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Abstract This paper examines the fatalities from tropical cyclones (TC) generated in the
Bay of Bengal and the Arabian Sea making landfall in India, Bangladesh, and neighboring
countries. In these locations, the number of TC fatalities, on average, far outnumbers those
found in the rest of the world. Applying negative binomial models, we find that TC
fatalities are explained by high TC intensity, storm surge, and low income. A one unit
increase in TC intensity (1 hpa) on TC fatality is commensurate with the effect of a one
unit increase in income per capita (1000 INR). We also show that income growth reduces
TC fatality, in part, because it increases adoption of information-based adaptation mea-
sures. Based on these results, future fatalities are projected based on forecasts from eight
climate models and two income scenarios. A key result is the interplay between future
increases in cyclone intensity versus income. If hurricane intensity were to increase, as
predicted by three of the seven climate models, fatalities are predicted to increase dra-
matically in the low-income scenario. However, if income grows at a faster rate, hurricane
fatality is predicted to fall in all scenarios. Therefore, economic development remains an
important policy variable to mitigate future impacts from global warming.
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1 Introduction

Tropical cyclones in the North Indian Ocean lead the globe in deadly impacts. Since 1990,
more than 2000 fatalities occur, on average, for each tropical cyclone landfall across India,
Bangladesh, and Thailand (IMD 2014a, b). Individual storms have led to more than
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130,000 fatalities (Guha-Sapir et al. 2015). This is in a stark contrast to the TCs making
landfall elsewhere in the world. In the USA and Australia, where fatalities average in the
dozens per storm, only a single storm—Hurricane Katrina in 2005—has caused more than
1000 lives lost since 1970. A key factor in explaining these differential impacts is income.
While hurricane fatalities depend, in part, on the physical forces of the storm as well as
adaptation measures to protect valuable assets in harm’s way, income level is a key driver
of adaptation, as income determines the choices of adaptation measures economically
available for protection (Seo 2015).

In addition to current TC risks, climate change, due primarily to anthropogenic activ-
ities (IPCC 2014a), is expected to impact tropical cyclones via atmospheric and oceanic
warming (NCEI 2015; NHC 2014; IPCC 2014b). These impacts include increased fre-
quency of severe hurricanes in a warmer world (Emanuel 2005, 2013; Elsner et al. 2008;
Knutson et al. 2010; Camargo 2013; Tory et al. 2013). Given the highly nonlinear rela-
tionship between economic damages and storm intensity—with damages scaling by as
much as the 9th power of maximum wind speed—increasing storm intensity could greatly
exacerbate losses over the coming century (Pielke et al. 2008; Nordhaus 2010). However,
changes in hurricane activities are predicted to vary across oceans, as are the predicted
changes in economic damages (Mendelsohn et al. 2012; Emanuel 2013; Seo 2014). In
addition, differential rates of economic development may increase a nation’s ability to
adapt. Therefore, conditions in the future world must be carefully studied to understand
future vulnerabilities under a changing world.

This paper analyzes current and future vulnerability to tropical cyclone fatalities, with
special attention to the role of adaptation strategies made possible by income growth in the
North Indian Ocean. The authors begin by examining the history of observed TCs to quantify
the roles that adaptation strategies, as well as TC and socioeconomic factors, play in deter-
mining the magnitude of human fatalities across the Bay of Bengal and the Arabian Sea from
1990 to 2012 (See Figs. 1, 2). An array of negative binomial models is run to explain
hurricane fatalities by TC intensity, income level, and other variables (Seo 2015; Bakkensen
and Mendelsohn 2016). Probit models are run to explain the choice of information-based
adaptation measures such as TC trajectory projection methods, TC surge models, and TC
advisories (Seo 2015). This paper then examines changes in tropical cyclone activities due to
global warming and the consequences of such changes in the North Indian Ocean, where
hurricane-related death tolls are especially high and, therefore, is the region of greatest
concern globally (Bakkensen and Mendelsohn 2016; Seo 2015). Future TC projections under
various scenarios of climatic changes are obtained from the Emanuel’s work (Emanuel et al.
2008; Emanuel 2013). We simulate the changes in TC fatalities based on these TC projections
downscaled from seven climate models and assuming both low-income and middle-income
scenarios. The authors estimate how adaptation strategies can be enhanced to reduce vul-
nerability to future hurricanes in a warmer world.

We find that TC fatalities are explained by high TC intensity, storm surge, and low
income. A one unit increase in TC intensity (1 hpa) on TC fatality is commensurate with
the effect of a one unit increase in income per capita (1000 INR). We also find that income
growth reduces TC fatality, in part, because it increases adoption of information-based
adaptation measures. When making future projections, of key concern is the interplay
between future increases in cyclone intensity versus income. If hurricane intensity were to
increase, as predicted by three of the seven climate models, fatalities are predicted to
increase dramatically in the low-income scenario. However, if income grows at a faster
rate, hurricane fatality is predicted to fall in all scenarios. Therefore, economic develop-
ment remains an important policy variable to mitigate future impacts from global warming.
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logfatal = 238.9694 - 0.117133*Year

Fig. 1 Number of TC fatalities from 1990 to 2012
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Fig. 2 Fatalities and minimum central pressure

The paper comprises the following sections. In the next section, we present a theory of
TC fatalities. The third section explains our empirical approach and data. The fourth
section explains empirical results from the applications of negative binomial models. The
fifth section analyzes determinants of adaptation through probit models. The sixth section
provides future simulations of TC fatalities based on the scientific projections of TC
intensities and frequencies by the end of twenty-first century. We conclude the paper with a

summary and discussion.
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2 Tropical cyclone fatalities

Tropical cyclones (TC), also called hurricanes in the northern Atlantic and Eastern Pacific
Oceans and typhoons in the western North Pacific Ocean, are giant heat engines fueled by
the flux of heat from the ocean to the upper atmosphere (Seo 2015). TCs are driven by a
positive feedback loop whereby stronger TC winds lead to lower sea surface pressure,
thereby increasing surface heat flux and creating yet stronger winds. The Indian Meteo-
rological Department classifies cyclones based on wind speed when a storm is over water
and air pressure when a storm is over land. A cyclone is defined as a storm reaching a wind
speed of at least 60 kmph (IMD 2015c).

Human fatality is one of the hurricane consequences most feared by affected individuals
and government agencies. The number of fatalities from a hurricane depends upon the
severity of a hurricane, commonly expressed in terms of maximum wind speeds and
minimum central pressure (Seo 2015). It also depends on vulnerability factors including
population, elevation, capital assets, and income of the region struck by a hurricane
(Nordhaus 2010). Hurricanes also cause a temporary storm surge in the sea level. In low-
lying areas of poor countries such as India and Bangladesh, hurricane-caused storm surge
often is a primary driver of high fatality counts (Jelesnianski et al. 1992; Lin et al. 2012;
IMD 2015b).

Growing literature exists on the relationship between TCs and climate. Emanuel first
theorized the relationship between elevated CO, concentrations, due to the greenhouse
effect, and increases in the destructive potential of hurricanes (Emanuel 1987). Previous
research shows a clear upward trend in hurricane power, as defined by the Power Dissi-
pation Index (PDI) which is a function of maximum wind speeds and frequency, in the
latter half of the twentieth century in the North Atlantic and the western North Pacific
Oceans (Emanuel 2005, 2008). Underlying the PDI trend are changes in hurricane intensity
and frequency (Knutson et al. 2010). Work by Kossin et al. (2013) shows that the lifetime
maximum intensity of the strongest storms has increased globally, although weakly, in the
past few decades, in all oceans except the western North Pacific. Even after adjusting for
potential missing storms in the historical record before the advent of satellite tracking,
hurricane counts show distinct multi-decadal swings over time, but no long-term trend
(Vecchi and Knutson 2011). Although historical data on hurricanes such as the HURDAT
best track file in the USA—which form the basis of the above studies—are available from
the 1850s, the satellite era of hurricane observations began only in the 1970s (McAdie et al.
2009; Landsea et al. 2009). Hurricane data during the pre-satellite era suffer from missed
observations, imprecise measurements, and non-standardized recording procedures.

3 Empirical approach and data

To model the counts of hurricane fatality, we use the negative binomial (NB) distribution
which can be derived from the Poisson distribution (Cameron and Trivedi 1986; Hilbe
2007). Assume y;, a random variable, is of the number of fatality from a hurricane i whose
distribution is a Poisson with parameter A;:

yi ~Poisson (4;). (1)

We further assume that the parameter 4; is a random variable with a Gamma
distribution:
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Ai ~Gamma (o, f3). (2)

The unconditional distribution of y; is the negative binomial distribution whose first two
moments are:

E(yl) = OCﬁ7 (3)
Var(y;) = af + af’.

Substituting in p; = off and Kk = l/w the mean and variance of fatalities becomes:

E (y i ) =l ( 4)
Var(y) = -+ 2.

The NB distribution is preferable to the Poisson distribution when overdispersion exists
in count data. The variance in Eq. 4 captures overdispersion in the sample and increases in
a quadratic (nonlinear) function of the mean (Lambert 1992; Hilbe 2007). In contrast, the
variance in the Poisson distribution is equal to the size of the mean. We test for (and find)
overdispersion in our sample.

The probability density function (PDF) of y; is

-1
Iy +x7" K] " UW; Ji
)= ! f ;=0,1,2,... 5
.f(yl) I—v(yl+l)l—w(’c_1) K_1+,ul' K:_l"‘,ui ) or yl b Rt ( )

where x > 0 is the dispersion parameter.

Economic theory guides our understanding of hurricane fatalities, which are a function
of hurricane characteristics, as well as human vulnerability and adaptation (Nordhaus
2010; Seo 2015; Bakkensen and Mendelsohn 2016). We therefore include the following
variables in our empirical fatalities model: hurricane intensity and surge (to characterize
the hurricane), income and population (to characterize vulnerability), and various
endogenous and exogenous adaptation measures (to characterize adaptation).

We estimate our NB fatalities model using the following log link:

g(,u,») =1In ni = + ﬂlMCPi + BZINC,' + 'J)ISURi + 'J)ZPOP,' + (pAD,- (6)

where MCP is the minimum central pressure, INC is income per capita, SUR is the level of
storm surge, POP is population density, and AD is a vector of adaptation measures (Seo
2015)." The log link ensures that the over-dispersed data are adequately captured in the
model and the estimated number of deaths does not become negative. The parameters are
estimated using the maximum likelihood method and the Newton-Raphson technique for
nonlinear optimization.’

Several tests of interest result from Eq. 6. First, through the estimated parameter y;, we
test the hypothesis that the level of storm surge is a significant cause of high fatalities from

! Previous work has shown that MCP is a better measure of the destructiveness of a storm than maximum
wind speed, due in part to better accuracy in historical measurement (Gray et al. 1991; Mendelsohn et al.
2012; Seo 2014; Bakkensen and Mendelsohn 2016). Our data indicate that there are missing records of wind
speed for some cyclones and that the estimated model with wind speed is weaker in terms of significance of
parameter estimates.

2 An alternative specification is possible, although not preferred, by a log-log functional relationship. This
is shown graphically in Fig. 2. A reviewer also suggests that a linear-in-the-logs model should be used.
However, such a model is theoretically incorrect because it assumes a declining marginal effect of hurricane
intensity on the number of fatalities as hurricane intensity becomes stronger.
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hurricanes in low-lying tropical countries including India and Bangladesh. Second,
adaptation measures, such as the development of tropical cyclone trajectory projection
methods and availability of a storm surge modeling, TC advisories, and the Global Mar-
itime Distress and Safety System (GMDSS), are tested through the significance of ¢ (Seo
2015).

Other estimated parameters are of interest. ﬁl estimates the relationship between
cyclone intensity and fatalities. It is interpreted as the proportional change in the mean
fatality in response to one unit increase in the intensity of a hurricane, i.e., minimum
central pressure:

n dln dit; /i
_ - 7
b d MCP; d MCP; ()

Similarly, the estimated parameter ﬁz estimates the relationship between income change
and fatalities. It is interpreted as the proportional change in the mean fatality in response to
one unit increase in income per capita:

P _dlnﬂl_dﬂl/ﬂl (8)
) = = .
dINC; dING;

We hypothesize that a weaker (higher pressure) storm will lead to fewer fatalities
(ﬁl <0), while income growth will decrease the magnitude of lives lost (ﬁz <0).

The impact of a change in hurricane intensity from MCP, to MCP), caused by a
climatic shift, on the number of fatality is measured as follows:

A = [;(MCP;) — i;;(MCPy). 9)

We construct an original dataset on tropical cyclones generated in the North Indian
Ocean—the Bay of Bengal and the Arabian Sea—from 1990 to 2012, when detailed data
on each cyclone is available from the Indian Meteorological Department (IMD 2015a, b).
TCs primarily make landfall in India, but also impact South Asian countries including
Bangladesh, Thailand, Sri Lanka, Burma, and Pakistan. A handful of cyclones made
landfall in Africa and the Middle East but are excluded from the analysis due to data
limitations.

We use both best track data and annual TC reports by the IMD. The best track database
contains data on TC location, minimum central pressure, maximum wind speeds, and other
information for each observation period throughout the lifetime of the storm. The annual
TC reports describe each TC in detail and contain information on fatalities, financial
damage, landfall locations, storm surge, trajectory projections, TC advisory, evacuation,
GMDSS, and other variables. We collect data on five relevant adaptation measures:
availability of a surge modeling as a forecasting tool, the TC observation interval, avail-
ability of TC advisory, application of the Global Maritime Disaster and Safety System
(GMDSS), and availability of TC trajectory projection using the Limited Area Model
(LAM).

Socioeconomic data are gathered from various sources including the World Bank
Development Indicators and the Open Government Data Platform of India (World Bank
2015; OGDPI 2015). Income per capita and population density are available at the state
level for India and at the country level for non-Indian countries. Using a World Bank
Consumer Price Index, income data are adjusted to real 2006 prices.

@ Springer



Nat Hazards (2016) 82:1341-1355 1347

Projections of hurricane activities by the end of this century are obtained from Emanuel
(Emanuel et al. 2008; Emanuel 2013). Applying downscaling methods to the CMIP3 and
CMIP5 (Climate Model Inter-comparison Project) models, Emanuel predicts changes in
TC frequency and intensity by the end of twenty-first century across global oceans. This
paper relies on his predictions for the North Indian Ocean. The downscaled hurricane
predictions are generated from the following seven AOGCM climate models: CCSM3,
CCNRM, CSIRO, ECHAM, GFDL, MIROC, and MRI.

4 What explains fatalities?

We begin by examining summary statistics from our dataset and then formally model the
determinants of tropical cyclone fatalities. Table 1 presents descriptive statistics for
variables in our dataset. To examine trends over time in our data, statistics are presented
for the two periods: an early period (from 1990 to 2001) and a late period (from 2002 to
2012). Altogether, 64 TCs made landfall in the early period and 61 TCs made landfall in
the late period.

While still high, the average number of TC fatalities declined from 2441 persons in the
early period to 1469 persons in the late period. The minimum pressure, on the other hand,
rose slightly from 986 to 989 hpa, which implies a decrease in average intensity, though
not significant statistically (Evan et al. 2011). Average surge level declined from 0.59 to
0.48 m. These statistics tell us that the decline in the number of TC fatalities in the late
period may be attributed to, inter alia, a decrease in TC intensity and storm surge.
However, from the early period to the late period, income per capita and population density
both increased.

The variable ‘surge model’ in Table 1, an indicator variable taking the value 1 if a surge
model was present, was used in all TCs in the late period, but in none of the TCs in the
early period. In addition, the time between official TC observations, when TC data are
collected for a given event, has decreased, averaging 5.02 h between observations in the
early period and 3.3 h between observations in the later period. All late period TCs were
coupled with a TC advisory, the Global Maritime Disaster and Safety System (GMDSS),
and the TC trajectory projection using the Limited Area Model (LAM). Given different
development dates, these technologies and systems were not available for some TCs in the
early period.

Given the observed records regarding TC characteristics, adaptation, and fatalities, we
now examine the conditional relationships between fatalities and variables of interest
through a set of regression analysis. In Table 2, we present the results from our six neg-
ative binomial models. According to the log-likelihood statistics and the scaled deviances
close to one, all six models are significant at the 5 % level.

Model 1 is the most parsimonious model in which minimum central pressure, income
per capita, and population density are entered as explanatory variables for the explanation
of TC fatality. The error terms are assumed to be independent. The dispersion parameter is
8.3, which shows that the sample data are highly dispersed and the choice of the negative
binomial model is appropriate. In this model, the estimate of minimum central pressure is
significant, as is that of income per capita. The estimate for minimum pressure is —0.12,
which implies that one unit decrease in minimum central pressure leads to 12 % increase in
the number of fatality. The estimate for income per capita is —0.029, which implies that a
one unit increase in income per capita (1000 INR which is approximately 17 USD) leads to
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Table 1 Descriptive statistics

Variable Early: 1990-2001 Late: 2002-2012
Mean SD Mean SD
Fatalities (N) 2441.89 17399.52  1469.95 10751.70
Minimum central pressure (hpa) 986.05 21.40 989.10 12.94
Income per capita (INR) 11099.19 11605.34 25243.66 22239.88
Population density (ppl/km?) 518.60 327.37 558.31 514.31
Observation interval (h) 5.02 1.01 3.32 0.68
Surge model (0/1) 0.00 0.00 1.00 0.00
Surge (m) 0.59 1.49 0.48 1.22
TC advisory (0/1) 0.02 0.13 1.00 0.00
Global Maritime Distress and Safety System (0/1) 0.02 0.13 1.00 0.00
Trajectory projection using Non-hydrostatic Meso-scale 0.00 0.00 0.72 0.45
Model (NMM) (0/1)
Trajectory projection by Limited Area Model (LAM) (0/1) 0.61 0.49 1.00 0.00

2.9 % decrease in the number of fatalities. The estimate for population density is positive,
as expected, but not signiﬁcant.3

In India and South Asian countries, the number of death from a TC is strongly linked to
the level of a storm surge due to many reasons including fragile houses, low-lying areas,
and lack of shelters. In Model 2, we add the availability of a storm surge model and the
level of surge. Data on the height of storm surge is available for all years but is missing for
a handful of small storms. As expected, the surge level is a highly significant factor with
parameter estimate of about 1. A one meter increase in a surge leads to a 100 % increase in
TC fatality. The inclusion of the surge variables decreases the magnitude of the estimate of
minimum central pressure. In Model 2, the estimate is —0.03, which is significant. This in
turn shows that the high sensitivity of fatality to MCP is owing to a mis-specification of the
model, i.e., omission of surge variables.

In Model 3, we add a dummy variable for the TC trajectory projection using the Limited
Area Model (LAM). This is one of the first employed TC trajectory projection methods in
India and continues to be used for every storm. It began to be systematically adopted in
1976. The estimated coefficient is positive, but not significant.

In Models 4 and 5, we use the same set up as Model 2, but change the error assumption
to exchangeable error terms in Model 4 and unstructured error terms in Model 5 (Seo
2015). Model 4 assumes a fixed correlation parameter while Model 5 assumes no structure
in correlation parameters between the error terms. There is no theoretical ground on which
we can bound an error structure, which means that the unstructured error structure in
Model 5 is preferable in our modeling. Changes in the assumption of the error terms,
however, do not affect the results significantly.

* This may be due to very high population densities across all regions in the study. That is, unlike Australia
and the USA where population density varies a great deal from one region to another, Indian coastal regions
are all densely populated with little variation. In addition, it could be due to greater resilience in urban areas,
relative to rural areas, such that fatalities do not scale proportionately with population.
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Table 2 Negative binomial models of fatalities

Model 1 Model 2 Model 3

Est. P value  Est. P value  Est. P value
Intercept 124.213 <.0001 33.9403 <.0001 18.9908 0.0114
Minimum central pressure (hpa) —0.1206  <.0001 —0.03 <.0001 —0.0159 0.04
Income per capita (1000 INR) —0.0292 0.0006 —0.0292 0.0012 —0.0268 0.0021
Population density (ppl/km?) 0.0002 0.8269 0.0001 0.8466 0.0002 0.7639
Surge (m) 1.0001 <.0001 1.1392 <.0001
Surge model 0.0642 0.9004 —0.3408 0.5154
Trajectory LAM 1.2 0.1839
Dispersion parameter 8.3742 7.6306 7.4726
Likelihood ratio (P value) <0.0001 <0.0001 <0.0001
Scaled deviance (value/DF) 0.9702 0.9877 0.9967
Assumption on the error terms Independent Independent Independent

Model 4 Model 5 Model 6: estimated

level of surge

Est. P value  Est. P value  Est. P value
Intercept 33.9403 <.0001 33.9403 <.0001 133.5627  <.0001
Minimum central pressure (hpa)  —0.03 <.0001 —0.03 <.0001 —0.1295 <.0001
Income per capita (1000 INR) —0.0292 0.0012 —0.0292 0.0012 —0.0359 0.0024
Population density (ppl/km?) 0.0001 0.8466 0.0001 0.8466 0.0002 0.7329
Surge (m) 1.0001 <.0001 1.0001 <.0001 —0.354 0.1885
Surge model 0.0642 0.9004 0.0642 0.9004 0.4095 0.5705
Dispersion parameter 7.6306 7.6306 8.568
Likelihood Ratio (P value) <0.0001 <0.0001 <0.0001
Scaled deviance (value/DF) 0.9877 0.9877 0.9765
Assumption on the error terms Exchangeable Unstructured Unstructured

Adopting the specification in Model 5, we replace the surge level with an ‘estimated’
surge level in Model 6. Since surge level is not recorded for small TCs, the authors
estimated the surge level using minimum central pressure, spatial location, and other
variables and used it as one of the explanatory variables. The estimate is not significant
implying that additional variables, such as bathymetry and coastal elevation gradients, are
needed to model surge. However, the estimated coefficient of minimum central pressure
returns to the magnitude in Model 1, which does not include the surge variable. This
implies that the surge variable and the minimum central pressure are correlated to some
degree (Jelesnianski et al. 1992; SURGEDAT 2015). When the level of surge is not
accurately measured for each of the TCs in the dataset, the minimum central pressure
measure of hurricane intensity is likely to absorb much of the impact of a higher storm
surge.

What are the effects of non-information-based adaptation measures against storm surge
including bunkers and shelters built on the hurricane-prone low-lying zones (Paul 2009)?
The estimate of the minimum central pressure in Model 2 may capture the effects of such
adaptation measures. In other words, the damage from a high-intensity hurricane occurs
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because of both high-speed winds and high sea surge. Individuals and public agencies will
take adaptation measures, including building and evacuating into the bunkers and shelters,
which will reduce the casualties from a TC due to hurricane intensity. In India and
Bangladesh, a lack of shelters and bunkers as well as poor housing conditions of many
residents in the low-lying areas are perceived to be a primary policy concern. These effects
are captured in the large parameter estimate of storm surge: 4100 % increase in hurricane
fatality with an additional 1 meter increase in storm surge. On the other hand, income
growth provides a large reduction in hurricane fatality, given hurricane intensity and storm
surge, probably because higher income equips people with more sturdy housing and local
communities with sufficient numbers of shelters. The relationship between income growth
and adaptation innovation is an important area of future research.

5 Adoption of adaptation measures

We now turn to specific adaptation measures employed to protect against tropical cyclone
impacts. We focus on information-based adaptation measures and leave physical protection
options for future work. Through detailed TC reports from the Indian Meteorology
Department, the authors recorded various adaptation measures that were used before and
during TC events (IMD 2015b). In Table 3, adoption of each of these measures is modeled
using the Probit choice model (Train 2003). The five measures are: availability of a surge
model, a TC trajectory projection using the Limited Area Model (LAM), a TC trajectory
projection using the Non-hydrostatic Meso-scale Model (NMM), a TC advisory, and the
Global Maritime Distress Safety System (GMDSS). During this period, all TCs were
observed by satellites.

Table 3 Probit models of adaptation strategies

Surge model Trajectory LAM Trajectory NMM
Est. P value  Est. P value  Est. P value
Intercept —3.1995 0.6343 10.2061 0.2418 2.0382 0.765
Minimum central pressure 0.00274  0.6886 —0.0102 0.2518 —0.00316  0.648
Income per capita (1000 INR) 0.0295 0.0002 0.0292 0.0198 0.0264 0.0006
Population density (/km?) —0.00009 0.7916 0.000612  0.1721 0.0004 0.2599
Wald statistic 14.4178 0.0024 6.5128 0.0892 13.0136 0.0046
TC advisory GMDSS
Est. P value Est. P value
Intercept —4.0901 0.5452 —4.0901 0.5452
Minimum central pressure 0.00366 0.5933 0.00366 0.5933
Income per capita (1000 INR) 0.0295 0.0002 0.0295 0.0002
Population density (/km?) —0.0001 0.7745 —0.0001 0.7745
Wald statistic 14.5621 0.0022 14.5621 0.0022
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Adoption of adaptation options phased in over time and the technologies continued to
improve in accuracy after initial adoption. Storm surge models were first used in 2002
while TC advisories and the GMDSS began in 2001 (IMD 2015b). The NMM technology
is a more recently adopted (in 2006) dynamical model. The LAM technology began to be
systematically adopted in 1996. Before that, the CLIPER (Climatology and Persistence)
model, a statistical model which was developed in 1972 by the National Hurricane Center
in the USA, was used for TC trajectory projection (NHC 2009). These measures have been
developed and adopted over time in response to the society’s desire to better deal with the
destructiveness of tropical cyclones.

In Table 3, adoption of each of these measures is explained by intensity, income per
capita, and population density (Seo 2015). According to the Wald statistics, all the models
are significant at the 5 % level except the choice of a TC trajectory projection using the
LAM which is significant at the 9 % level. In all five models, income per capita is
significant at the 5 % level. The positive estimate indicates that the adoption of these
measures is more likely when a TC approaches a higher income region and/or occurred in a
higher income year. The parameter estimate is quite steady across the five models at about
40.029. In addition, the technologies have become more sophisticated through the
establishment of regional centers and international collaborations.

Adoption of these measures by Indian agencies is a public effort to reduce the number
of fatalities caused by the hurricane. These measures improve the knowledge of local
people who make decisions to avoid personal catastrophes. An individual may or may not
decide to evacuate to a bunker or physically protect property, given this information.
However, it is not apparent in the individual reports of these hurricanes whether these
measures are adopted selectively only when certain regions, e.g., high-income regions are
approached by a hurricane. The probit models nonetheless inform us that these measures
are more likely to be adopted in areas or at times when incomes are higher.

Turning to the storm characteristics, the estimated coefficient on the intensity variable is
not significant across the five adaptation measures. This implies that information-based
adaptation measures are not adopted due to the intensity of a TC or specifically targeted to
areas with intense storms. These measures are different from other adaptation measures
such as evacuation and physical protection, which are primarily driven by the intensity of
an approaching TC.

The results from the probit models also shed light on the results from the negative
binomial models in Table 2. Adoption of information-based adaptation strategies, via
increases in income, have reduced the number of fatalities from TCs. These results provide
evidence that adaptation measures against TCs have been effective in India.

6 Future simulations

Based on the empirical results presented in the previous section, we simulate the impacts of
climate change on TC fatality by the end of this century. From the six models presented in
Table 2, we use the following three parameter estimates for our future projections: min-
imum central pressure = —0.03, income per capita = —0.029, and surge = +1.001.*
These parameters are highly stable across Models 2 through 5. As there is no known
scientific literature on the level of storm surge expected by the century’s end in a warmer

4 Alternatively, Model 6 could be used for future simulations with similar results presented in this section.
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world (Jelesnianski et al. 1992; SURGEDAT 2015), we base our future simulations on
changes in three measures: changes in TC intensity, TC frequency, and income.

As shown in Table 4, we employ sixteen future climate change scenarios detailing
changes in TC intensity, TC frequency, and income per capita. The projections of the TC
activities in the North Indian Ocean are drawn from Emanuel and coauthors (Emanuel
et al. 2008). They base their projections on the seven AOGCM climate models under an
A1B climate change scenario. The seven climate models are CCSM3, CNRM, CSIRO,
ECHAM, GFDL, MIROC, and MRI. A final scenario is Emanuel’s average of the seven
models. For each of these scenarios, we simulate a low-income scenario and a middle-
income scenario.

On average, the frequency of the TCs is predicted to decrease by 8.2 % and the intensity
is predicted to increase by 3.7 % in the North Indian Ocean (Emanuel et al. 2008).
However, a more recent study predicts a nonsignificant change in the hurricane frequency
(Emanuel 2013). This is a major departure from the assessment by the Intergovernmental
Panel on Climate Change (IPCC 2014a). The seven downscaled hurricane projections vary
a great deal from one to another with regard to frequency prediction and intensity
prediction.

For income changes, two scenarios are used: a low-income scenario and a middle-
income scenario. In the low-income scenario, income per capita is predicted to grow more
slowly at 2 % per year. In the middle-income scenario, the income per capita in the region
is predicted to grow at 3 % per year. At the end of twentieth century, the income per capita
was 17.8 thousand INR. A century of 3 % growth will lead to an income level of 324
thousand INR. These estimates are conservative, as India may grow at a higher growth rate
than these scenarios. The Indian economy grew at about 7 % from 2005 to 2015 (World
Bank 2015).

In Table 5, we simulate the changes in TC fatality by the end of twenty-first century
assuming the sixteen scenarios described above. Average fatality in our sample data during
the end of twentieth century was 10,670 persons per year. In a low-income scenario, the
fatality increase has a wide range: more than 100,000 additional deaths per year in the
MIROC scenario to a decrease in 10,670 deaths per year (total eradication of cyclone
fatality) in the CNRM scenario. Increases in hurricane fatalities are observed in the
MIROC, MRI, and CCSM3 scenarios due to a large increase in intensity predicted in these

Table 4 Future Scenarios

TC frequency (%) TC intensity (%) Low-income Middle-income
scenario scenario

Current value 5.4 TCs per year 987 hpa 17.8 thousand INR 17.8 thousand INR
Future projections

Emanuel 0 +3.7 +111 +324

scenario

CCSM3 +6 +13 +111 +324

CNRM -21 —15 +111 +324

CSIRO —11 +8 +111 +324
ECHAM -19 +2 +111 +324

GFDL —13 -3 +111 +324

MIROC —-12 +20 +111 +324

MRI +12 +2 +111 +324
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Table 5 Projections of fatality by the end of twenty-first century

Low-income scenario Middle-income scenario

Current value 10,670 deaths per year 10,670 deaths per year
Future projections

Emanuel scenario —10,470 —10,670

CCSM3 +8067 —10,643

CNRM —10,670 —10,670

CSIRO —7060 —10,670

ECHAM —10,280 —10,670

GFDL —10,573 —10,670

MIROC +109,858 —10,472

MRI +2438 —10,670

scenarios. A decrease in hurricane fatality occurs in the CNRM, CSIRO, ECHAM, GFDL,
and the Emanuel average scenarios due to both a decrease in hurricane intensity and a
decrease in hurricane frequency.

In the middle-income scenario, all eight scenarios lead to a large reduction in the
number of fatalities from hurricanes. Regardless of changes in hurricane characteristics,
the change in income dominates the outcomes.

For comparison, what would happen if the sensitivity of fatality to hurricane intensity
is much larger than that on which these simulations are based, say, twice more
destructive with the sensitivity parameter of —0.06? Our analysis shows that in the
MIROC model, income growth of about 3.1 % would be sufficient to offset the
increased number of fatalities due to increased intensity, given the doubled sensitivity
parameter of —0.06. Therefore, the growth of income relative to hurricane intensity will
be a critical factor in the determination of future fatalities and will be an important
metric for policy.

7 Discussion

This paper examines fatalities from tropical cyclones generated in the Bay of Bengal and
the Arabian Sea from 1990 to 2012, where the average number of TC fatalities far out-
numbers those found in the USA, Australia, and the rest of the world (Seo 2015; Bak-
kensen and Mendelsohn 2016). The authors use negative binomial models to explain
fatality count data by minimum central pressure, level of storm surge, income, population
density, and adaptation measures. This paper finds that one unit increase in TC intensity
(one millibar) has a similar impact on TC fatality as one unit increase in income per capita
(1000 INR). One meter increase in storm surge is estimated to double the number of
fatalities from a TC.

A unit of income growth reduces the TC fatality proportionally by 3 %. One mechanism
by which income reduces TC fatality is through innovation and adoption of information-
based adaptation measures. Historical measures include TC trajectory projections by
various methods, storm surge models, TC advisories, and a global cooperative system such
as the Global Maritime Distress and Safety System (GMDSS). Probit models show that
adoption of these measures increases as income per capita grows.

@ Springer



1354 Nat Hazards (2016) 82:1341-1355

Future simulations are made relying on the eight TC projections under CMIP3 and
CMIPS climate models and two income scenarios. In a low-income scenario in which the
income per capita is predicted to grow at 2 % per year, hurricane fatality is determined by
how destructive hurricanes would become. In the MIROC model in which hurricane
intensity is predicted to increase by 20 %, hurricane fatality is predicted to increase by
more than 100,000 persons per year. If hurricane intensity were to increase moderately or
even decrease, hurricane fatality is predicted to fall by a great deal. In the middle-income
scenario, hurricane fatality is predicted to fall in all scenarios regardless of changes in
hurricane characteristics.

From a policy perspective, we synthesize our key results within the literature. First,
overall hurricane fatalities are very high in the North Indian Ocean compared to those in
high-income regions (Bakkensen and Mendelsohn 2016). Second, the paper indicates that
the high fatalities are not ascribed largely to high hurricane intensity. The parameter
estimate of minimum central pressure in the Indian Ocean context is —0.03, which is only
one-half of the parameter estimate (—0.06) in Australian TCs (Seo 2015). Third, in
addition to TC intensity, storm surge is highly dangerous in this region due likely to poor
housing structures and a lack of appropriate shelters and bunkers (Paul 2009; Peduzzi et al.
2012). One additional meter of storm surge is predicted to double the number of fatalities.
Fourth, adaptation measures employed in this region such as a surge model, TC trajectory
projection, TC advisory, and the GMDSS have been effective. Adoptions of these strate-
gies are largely a function of income growth. Finally, income growth and accompanying
increases in adaptation facilities and capacities will, by and large, determine the severity of
hurricane fatalities in India and its neighboring regions in the future under climatic changes
(Seo 2015).

References

Bakkensen LA, Mendelsohn R (2016) Risk and adaptation: evidence from global hurricane damages and
fatalities. J As Environ Resour Econ (Forthcoming)

Camargo SJ (2013) Global and regional aspects of tropical cyclone activity in the CMIP5 models. J Clim
26:9880-9902. doi:10.1175/JCLI-D-12-00549.1

Cameron AC, Trivedi PK (1986) Econometric models based on count data: comparisons and applications of
some estimators and some tests. J Appl Econ 1:29-53

Elsner JB, Kossin JP, Jagger TH (2008) The increasing intensity of the strongest tropical cyclones. Nature
455:92-95. doi:10.1038/nature07234

Emanuel K (1987) The dependence of hurricane intensity on climate. Nature 326:483—485. doi:10.1038/
326483a0

Emanuel K (2005) Increasing destructiveness of tropical cyclones over the past 30 years. Nature
436:686—688. doi:10.1038/nature03906

Emanuel K (2008) The hurricane—climate connection. Bull Am Meteorol Soc 89:E10-E20. doi:10.1175/
BAMS-89-5

Emanuel K (2013) Downscaling CMIP5 climate models shows increased tropical cyclone activity over the
21st century. In: Proceedings of the national academy of the sciences (PNAS). doi:10.1073/pnas.
1301293110

Emanuel K, Sundararajan R, Williams J (2008) Hurricanes and global warming: results from downscaling
IPCC AR4 simulations. Bul Am Meteoroll Soc 89:347-367. doi:10.1175/BAMS-89-3-347

Evan AT, Kossin JP, Chung CE, Ramanathan V (2011) Arabian Sea tropical cyclones intensified by
emissions of black carbon and other aerosols. Nature 479:94-97

Gray W, Neumann C, Tsuisui T (1991) Assessment of the role of aircraft reconnaissance on tropical cyclone
analysis and forecasting. Am Meteorol Soc Bull 72:1867-1883

Guha-Sapir D, Below R, Hoyois P (2015) EM-DAT: international disaster databas. www.emdat.be,
Université Catholique de Louvain—Brussels, Belgium

@ Springer


http://dx.doi.org/10.1175/JCLI-D-12-00549.1
http://dx.doi.org/10.1038/nature07234
http://dx.doi.org/10.1038/326483a0
http://dx.doi.org/10.1038/326483a0
http://dx.doi.org/10.1038/nature03906
http://dx.doi.org/10.1175/BAMS-89-5
http://dx.doi.org/10.1175/BAMS-89-5
http://dx.doi.org/10.1073/pnas.1301293110
http://dx.doi.org/10.1073/pnas.1301293110
http://dx.doi.org/10.1175/BAMS-89-3-347
http://www.emdat.be

Nat Hazards (2016) 82:1341-1355 1355

Hilbe JM (2007) Negative binomial regression. Cambridge University Press, Cambridge

India Meteorological Department (2015a) Report on cyclonic disturbances in North Indian Ocean from 1990
to 2012. Regional Specialised Meteorological Centre—Tropical Cyclones, New Delhi

India Meteorological Department (2015b) Best track data of tropical cyclonic disturbances over the North
Indian Ocean. Regional Specialised Meteorological Centre (RSMC)—Tropical Cyclones, New Delhi

India Meteorological Department (2015¢) Frequently asked questions in tropical cyclones. http:/www.imd.
gov.in/section/nhac/dynamic/faq/FAQP.htm#q5

Intergovernmental Panel on Climate Change (IPCC) (2014a) Climate change 2014: the physical science
basis, the fifth assessment report. Cambridge University Press, Cambridge

Intergovernmental Panel on Climate Change (IPCC) (2014b) Climate change 2014: impacts, adaptation and
vulnerability, the fifth assessment report. Cambridge University Press, Cambridge

Jelesnianski CP, Chen J, Shaffer WA (1992) SLOSH: sea, lake, and overland surges from hurricanes. NOAA
technical report NWS 48, 1992

Knutson TR, McBride JL, Chan J, Emanuel K, Holland G, Landsea C, Held I, Kossin JP, Srivastava AK,
Sugi M (2010) Tropical cyclones and climate change. Nat Geosci 3:157-163. doi:10.1038/ngeo779

Kossin JP, Olander TL, Knapp KR (2013) Trend analysis with a new global record of tropical cyclone
intensity. J Clim 26:9960-9976. doi:10.1175/JCLI-D-13-00262.1

Lambert D (1992) Zero-inflated Poisson regression, with an application to defects in manufacturing.
Technometrics 34:1-14. doi:10.2307/1269547

Landsea C, Vecchi GA, Bengtsson L, Knutson TR (2009) Impact of duration thresholds on Atlantic tropical
cyclone counts. J Clim 23:2508-2519. doi:10.1175/2009JCLI3034.1

Lin N, Emanuel K, Oppenheimer M, Vanmarcke E (2012) Physically based assessment of hurricane surge
threat under climate change. Nat Clim Change 2:462-467. doi:10.1038/nclimate1389

McAdie C J, Landsea CW, Neuman CJ, David JE, Blake E, Hamner GR (2009) Tropical cyclones of the
North Atlantic Ocean, 1851-2006. Historical climatology series 6-2, prepared by the national climatic
data center, Asheville, NC in cooperation with the National Hurricane Center, Miami, FL, 238 pp

Mendelsohn R, Emanuel K, Chonabayashi S, Bakkenshen L (2012) The impact of climate change on global
tropical cyclone damage. Nat Clim Change 2:205-209. doi:10.1038/nclimate1357

National Centers for Environmental Information (NCEI) (2015) Climate monitoring. National Oceanic and
Atmospheric Administration (NOAA), USA. http://www.ncdc.noaa.gov/climate-monitoring/

National Hurricane Center (NHC) (2009) Technical summary of the national hurricane center track and
intensity models. NHC, NOAA/National Weather Service, Florida

National Hurricane Center (NHC) (2014) Tropical cyclone climatology. NHC, NOAA/National Weather
Service, Florida

Nordhaus W (2010) The economics of hurricanes and implications of global warming. Clim Change Econ
1:1-24. doi:10.1142/S20100078 10000054

Open Government Data Platform India (OGDPI) (2015) Per capita net state domestic product at current
prices. Government of India, New Delhi

Paul BK (2009) Why relatively fewer people died? The case of Bangladesh’s Cyclone Sidr. Nat Hazards
50:289-304. doi:10.1007/s11069-008-9340-5

Peduzzi P, Chatenoux B, Dao H, De Bono A, Herold C, Kossin J, Mouton F, Nordbeck O (2012) Global
trends tropical cyclones risk. Nat Clim Change 2:289-294

Pielke RA, Gratz J, Landsea CW, Collins D, Saunders MA, Musulin R (2008) Normalized hurricane
damages in the United States: 1900-2005. Nat Hazards Rev 9:29-42. doi:10.1061/(ASCE)1527-
6988(2008)9:1(29)

Seo SN (2014) Estimating tropical cyclone damages under climate change in the Southern Hemisphere using
reported damages. Environ Resour Econ 58:473-490

Seo SN (2015) Fatalities of neglect: adapt to more intense hurricanes? Int J Climatol 35:3505-3514. doi:10.
1002/joc.422

SURGEDAT (2015) Global peak surge map. SURGEDAT: The World’s Surge Data Center, Louisiana State
University. http://surge.srcc.lsu.edu/data.html#GlobalMap

Tory KJ, Chand SS, McBride JL, Ye H, Dare RA (2013) Projected changes in late-twenty-first-century
tropical cyclone frequency in 13 coupled climate models from phase 5 of the Coupled Model Inter-
comparison Project. J Clim 26:9946-9959. doi:10.1175/JCLI-D-13-00010.1

Train KE (2003) Discrete choice methods with simulation. Cambridge University Press, Cambridge

Vecchi GA, Knutson TR (2011) Estimating annual numbers of Atlantic hurricanes missing from the
HURDAT database (1878-1965) using ship track density. J Clim 24:1736-1746. doi:10.1175/
2010JCLI3810.1

World Bank (2015). Population density (people per sq. km of land area); GDP per capita (current US$);
Inflation, consumer prices (annual %), World Development Indicators. World Bank, Washington

@ Springer


http://www.imd.gov.in/section/nhac/dynamic/faq/FAQP.htm%23q5
http://www.imd.gov.in/section/nhac/dynamic/faq/FAQP.htm%23q5
http://dx.doi.org/10.1038/ngeo779
http://dx.doi.org/10.1175/JCLI-D-13-00262.1
http://dx.doi.org/10.2307/1269547
http://dx.doi.org/10.1175/2009JCLI3034.1
http://dx.doi.org/10.1038/nclimate1389
http://dx.doi.org/10.1038/nclimate1357
http://www.ncdc.noaa.gov/climate-monitoring/
http://dx.doi.org/10.1142/S2010007810000054
http://dx.doi.org/10.1007/s11069-008-9340-5
http://dx.doi.org/10.1061/(ASCE)1527-6988(2008)9:1(29)
http://dx.doi.org/10.1061/(ASCE)1527-6988(2008)9:1(29)
http://dx.doi.org/10.1002/joc.422
http://dx.doi.org/10.1002/joc.422
http://surge.srcc.lsu.edu/data.html%23GlobalMap
http://dx.doi.org/10.1175/JCLI-D-13-00010.1
http://dx.doi.org/10.1175/2010JCLI3810.1
http://dx.doi.org/10.1175/2010JCLI3810.1

	Did adaptation strategies work? High fatalities from tropical cyclones in the North Indian Ocean and future vulnerability under global warming
	Abstract
	Introduction
	Tropical cyclone fatalities
	Empirical approach and data
	What explains fatalities?
	Adoption of adaptation measures
	Future simulations
	Discussion
	References


