learning for the training of 
low-level feature detectors. 

Biologically based, as opposed to more loosely inspired networks combine unsupervised 
and supervised learning, as the human brain also seems to use a combination of learning 
methods (O’Reilly, 1998). To process perceptual information, humans use unsupervised 
model-based learning, which takes into account the statistical regularities that occur across 
various experiences. In addition, in order to learn how to map these regularities in the 
environment to an appropriate response, humans also use a form of error-driven task 
learning where the output (action) that is produced is compared to and slowly adapted over 
multiple experiences towards the desired output. 

In this study, we employ a combination of model-based learning and error-driven task 
learning. Unsupervised, model-based learning is well suited for extracting cloud segments 
and more complex cloud patterns from the satellite images. Error-driven task learning is 
necessary for training the network to associate these patterns with a correct forecast of 
cyclone movement. One method of combining the two learning algorithms would be to let 
the first few layers in the network perform model-based learning, while subsequent layers 
would use error-driven task learning. However, if weights in the first few layers are 
changed independently of the task requirements, they could develop so as to work against 
the required input-output mapping, such as learning to detect features that are not relevant 
for the task at hand. 

An efficient way to combine the two learning algorithms is to let both take place 
simultaneously at each layer, and to combine the outcome of the two algorithms for each 
learning cycle. There are both practical (faster learning) and theoretical advantages for 
combining the two learning algorithms in this way (cf. O´Reilly and Munakata, 2000). 

2.2 Biological transformational steps 
At the first transformational step in the human visual system (Fig. 3), the image captured by 
the retina is routed via the Lateral Geniculate Nucleus (LGN) to primary visual cortex 
(brain area V1). More exactly, the role of LGN is to bundle input from the two eyes and to 
mediate these signals to primary visual cortex V1. Brain area V1 contains specialized 
neurons that are sensitive to visual features, such as variously oriented line segments1. V1 
                                                 
1 Visual features constitute the basic building block of human vision, and reflect simple visual 

properties that are present in limited parts of the image. For example, recognition of the letter ‘A’ 
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neurons are dedicated to the processing of input from a limited part of the retinal image. 
This part of the retinal image corresponds to a specific region in external space, which 
comprises the neuron’s receptive field (RF). 

Feature detector neurons with the same RF cooperate in detecting various features 
located at the same part of space. For example, neurons that cover the same part of space 
may be sensitive to line segments with various orientation; these neurons are organized into 
one hypercolumn. Neighboring hypercolumns of feature detectors cover neighboring parts 
of space. Together, the matrix of hypercolumns can process the entire input image. The 
simultaneous activation of a specific combination of neurons within these hypercolumns 
reveals the presence of a combination of features in various parts of the image. 

There is an inherent complexity in image processing based on feature detection. It is 
extremely difficult to reliably recognize a pattern of features when feature detection itself is 
underdetermined and has to be adjusted to variations in appearance (size, location, and 
orientation) of these features. There are simply too many degrees of freedom and these 
cannot be handled all at once. Instead, the brain implements a gradual transformation, 
cutting down the space of possible interpretations of the input image step by step. Hence, 
neighboring simple features represented in V1 are merged into slightly more complex 
(aggregate) features at the next step of processing in brain area V2. More specifically, 
detectors for these aggregate features react to the combined activation of simple feature 
detectors in V1. Also, V2 neurons indirectly receive input from a limited part of the retinal 
image, but these RFs now cover a slightly larger part of space. 

                                                                                                                                                     
builds on detection of the constituent line segments ‘/’, ‘−’, and ‘\’. These features are located in 
different parts of the input (the left, right, and middle part of the input). It is the combined 
presence of these features and their relative location that signals the presence of the letter ‘A’. 

 
Fig 3. Architecture of the human visual system. The what- and where-pathways 
depicted in the figure are physically separated in the brain. The where-pathway 

runs in the dorsal (upper) part of the brain and is specialized for spatial processing 
of the size, location and orientation of objects. The what-pathway is located in the 
ventral (lower) part of the brain and implements color and shape detection (figure 

adapted from Felleman and Van Essen, 1991). 
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Through further step by step transformations (in areas V3, V4 and TE), features are 
gradually aggregated into more and more complex features. For each transformational step, 
the aggregated features will occupy larger and larger parts of the image. The advantage of 
this hierarchical approach is twofold: At each transformational step, feature detection needs 
only handle variations in location within a limited part of space (i.e. within the RF of the 
feature detector). Also, processing of the image is simplified as variations in size and to 
some extent orientation apply to simpler constituent features as opposed to complex overall 
patterns. Hence, step-by-step processing in a feature detector hierarchy makes the problem 
of the many degrees of freedom inherent to image processing more tractable. 

2.3 Architecture of our artificial neural network 
Robust pattern recognition can thus be achieved through stepwise processing in a bi-
directionally connected multi-layer network. At the first processing level, shape recognition 
is based on detection and integration of characteristic constituent features, such as small 
cloud segments. The constituent features are smaller in size than the aggregate shape (the 
whole cloud pattern), and therefore can be detected by looking at limited parts of the image. 
The stepwise integration of features that we have implemented in our artificial neural 
network resembles the part of the human visual system that is responsible for pattern 
detection and shape recognition, which is commonly called the what-pathway (Creem and 
Proffitt, 2001; Goodale and Milner, 1992; Kosslyn, 1994) comprising brain areas V1 to IT 
(cf. Fig. 3). 

By processing the image through a matrix of feature detector units, constituent features 
in different parts of the image can be extracted in parallel (O’Reilly and Munakata, 2000). 
For each feature that is detected, the network needs to abstract away from minor variations 
in position and size, but only within a small part of the image. Due to the task requirements, 
rotational variations are encoded as meaningful features at each stage of processing. 

At subsequent stages of processing, the simpler constituent features are integrated into 
larger patterns forming more complex features. Recognition of these secondary features is 
based on the combined activation of feature detectors at the previous stage, and is not 
strictly dependent on which part of the image these activations originate from. For each 
additional transformational step, more position and size independency is achieved and more 
complex patterns can be recognized. At the final stages of processing, the constituent 
features can be integrated into an overall shape that is perceived to be rotated in a specific 
way. This information is then mapped onto a directional indicator showing the predicted 
movement of the cyclone. 

2.3.1 Enhanced generalization ability 

Through consecutive transformational steps, detection of shape and orientation becomes 
increasingly independent of the exact position and size of the features, and is instead based 
on how the constituent features are located and oriented relative to each other. Image 
processing is based on simple features, and these features are present also in novel satellite 
images. Satellite images not previously presented to the network would still elicit a correct 
response based on the detection of previously experienced and well-learned constituent 
features. Hence, step-by-step image processing using feature detectors should enhance the 
network’s generalization capability. 
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3 Implementation of the network 
The network presented in this paper was implemented and trained using the artificial neural 
network simulation tool Leabra++, which has been specifically developed for modeling 
biologically based (brain-like) artificial neural networks (O’Reilly and Munakata, 2000). 
The network consisted of an input layer, three hidden layers, and an output layer (Fig. 2). 
All layers except the input layer were bi-directionally connected meaning that if a layer was 
sending input to another layer, it also received feedback from that layer. These feedback 
connections provided parallel constraint satisfaction capabilities, and were also used for 
error-driven learning. Connections were symmetrical so that if unit x was sending input to 
unit y, then x also received feedback from y. This symmetry was preserved during training. 

The first receiving layer V1 was designed to encode simple visual features in the input 
image, such as small cloud segments. Nodes in this layer were grouped and connected to 
the input in such a way that each group would receive input only from a limited part of the 
image. Layer V1 thus consisted of 3 x 3 groups containing 8 x 8 units each. Each of these 
groups received input from a 26 x 26-pixel patch of the input image. The grouping of nodes 
and selective communication between groups of nodes across layers simulated the concept 
of limited receptive fields (RF) that can be found in the human visual system (Fig. 4). Note 
however, that 3·26 is greater than 66 pixels, which means that neighboring receptive fields 
slightly overlapped in order to maintain continuity of processing across various parts of the 
image. Using this network architecture, local information from different parts of the image 
could be processed in parallel. For each transformational step in the network, information 
was integrated taking into account larger and larger parts of the input image. Hence, layer 
V2 consisted of four neighboring groups of 8 x 8 units, where each group received input 
from four groups in layer V1, which in turn covered 46 x 46 pixels in the input image. 

Finally, layer V4 comprised of 8 x 8 = 64 units, where each unit received input from all 
units in layer V2. At the final transformational step (V4 → Dir), the shape and orientation 
of the overall cloud pattern was transformed into a directional prediction indicating which 
direction the cyclone was most likely to move. Output from the network was represented by 
an 8 x 1 vector, where each bit (i.e. activation of one individual node) signified a direction 

 
Fig 4. Selective communication between corresponding groups of nodes 

across layers. This communication structure resembles the limited receptive 
fields in the human visual system. For each transformational step, increasingly 

complex features can be extracted and these features originate from 
increasingly larger parts of the input. 
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ranging from 0° to 315° in 45° increments. The low resolution of output reflected the 
relatively low resolution of the input images (66 x 66 pixels). 

3.1 Training data 
Training data were prepared by downsizing the original satellite images to 66 x 66 pixels, 
converting the resulting images into grayscale, and linearly transforming this grayscale 
image from a format where each pixel contained a value between 0 and 255 into a 
representation where pixel values were limited to the interval [0, 1]. This transformation 
would thus map an original pixel value of 255 to a new pixel value of 1. Similarly, an 
original pixel value of 127 would be transformed into a new pixel value of 127/255, and so 
on. Note that this transformation preserved the information contained in the original image. 

The resulting image was then artificially rotated clockwise in 45° increments, which 
resulted in eight rotated images. Each of the rotated images was zoomed in three ways 
(using zoom factors 0.8, 1, and 1.2), in order to create variation in the cyclone’s size 
relative to the image frame. Finally, each of the rotated and zoomed images was shifted in 
position either zero, one, or two steps. The size of the steps was varied across training 
sessions so that we could compare network performance for the one-pixel step size with the 
three-pixel step size.  

Position shifts were generated in eight directions (north, south, east, west, northeast, 
etc.). The resulting position of the cyclone could differ by as much as 12 pixels (when using 
3-pixel steps for shifting), which amounted to almost one-fifth of the total image size. As a 
result, important information about the cyclone’s surroundings would not be included from 
the edge of some images. To avoid moving the most informative part of the cyclone’s 
surroundings outside the image frame, two-step position shifts in the same direction the 
cyclone was moving were automatically discarded. These transformations resulted in 1200 
images. 

From the total set of images, a random subset comprising approximately 5 % of the 
images was set aside for later testing of network performance. The remaining 95 % of the 

 
Fig 5. Example of NOAA-AVHRR image and, on the righthand-side, 

corresponding image downsized to 66 x 66 pixels. The downsized image was 
artificially rotated clockwise in 45° increments. Each of the rotated images 

was zoomed and shifted in position in order to create variation in the 
cyclone’s orientation, size, and location within the image. 
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images were used for training the network. The correct direction in which a cyclone moved 
was determined by visual estimation using the original satellite image and was 
automatically calculated for the transformed images. 

Visual estimation of the cyclone’s movement was based on the general rule that it is 
most likely to move in a direction where there are cumulonimbus clouds in the outer 
circulation bands, as these signify a local area of low pressure (cf. Fig. 1). The network’s 
task was to detect the same pattern as the human eye, and to use this information to predict 
the cyclone’s future movement. In this way, the artificial neural network was required to 
play a role similar to a human expert at a meteorological department. 

We were forced to use relatively low-resolution images (Fig. 5) due to computational 
resource limitations. We used commercially available 2.2 GHz PCs for our network 
simulations. We reasoned that if the network would learn to predict cyclone movement 
based on these low-resolution images, this would be an excellent proof of the concept 
demonstrating the usefulness and robustness of ANN-techniques for cyclone track 
prediction. 

3.2 Information processing in the network 
For each input-output pair in the training set, the network went through two activation 
phases. During the minus phase, the network was presented with the input and then was 
allowed to settle into an activation state consistent with the input and with the weights of 
the network. During settling, weakly activated nodes were suppressed allowing at most k 
nodes to be active within a group of nodes in the same group of units and/or the same layer. 
This mechanism is commonly referred to as k-winners-take-all (kWTA).  

In the second plus phase, activation in the network was reset to zero and the network 
was presented with both the input and the correct output. During this second phase, the 
network settled into an activation state that reflected the correct (“should-have-been”) 
activation of each node. By comparing the activations between the minus and the plus 
phases, an error was computed for each node. 

The receiving weights for each node were adjusted in a direction that decreased this 
error. In addition, a weight change was also computed based on the co-activation of pairs of 
nodes. Pairs of sending and receiving nodes activated together during the plus phase were 
assigned a small positive weight change to enforce this tendency for co-activation. 
Likewise, a negative weight change was assigned to connections going from an inactive to 
an active node, and vice versa, in order to decrease the dissonance between these nodes. 
The final weight update for each connection reflected the sum of the error-driven and 
correlation-based weight change (see Equation 4). 

Training of the network can be described in mathematical terms as follows. Weights in 
the network were limited to the interval [0, 1]. Also, the activation of nodes was limited to 
the interval [0, 1]. The activation function describing how strongly a node should react to 
input was given by the following biologically based, sigmoid-like (S-shaped) function 
(O’Reilly and Munakata, 2000): 
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yj = activation of receiving node j 
γ = gain 
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Vm = membrane potential 
Θ = firing threshold 

Learning in the network was based on a combination of Conditional Principal Component 
Analysis (CPCA), which is a form of unsupervised model-based learning algorithm 
(Hebbian learning) and Contrastive Hebbian learning (CHL), which is a biologically based 
alternative to backpropagation of error (O’Reilly, 1998; O’Reilly and Munakata, 2000): 

CPCA: Δwij = εyj(xi − wij) = Δhebb     Equation 2 

xi = activation of sending node i 
yj = activation of receiving node j 
wij = weight from node i to node j 

CHL: Δwij = ε(xi
+ yj

+ − xi
− yj

−) = Δerr     Equation 3 

xi = activation of sending node i 
yj = activation of receiving node j 
x+, y+ = activations when both input and correct output is presented to the network 
x−, y− = activations when only input is presented to the network 

Combined learning: Δwij = ε[chebb Δhebb + (1 − chebb) Δerr]  Equation 4 

ε = learning rate (initially set to 0.01, and then gradually decreased during training) 
chebb = proportion of Hebbian learning (set to 0.01 in the present study) 

4 Results 
Training was run in epochs. Each epoch consisted of one round of the presentation of the 
complete training set, which comprised approximately 95 % of the 1200 images. For each 
epoch, the images were permuted to avoid sequence learning effects. Error in network 
performance was defined as the difference between the correct output and the output 
produced by the network. The difference was calculated for each output unit, and then 
squared and summed into an overall error. The output layer in the network consisted of 
eight nodes, where each node represented a possible movement ranging from 0° (north) to 
315° (northwest) in 45° increments. 

Performance error was measured in each of these eight nodes, as the network was 
required to activate one of these nodes, but not the others. The individual errors were 
squared (to eliminate differences in sign) and summed for the eight units producing a 
summed squared error (SSE) for each output produced by the network. Performance error 
for each epoch was measured as the SSE summed over all input-output pairs in the training 
set. We conducted multiple trainings to make sure that network training was stable, that is, 
independent of the initial random weights. In general, for all training runs, the training error 
(SSE) decreased rapidly and stabilized at around 20, after 10-15 epochs (Fig. 6). This 
implied an average error of 0.02, divided among eight nodes, for each output produced by 
the network. 

These results were obtained for images where the position of the cyclone center was 
varied by a maximum of 6 % of the total image size. This means that when using the 
network for cyclone track prediction, the cyclone needs not be relatively precisely 
positioned in the canter of the image in order for the network to produce valid track 
predictions. To get a feeling for how well the network handled positional variations, we 
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experimented with training the network using larger variations in the position of cyclone 
center. A typical training curve for such a training set is depicted with dashed line in Fig. 6. 

4.1 Network performance for novel images 
About 5 % of the images were excluded from the training set and were presented to the 
network for the first time during testing. During testing, we recorded which images were 
and were not interpreted correctly. We obtained correct direction prediction for about 99 % 
of the test images when the cyclone’s center varied by 6 % of the image size (Fig. 7a). 
When the position of the cyclone center varied more within the image frame (18 % of the 
image size), correct track predictions dropped to 84 % of the test images (Fig. 7b). 

 
Fig 6. Sample training curves. Typically, the network reached a training error of 30-

40 after 10-15 epochs of training when cyclone position was varied by 6 % of the 
image size. The dashed line shows a sample training curve for input images where 

the cyclone canter varied in position by up to 18 % of the image size. 

 
Fig 7. Sample distribution of errors for the test images. a. Directional errors when 

cyclone center varied by 6 % of the total image size. The leftmost bar indicates 
correct cyclone track predictions for test images (98.7 %). b. Distribution of errors 

when cyclone position varied by 18 %. A stable pattern across multiple runs was the 
relatively few orthogonally incorrect predictions (90° error). 
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For the image set that contained images with up to 18 % positional variation of the cyclone 
center relative to the image frame, several training and testing sessions were conducted 
using different starting weights. We detected a reoccurring pattern: In about 5% of the 
cases, that is, for 3-4 of the 70-75 test images the network mistakenly predicted that the 
cyclone was moving opposite to the correct direction. In other words, the predicted 
direction erred by 180° (Fig. 7b). For a few images, the prediction erred by 45°. Finally, for 
1-2 images, predicted direction was perpendicular to the correct direction. Hence, mistaken 
predictions tended to be either close to the correct direction (45° off), or in the opposite 
direction (or directions close to this). Incorrect predictions that were oriented perpendicular 
to the correct direction were comparatively rare. 

5 Analysis of network performance 
The pattern of errors produced by the network (Fig. 7a and 7b) indicated that predictions 
were based on shape information, namely the elongated shape formed by the cyclone 
together with the cumulonimbus clouds that form on one side of the cyclone. The images 
fed into the network were relatively low-resolution (66 x 66 pixels), and it seems that for 
some of these images the network mistakenly recognized the elongated shape as being 
oppositely oriented (e.g. upside-down or mirrored left-to-right) resulting in predictions 
erred by approximately 180°. In contrast, the network made relatively few errors where 
predictions differed 90° from the true direction of movement. 

The internal workings of artificial neural networks are often considered to be 
impenetrable for the human analyst. An interesting question is therefore how the network 
performs cloud pattern recognition. For this, we need to understand which low-level 
features are extracted by the network when a satellite image is presented. What sort of low-
level features the network has learned to detect is in turn reflected by the weight structure 
that has developed during training between the first input layer (Vis_on) and the next 
receiving layer (V1). 

The receiving (incoming) weights connecting to the individual receiving units in V1 can be 
plotted to see which pixels in the input image that this particular receiving unit has learned 
to react to. An example is shown in Fig. 8a, where the receiving weights have been 

 
Fig 8. a. Receiving weights for a particular node in V1 developed during training. This 

node receives input from part of Vis_on (comprising the RF of this node) and also 
receives feedback signals from V2. Note that the weight pattern from Vis_on resembles 
a cloud segment and is the feature that this particular receiving node specializes for. b. 

Receiving weights for a group of neighboring nodes in V1. Block (x, y) shows the 
weight pattern from part of Vis_on into node (x, y) within a receiving group in V1. 
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visualized for one particular unit in V1. As can be seen in the figure, these weights indicate 
that the receiving unit has been specialized for detecting a particularly shaped cloud 
segment. 

One way of visualizing the receiving weights for several units is to stack the weight 
matrices for neighboring receiving units within a receiving group into a matrix-like pattern. 
Hence, for example, the weight matrix for unit (0, 0) in V1, the leftmost bottom unit, would 
be placed in position (0, 0) in the stacked weight matrices plot. Looking at the stacked 
weight matrices plot (Fig. 8b), the division of labor in V1 becomes evident as various 
receiving units in V1 have been specialized for detecting different types of cloud segments. 
Depending on which of these features are present in the satellite image, the corresponding 
units in V1 will be activated, indicating the presence of a particular combination of features. 
Based on this activation pattern, subsequent layers (e.g. V2) will be able to recognize the 
overall cloud shape. 

6 Discussion 
The network was able to learn the task quickly (in 15-20 epochs) and this learning behavior 
was stable, which indicates that the network architecture (size and structure of layers and 
connection structure) was basically sound. Because we had limited computational resources 
available, we were forced to use relatively low-resolution input images (cf. Fig. 5). In spite 
of the low-resolution images (66 x 66 pixels) that were used, it was possible to train the 
network and achieve correct cyclone track predictions for 99% of the test images when 
small variations in the cyclone position were allowed. According to our analysis, the 
network was able to learn to interpret the shape of cloud patterns in the cyclone, and map 
the orientation of this overall shape to a correct movement direction. Most importantly, the 
network could achieve this irrespective of variations in the position and apparent size of the 
cyclone. 

When larger variations in cyclone position were allowed, for about 10 % of the test 
images, the network mistakenly interpreted the image as being upside-down or mirrored 
making predictions that erred by approximately 180°. This type of error implies that the 
network successfully recognized the elongated shape that was formed by the cyclone and 
the surrounding clouds, but that the orientation of this overall shape was mistakenly 
recognized as being upside-down and/or left-right mirrored. These mistakes are most likely 
caused by the low-resolution images that were used as input. 

In a relatively few cases (1.5 % when cyclone position was varied by 18 % of total 
image size), the direction predicted by the network was orthogonal to correct cyclone 
movement direction. This result probably reflects the complex training situation that arose 
when individual features were allowed to move outside the receptive field of individual 
feature detectors. 

The present study is a proof of the concept and is meant to demonstrate the applicability 
of neural network techniques for cyclone track prediction. This work constitutes a first step 
towards fully automated interpretation of satellite images for the purpose of forecasting a 
cyclone’s track and intensity. Among other things, the technique remains to be tested on 
higher resolution images of a wider variety of cyclones. Also, higher positional invariance 
may be desirable in real-world applications. 

We see several directions for future work. First of all, it would be interesting to develop 
a scaled-up version of the network, and to compare its performance with the present 
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network to see if higher resolution images contain additional useful information. Although 
our present training results indicate that low-resolution images are sufficient, we expect that 
some cases, especially at the early stages of cyclone development, may require recognition 
of subtle cloud patterns that may not be extractable from low-resolution satellite images. 

Second, the kind of deep recurrent (bi-directionally connected) network that we have 
been using could be redesigned to also take into account other non-visual factors, such as 
the previous track of a cyclone, as well as sea-surface temperature and air pressure data. On 
the one hand, the inclusion of additional input layers would entail larger and more receiving 
layers, which in turn could slow the network simulations considerably. On the other hand, 
supplementary input would impose additional constraints on the activation states of the 
network. Provided that the constraints are intrinsically compatible, they could improve 
activation settling in the network, and could boost learning performance.  
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Appendix B  
 
TC signaling system for the maritime ports 

To convey danger levels associated with the approaching TC in the disseminated warnings, 
the Bangladesh Meteorological Department uses an eleven-point signaling system (ranging 
from low to high danger level) for the maritime ports. 
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The current TC signaling system for the maritime ports 

Signal 
number 

Signals Explanations 

1 Distant cautionary 
signal number-I 

There is a region of squally weather (wind 
speed of 61 km/h) in the distant sea where a 
storm may form. 

2 Distant warning signal 
number-II 

A storm (wind speed of 62-88 km/h) has 
formed in the distant deep sea. Ships may fall 
into danger if they leave harbor. 

3 Local cautionary 
signal number-III 

The port is threatened by squally weather 
(wind speed of 40-50 km/h). 

4 Local warning signal 
number-IV 

The port is threatened by a storm (wind speed 
of 51-61 km/h) but it does not appear that the 
danger is yet sufficiently great to justify 
extreme precautionary measures.  

5 Danger signal 
number-V 

The port will experience severe weather from a 
storm of slight or moderate intensity (wind 
speed of 62-88 km/h) that is expected to cross 
the coast to the south of Chittagong port or 
Cox's Bazar port and to the east of Mongla 
port. 

6 Danger signal 
number-VI 

The port will experience severe weather from a 
storm of slight or moderate intensity (wind 
speed of 62-88 km/h) that is expected to cross 
the coast to the north of the port of Chittagong 
or Cox's Bazar and to the west of the port of 
Mongla. 

7 Danger signal 
number-VII 

The port will experience severe weather from a 
storm of light or moderate intensity (wind 
speed of 62-88 km/h) that is expected to cross 
over or near the port. 

8 Great danger signal 
number-VIII 

The port will experience severe weather from a 
storm of great intensity (wind speed of 89 
km/h or more) that is expected to cross the 
coast to the south of the port of Chittagong or 
Cox's Bazar and to the east of the port of 
Mongal. 

9 Great danger signal 
number-IX 

The port will experience severe weather from a 
storm of great intensity (wind speed of 89 
km/h or more) that is expected to cross the 
coast to the north or the port of Chittagong or 
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Signal 
number 

Signals Explanations 

Cox's Bazar and to the west of the port of 
Mongla. 

10 Great danger signal 
number-X 

The port will experience severe weather from a 
storm of great intensity (wind speed of 89 
km/h or more) that is expected to cross over or 
near the port. 

11 Failure of 
communication-XI 

Communications with the Storm Warning 
Centre have broken down and local officers 
consider that a devastating cyclone is 
following. 
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Appendix C  
 
TC signaling system for the river ports 

To convey danger levels associated with the approaching TC in the disseminated warnings, 
The Bangladesh Meteorological Department uses a four-point signaling system for the river 
ports. Signal number 1 in this system represents low danger level, whereas signal number 4 
represents high danger level. 
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The current TC signaling system for the river ports 

Signal 
number 

Signals Explanations 

1 Cautionary signal 
number-I 

The area is threatened by squally winds (wind 
speed of 60 km/h) of transient nature. This 
signal is also hoisted during nor’westers.  

2 Warning signal 
number-II 

A storm (wind speed of 61 km/h) or a 
nor’wester (wind speed 61 km/h or more) is 
likely to strike the area (Vessels of 65 feet and 
under in length are to seek shelter 
immediately. 

3 Danger signal 
number-III 

A storm (wind speed of 62-88 km/h or more) is 
likely to strike the area soon (all vessels will 
seek shelter immediately). 

4 Great danger 
signal number-IV 

A violent storm (wind speed of 89 km/h or 
more) will strike the area soon (all Vessels will 
take shelter immediately). 
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Appendix D  
 
Questions used for the in-depth interview 

A collection of structured and open-ended questions was used for the in-depth interview 
among the meteorologists at the Bangladesh Meteorological Department. All the questions 
used for the interview were organized under two sections. Questions in the first section 
were used to collect information about the participating meteorologists themselves and the 
second section was devoted to elicit their views on the cyclone early warning system, which 
is currently in use. 
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Meteorologists’ views on the current cyclone forecasting 
and warning system at the Bangladesh meteorological 
department 

Section 1 (Respondent details) 

Name  
Age  Sex □ Male □ Female 
Responsibility  
Educational 
background 

□ Physics □ Mathematics □ Meteorology   □ 
Other 

Started job in 
( ) 

 

Section 2 (Cyclone forecasting and warning) 

1) Which technique/techniques are currently in use at BMD to produce forecast for 
Tropical Cyclones (TCs)? 
…………………………………………………..…………………………… 

……………………………………………………………………………….. 

……………………………………………………………………………….. 

2) Data used by BMD for forecasting TCs 

Ground-based observation Satellite observation 

Data type Freely 
available 

(Y/N) 

Used for 
TC forecast 

(Y/N) 

Data type Freely 
available 
(Y/N) and 
satellite 

 

Used for 
TC 

forecast 
(Y/N) 

Surface 
 

  Infrared image   
Surface humidity   Sea level pressure   
Rainfall   Sea surface 

 
  

Surface pressure   Vertical wind 
 

  
Surface wind 
speed 

  Multiple level 
temperature 

  

Surface wind 
direction 

  Visible channel 
image 

  

Radar data   Wind speed   
   Wind direction   
      

3) TC forecasting technique detail (use the following table if more than one technique is 
used) 

Name  
Type □Numerical □Statistical □Other……… 
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Produces 
forecast for 

□Track □Intensity □Movement 
speed 

□ Other………. 

Data used  
Forecast length □24h □48h □72h □Other…….. 
Forecast is 
reliable for next 

□24h □48h □72h □Other……. 

Forecast error 
(□km/□knot) 

□For 24h 
…….............
 

□48h 
……..............
 

□72h 
…….................

 

□Other (…..h) 
................... 

Computational 
resource 
requirement 

Processor speed Number of cores Installed RAM 

Model run time  

4) Have there been any changes in TC forecasting techniques during the last decade 
(□Yes/□No)? If yes please state reasons and effects of the changes 

Change Time of 
change 

Reason of change Effect of the change 

    
    

5) Possible ways to improve the precision of TC forecast in future 

a) Using new data (Please describe) 
…………………………………………………………………………………… 
b) Modifying the existing technique (Please describe) 

…………………………………………………………………………………… 
c) Using better techniques (Please describe) 

…………………………………………………………………………………… 
d) Others……………………………………………………………………… 

6) Why are the warning messages issued for maritime and river ports and not for other 
places where cyclones will make a landfall? 

a) Due to the geographical locations of the maritime and river ports 
b) Due to the pattern of historical cyclone tracks 
c) Due to the shape and physiography of the coast 
d) The techniques currently in use are not capable of producing track forecast 

precisely, so mentioning only the ports in the warning message is a simplified 
resolution of the problem 

e) Other reasons for not identifying other places and cities as threatened 
……………………………………………………………………………………… 

7) Does the content of the warning message vary according to the danger level 
(□Yes/□No)? Please describe the warning message formulation process. 

………………………………………………………………………………………… 

8) How are the TC warning messages delivered (using which media, e.g., TV, radio, text 
messages)? 

………………………………………………………………………………………… 
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9) How precise and reliable are the current warning messages? 

[1]   [2]   [3]   [4]   [5]   [6] 

(Never correct)   (Always correct) 

10) Possible ways to improve the precision and reliability of warning message in future 

a) Forecast TCs with better accuracy (Please describe) 

………………………………………………………………………………………… 

b) Increase the efficiency of warning message delivery system (Please describe) 

…..…………………………………………………………………………………… 

c) Others………………………………………………………………………… 

11) Does the BMD receive cyclone forecasts from other meteorological offices or 
organizations? (□Yes/□No)? If yes please state the names 

□ regional specialized meteorological center  □ IMD 
□ UKMET      □ JMA 
□ Others…………………………… 

12) BMD delivers cyclone warning messages based on: 
□ own forecast    □ received forecast 
□ combined (own plus received) forecast 

13) What are the future plans of BMD regarding TC forecasting and warning system? 
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Appendix E  
 
Questionnaire used for the survey 

The questionnaire used to elicit respondents’ views on the current cyclone early warning 
system consisted of two parts. The first part contained structured questions, which were 
used to collect socio-economic information from the respondents, whereas the second part 
of the questionnaire contained multiple-choice questions and elicited respondents’ views on 
the current cyclone early warning system. 



 

319 

Residents’ views on the current cyclone early warning 
system—the case of cyclone Sidr and Mahasen in 
Bangladesh 

Part 1 (Respondent detail): 

Name  
Address Village: Union: Thana: 
Location of 
respondent’s 
home 

Lat: Long: 

Age  Sex □Male   □Female 
Occupation □ Service □ Business □ Farming □ Fishing  

□ Other………………. 
Income (approx.)  
Education □ Illiterate □ Primary school □ Secondary school  

□ Higher education 
Family size  Number of dependents  
Condition of 
surrounding roads 

□ Tar built □ Concrete □ Semi-concrete □ Brick-built  
□ Mud-built  

Type of housing 
(ability to 
withstand storm) 

Katcha (floor of 
mud, wall of 
wood/tin/hay, roof 
of tin/hay) 

Semi pacca (floor 
of concrete, wall of 
wood/tin, roof of 
tin) 

Pacca (floor and 
wall of concrete, 
roof of 
tin/concrete) 

Part 2 (Receiving of warning message, interpretation, and response) 

1) Have you received any cyclone warning during Sidr (□Yes/□No) and Mahasen 
(□Yes/□No)? 

2) If yes, from where did you receive the cyclone warning  

□electronic media (radio, TV, sms)  □newspaper 

□signal flag    □megaphone  

□other……………………… 

3) From which media you prefer to get warning messages and why?  

Media 
□electronic media (radio, TV, sms)  
□newspaper 
□signal flag 
□megaphone  
□other……………… 

Reasons of the preference 
□don’t have mobile phone 
□cannot hear megaphone because live too far 
□……………………………….. 
□………………………………..  
□…….……………………………… 

4) Warning message from which media is easy to understand for you  

□ electronic media (radio, TV, sms)  □ newspaper 

□ signal flag    □ megaphone  
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□ other……………………………… 

5) Do you have access to any cyclone shelter (□Yes/□No)? If yes please mention the 
name………………………………………….and distance………….......of the shelter 
from your home.  

6) Please listen/read the warning messages I am going to read/ I am going to supply 
(Cyclone Sidr warning) 

Warning message disseminated on 12 November 2007 

What information do you get from the warning message? 
a) Current position of the approaching cyclone  
b) Forecasted position of the approaching cyclone 
c) Danger level signal  
d) Areas likely to be affected 
e) Approximate time of strike 
f) Maximum wind speed or intensity  
g) Approximate height of the storm surge 
h) Evacuation guidance 
i) Safety guidance for the fishing boats 
j) Other…………………………………………………… 

Warning message disseminated on 15 November 2007 

Which information do you get from the warning message? 
a) Current position of the approaching cyclone  
b) Forecasted position of the approaching cyclone 
c) Danger level signal 
d) Areas likely to be affected 
e) Approximate time of strike 
f) Maximum wind speed or intensity  
g) Approximate height of the storm surge 
h) Evacuation guidance 
i) Safety guidance for the fishing boats 
j) Other………………………………………………………… 

7) Are there any differences between the warning messages you just listened to 
(□Yes/□No)? If yes, please mention in which respect the warning messages are 
different?  
a) Current position of the approaching cyclone  
b) Forecasted position of the approaching cyclone 
c) Danger level signal 
d) Areas likely to be affected 
e) Approximate time of strike 
f) Maximum wind speed or intensity  
g) Approximate height of the storm surge 
h) Evacuation guidance 
i) Safety guidance for the fishing boats 
j) Other………………………………………………………… 

8) Did you go to cyclone shelter/other safe place after receiving the warning during Sidr 
(□Yes/□No)? If no describe the reasons  
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□did not trust the warning message  □did not understand the instructions 
in the warning message 

□according to the warning, the 
cyclone would not strike at this part 
of the coast so I thought that the 
danger was low 

□I thought that the accommodation 
capacity of the shelter is not enough 

□the nearest shelter is too far □the nearest shelter is in bad 
condition 

□afraid of residential burglary □local communication system is 
poor 

□home is strong so did not feel the 
necessity to go to shelter 

□others 

9) Please listen/read the warning messages I am going to read/ I am going to supply 
(Cyclone Mahasen warning) 

Warning message disseminated on 12 May 2013 

Which information do you get from this warning message? 
a) Current position of the approaching cyclone  
b) Forecasted position of the approaching cyclone 
c) Danger level signal 
d) Areas likely to be affected 
e) Approximate time of strike 
f) Maximum wind speed or intensity  
g) Approximate height of the storm surge 
h) Evacuation guidance 
i) Safety guidance for the fishing boats 
j) Other………………………………………………… 

Warning message disseminated on 16 May 2013 

Which information do you get from this warning message? 
a) Current position of the approaching cyclone  
b) Forecasted position of the approaching cyclone 
c) Danger level signal 
d) Areas likely to be affected 
e) Approximate time of strike 
f) Maximum wind speed or intensity  
g) Approximate height of the storm surge 
h) Evacuation guidance 
i) Safety guidance for the fishing boats 
j) Other…………………………………………… 

10) Are there any differences between the warning messages you just listened to 
(□Yes/□No)? If yes then please mention in which respect the warning messages are 
different?  
a) Current position of the approaching cyclone  
b) Forecasted position of the approaching cyclone 
c) Danger level signal 
d) Areas likely to be affected 
e) Approximate time of strike 
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f) Maximum wind speed or intensity  
g) Approximate height of the storm surge 
h) Evacuation guidance 
i) Safety guidance for the fishing boats 
j) Other………………………………………………………… 

11) Did you go to cyclone shelter/other safe place after receiving the warning during 
Mahasen (□Yes/□No)? If no describe the reasons  

□did not trust the warning message  □did not understand the instructions 
in the warning message 

□according to the warning, the 
cyclone would not strike at this 
part of the coast so I thought that 
the danger was low 

□I thought that the accommodation 
capacity of the shelter is not enough 

□the nearest shelter is too far □the nearest shelter is in bad 
condition 

□afraid of residential burglary □local communication system is 
poor 

□home is strong so did not feel the 
necessity to go to shelter 

□others 

12) To what extent are you satisfied with the warning messages you received during 
cyclone Sidr and Mahasen (□very high □high □moderate □low □very low)? Describe 
the reason:  
a) Reliability/accuracy of the warning message 
b) Timeliness of the warning message 
c) Understandability of the warning message 
d) Other………………………………….  

13) In which way should the warning messages be improved for future cyclones?   
a) Including good description of the threat (certainty/severity/immediacy/duration) 
b) Guidance on protective action 
c) Where I can get further information about the cyclone  
d) Other…………………………………………………. 
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Appendix F  
 
Per-recorded warning messages 

To get insight into respondents’ ability to understand and interpret the information 
contained in the disseminated warnings, four pre-recorded warning messages (two for each 
of the two TCs Sidr and Mahasen) were used in the questionnaire survey. All the 200 
respondents listened to these pre-recorded warnings during the survey and they answered 
the multiple-choice questions: 6, 7, 9, and 10 in Appendix E after listening. 
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The four pre-recorded warning messages (two for each of 
the two TCs: Sidr and Mahasen) used in the questionnaire 
survey 

Special weather bulletin: sl. no: 03 (three), date: 12-11-2007 

The depression over south east bay and adjoining area remained practically stationary, 
intensified into a deep depression over the same area and was centered at 06 am today (12th 
November 2007) about 1360 kilometers south of Chittagong port, 1270 kilometers south of 
cox’s bazar port and 1385 kilometers south-southeast of Mongla port (near lat 10.00 N and 
long 91.50 E). It is likely to intensify further and move in a northwesterly direction.  

Maximum sustained wind speed within 48 kilometers of the depression center is about 
50 km/h rising to 60 km/h in gusts/squalls. Sea will remain rough. 

Maritime ports of Chittagong, cox’s bazar and Mongla have been advised to keep 
hoisted distant cautionary signal number one (repeat) one. 

All fishing boats and trawlers over north bay have been advised to come close to the coast 
and proceed with caution till further notice. They are also advised not to venture into the 
deep sea.  

Special weather bulletin: sl. no. 20 (twenty), date: 15-11-2007 

The severe cyclonic storm “Sidr” (ECP 952 hpa) with a core of hurricane winds over east 
central bay and adjoining area moved northwards and was centered at midnight last night 
about 705 kilometers south-southwest of Chittagong port, 625 kilometers south-southwest 
of cox’s bazar port and 650 kilometers south of Mongla port (near lat 16.5° N & long 89.2° 
E). It is likely to intensify further and move in a northerly direction and cross Khulna-
Barisal coast by noon today (15th November 2007).  

Maximum sustained wind speed within 74 kilometers of the storm center is about 190 
km/h rising to 210 km/h in gusts/squalls. Sea will remain very high. 

Maritime port of Mongla has been advised to keep hoisted great danger signal no. ten 
(repeat) ten. the coastal districts of Bhola, Barisal, Patuakhali, Borguna, Pirozpur, 
Jhalokathi, Bagerhat, Khulna, Satkhira and their offshore islands and chars will remain 
under great danger signal no. ten (repeat) ten. 

Maritime ports of Chittagong and cox’s bazar have been advised to keep hoisted great 
danger singal no. nine (r) nine.  The coastal districts of Cox’s bazar, Chittagong, Noakhali, 
Feni, Laxmipur, Chandpur and their offshore islands and chars will remain under great 
danger signal no. nine (repeat) nine. 

Under the influence of the storm, the coastal districts of Cox’s bazar, Chittagong, 
Noakhali, Feni, Laxmipur, Bhola, Barisal, Patuakhali, Borguna, Chandpur, Pirozpur, 
Jhalokathi, Bagerhat, Khulna, Satkhira and their offshore islands and chars are likely to 
experience squally wind speed 120-150 km/h or more from morning today which will 
gradually increase up to 210 km/h with the passage of the storm. 

The low-lying areas of the coastal districts of Cox’s bazar, Chittagong, Noakhali, Feni, 
Laxmipur, Bhola, Barisal, Patuakhali, Borguna, Chandpur, Pirozpur, Jhalokathi, Bagerhat, 
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Khulna, Satkhira and their offshore islands and chars are likely to be inundated by storm 
surge of height 12-15 feet above normal astronomical tide. All fishing boats and trawlers 
over north bay must remain in shelter till further notice. 

Special weather bulletin: sl. no. 05 (five), date: 12-05-2013 

The cyclonic storm “Mahasen” (with ECP 998 hpa) over southeast bay and adjoining area 
moved northwestwards over the same area and was centered at midnight last night (11th 
May 2013) about 1555 kilometers south southwest of Chittagong port, 1465 kilometers 
south southwest of cox’s bazar port and 1535 kilometers south of Mongla port (near lat 8.50 

N and long 89.20 E). It is likely to intensify further and move in a north northwesterly 
direction. 

Maximum sustained wind speed within 54 kilometers of the storm center is about 62 
km/h rising to 88 km/h in gusts/ squalls. Sea will remain very rough near the storm center. 

Steep pressure gradient persists over north bay. Under its influence, squally weather may 
affect north bay, adjoining coastal area of Bangladesh and the maritime ports. 

 Maritime ports of Chittagong, cox’s bazar and Mongla have been advised to keep 
hoisted local cautionary signal no. three (repeat) three.  

All fishing boats and trawlers over north bay have been advised to remain close to the coast 
and proceed with caution. They are also advised not to venture into the deep sea until 
further notice.  

Special weather bulletin: sl. no. 29 (twenty nine), date: 16-05-2013 

The cyclonic storm “Mahasen” (with ECP 990 hpa) over north bay and adjoining west 
central bay moved slightly north-northeastwards and now lies over the same area and was 
centered at midnight last night (the 15 may 2013) about 555 kilometers southwest of 
Chittagong port, 500 kilometers southwest of cox’s bazar port and 445 kilometers south 
southwest of Mongla port (near lat 18.50 N and long 88.50 E).  

It is likely to intensify further and move in a north-northeasterly direction and may cross 
between Patuakhali (Khepupara)-Teknaf coast near Chittagong by noon of 16th May 2013. 

Maximum sustained wind speed within 54 kilometers of the storm center is about 62 
km/h rising to 90 km/h in gusts/ squalls. Sea will remain very rough near the storm center. 

Maritime ports of Chittagong and cox’s bazar have been advised to keep hoisted danger 
signal number seven (repeat) seven.  

The coastal districts of Cox’s bazar, Chittagong, Noakhali, Laxmipur, Feni, Chandpur, 
Bhola, Borguna, Patuakhali, Barisal and their offshore islands and chars will come under 
danger signal number seven (repeat) seven. 

Maritime port of mongla has been advised to keep hoisted danger signal number five 
(repeat) five. The coastal districts of Pirozpur, Jhalokathi, Bagherhat, Khulna, Satkhira and 
their offshore islands and chars will come under danger signal number five (repeat) five.  

Under the influence of the storm the low-lying areas of the coastal districts of Cox’s 
bazar, Chittagong, Noakhali, Laxmipur,  Feni, Chandpur, Borguna, Bhola, Patuakhali, 
Barisal,  Pirozpur, Jhalokathi, Bagherhat, Khulna, Satkhira and their offshore islands and 
chars are likely to be inundated by storm surge of 8-10 feet height above normal 
astronomical tide. 
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The coastal districts of Cox’s bazar, Chittagong, Noakhali, Laxmipur, Feni, Chandpur, 
Borguna, Patuakhali, Barisal, Bhola, Pirozpur, and their offshore islands and chars are 
likely to experience wind speed up to 90-100 km/h in gusts/ squalls with heavy to very falls 
during the passage of the storm. 

The coastal districts of Jhalokathi, Bagerhat, Khulna, Satkhira and their offshore islands 
and chars are likely to experience wind speed up to 80-90 km/h in gusts/ squalls with heavy 
to very falls during the passage of the storm. 

Due to very heavy rainfall, landslide may occur at places over the hilly regions of 
Chittagong division. All fishing boats, trawlers, and marine vessels over north bay have 
been advised to remain in shelter till further notice. 
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Appendix G  
 
Generalized TC signaling system 

The Bangladesh Department of Disaster Management in cooperation with the Bangladesh 
Meteorological Department has recently designed an eight-point signaling system for TCs, 
which is to be used for both the maritime and the river ports. In this new system, all the 
eight signal numbers are to be used for the maritime ports and the last six signal numbers 
are to be used for the river ports. 
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Generalized eight-point TC signaling system for the 
maritime and the river ports 

Signal 
number 

Signals Explanations 

1 Distance 
cautionary signal 
number-I 

There is a region of squally weather in which a 
storm may be forming (well-marked low or 
depression) with surface winds up to 61km/h. 
(33knots)). 

2 Distance warning 
signal number-II 

A storm has formed (Cyclonic storm with 
surface winds 62-87 km/h. (34-47 knots)). 

3 Local cautionary 
signal number-III 

The port/area is threatened by squally weather 
(cyclonic circulation with surface winds 40-50 
km/h. (22-27 knots) or squalls due to 
Nor’westers). 

4 Local warning 
signal number-IV 

The port/area is threatened by a storm, but it 
does not appear that the danger is as yet 
sufficiently great to justify extreme measures of 
precaution (cyclonic circulation) with surface 
winds 51-61 km/h. (28-33 knots)). 

5 Danger Signal-VI The port/area will experience severe weather 
from a cyclonic storm of moderate intensity 
(Cyclonic storm with surface winds 62-88 
km/h. (34-47 knots)). 

6 Great Danger 
Signal-IX 

The port will experience severe weather from a 
storm of very great intensity (Severe cyclonic 
storm with surface winds 89-117 km/h. (48-
63)). 

7 Great Danger 
Signal-IX 

The port will experience severe weather from a 
storm of very great intensity (Severe cyclonic 
storm with a core of Hurricane winds with 
surface winds 118-170 km/h. (64-119 knots)). 

8 Great Danger 
Signal-X 

The Port will experience severe weather from a 
storm of very great intensity (Severe cyclonic 
storm with a core of Hurricane winds with 
surface winds 171 km/h and above (120 knots 
and above)). 
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