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ABSTRACT
Three climate state variables – the El Niño/Southern Oscillation (ENSO), peak
(August-October) sea surface temperatures (SST) over the main development region
(MDR) of the tropical North Atlantic, and the North Atlantic Oscillation (NAO) – are
hypothesized to influence variations in Atlantic annual tropical cyclone (TC) counts on
interannual and longer timescales. An unconditional distribution of TC counts is
inconsistent with the distribution of a fixed-rate random Poisson process. A Poisson
regression model conditioning TC counts on the three state variables accounts for much
of the non-random variations in observed TC counts. Upon validation over the historical
record, the model is employed to project the impact of future climate changes on TC
counts. In contrast to some recent studies, the model suggests that anthropogenic climate
change may lead to a substantial increase in annual TC counts.
Spatial and frequency patterns of Florida TC landfall and vulnerable populations
also are examined over 1988-2007, particularly in the context of different ENSO phases.
A maximum in calculated TC wind damage exists in east-central Florida during El Niñolike TC seasons and maxima in damage exist in south Florida and on the western edge of
the Florida panhandle during La Niña-like seasons. Overall, risk of higher wind damage
and counts of vulnerable population increase across the entire state during La Niña-like
(non-El Niño) seasons.
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Chapter 1. INTRODUCTION
A number of past studies have examined climatic influences on variations at
interannual and longer timescales in the occurrence and the intensity of North Atlantic
tropical cyclones (TC1) (e.g. Gray 1984). A common factor considered in past studies is
the El Niño/Southern Oscillation (ENSO) (Bove et al. 1998, Landsea et al. 1999, Elsner
et al. 2000, Elsner 2003, Elsner et al. 2006, Elsner and Jagger 2006), although the
influence of the North Atlantic Oscillation (NAO) also has been examined in some
studies (Elsner et al. 2000, Elsner 2003, Elsner et al. 2006, Elsner and Jagger 2006). Both
phenomena are believed to influence TC production, development, and prevailing
trajectories through their influence on storm tracks or vertical wind shear in the tropical
North Atlantic. The ENSO phenomenon tends to enhance TC counts during storm
seasons coinciding with an incipient La Niña event and tend to diminish counts during El
Niño seasons. The NAO tends to enhance TC counts during storm seasons coinciding
with an incipient negative-phase winter and tend to diminish counts during a positive
phase. Historically, influences are found only during the storm season preceding the
anomaly in the index; there is no detectable impact on the following year’s storm season.
Sea surface temperatures (SST) over the main development region (‘MDR’: 618ºN, 20-60ºW) for North Atlantic TCs during the season (August-October or ‘ASO’) of
peak TC production (Emanuel 2005a, Webster et al. 2005, Webster et al. 2006, Mann and
Emanuel 2006, Sriver and Huber 2006, Elsner 2006) also have been argued to be an
important influence on long-term North Atlantic TC behavior. MDR SSTs are considered
to be a proxy for potential TC intensity (Bister and Emanuel 2002, Emanuel 2005a), with
annual TC counts enhanced in seasons associated with positive MDR SST anomalies and
1
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diminished in seasons with negative anomalies. Related studies have argued for a
significant influence of the Atlantic Multidecadal Oscillation (AMO) on North Atlantic
TC numbers (Goldenberg et al. 2001). MDR ASO SSTs are favored (Emanuel 2005a,
Mann and Emanuel 2006, Elsner 2006) over an index such as the AMO derived through
statistical processing of the North Atlantic SST field, because the procedures used to
define the AMO signal in terms of SSTs have been challenged in recent work (Trenberth
and Shea 2006, Mann and Emanuel 2006).
One of the more contentious issues in the science of climate change involves the
potential impacts of anthropogenic forcing on tropical cyclone behavior. Trends have
been identified for measures of the powerfulness of North Atlantic TCs (Emanuel 2005a).
These trends appear to be tied at least in part to increasing SSTs (Emanuel 2005a,
Emanuel 2007, Hoyos et al. 2007, Emanuel et al. 2008) and increasing SSTs have been
proposed as being driven in large part by anthropogenic climate change (Mann and
Emanuel 2006, Trenberth and Shea 2006, Santer et al. 2006). A recent study (Emanuel et
al. 2008) projects a substantial further increase in response to future anthropogenic
forcing.
Previous studies have investigated long-term trends in historical TC statistics (e.g.
Solow and Moore 2000) or have used regression models employing climatic indices
(Gray 1984, Elsner et al. 2000, Elsner et al. 2006, Elsner and Jagger 2006) and trend
parameters (Elsner 2003) to predict interannual variations in TC activity. In no previous
studies, however, have investigators examined whether conditioning on the three climatic
factors – MDR SSTs, ENSO, and NAO – can account for the entirety of the non-random
structure in the statistical distribution of historical North Atlantic annual TC counts.

2

Any statistical approach to analyzing historical TC counts must respect the
Poisson distributional nature of the underlying process – that is, that TC counts are
characterized by a point process with a low occurrence rate. One approach employs
Poisson regression (Elsner et al. 2000, Elsner et al. 2001, Elsner 2003, Elsner and Jagger
2006), a variant on linear regression that is appropriate for modeling a conditional
Poisson process in which the expected occurrence rate co-varies with some set of state
variables (e.g., indices of ENSO, the NAO, and MDR SST). A second approach
categorizes the data with respect to the climate state variables using a binary
classification scheme, testing both for the statistical significance of differences in
occurrence rates between the resulting data subgroups and examining the resulting
subgroup distributions for consistency with a Poisson random process. The two methods
are complementary in that the latter method avoids the restrictive linearity assumptions
implicit in regression and the former method accounts for continuous variations in
expected TC occurrence rates as a function of the underlying state variables (e.g.,
distinguishing between the impacts of strong vs. weak El Niño events).
Less settled, however, is the science governing the potential relationship between
anthropogenic forcing and potential future trends in Atlantic TC counts. One approach to
the problem involves the use of a regional climate model (‘RCM’), forced by boundary
conditions taken from large-scale coupled climate model simulations. A recent such study
(Knutson et al. 2008) projects a decrease in Atlantic TC counts in response to
anthropogenic climate change, but with some significant caveats. RCMs used thus far in
such studies employ horizontal grid resolution on the order of 20 km. Although 20 km
resolution is standard for RCMs, this resolution is too coarse to resolve inner core
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dynamics of intense storms and incapable of producing the strongest category ( ‘4’ and
‘5’) hurricanes. Use of truncated seasonal windows as typically done in such studies,
moreover, artificially may suppress trends that are associated with the potential expansion
of the seasonal window of TC formation. Finally, the results of such RCM-based
approaches exhibit a strong sensitivity to choices of parameterization schemes such as the
type of cumulus convention parameterization used (Yoshimura et al. 2006). The potential
bias in annual TC counts introduced by these limitations is as yet unquantified.
A related alternative approach (Emanuel et al. 2008) that may be more immune to
these potential shortcomings uses a ‘seeding’ method to generate small, random vortices
analogous to actual short-wave tropical disturbances, with tracks defined by the
background atmospheric circulation of the global climate model. They use a theoretical
model to predict TC intensities, and genesis is essentially by natural selection: if the
vortex seeds are placed in unsuitable environments, then they die and are discarded.
Although they observe large inter-model differences and differences even within subregions of the Atlantic basin, they observe a modest increase, rather than decrease
(Knutson et al. 2008), in Atlantic TC counts in response to future anthropogenic forcing.
This thesis employs a Poisson regression model, developed through historical
analysis, relating Atlantic TC counts to the climate state in an alternative, semi-empirical
approach to assess possible impacts of projected future changes in climate on Atlantic TC
activity. In contrast to some recent studies (Emanuel 2007, Knutson et al. 2008), the
results suggest that anthropogenic climate change may lead to a substantial increase in
annual TC counts.

4

Another potential climate state influence on Atlantic TC behavior involves the
possible influence of ENSO on TC landfall rates and the associated human impact. As
mentioned above, the relationship between ENSO and Atlantic TC counts, in which La
Niña enhances counts and El Niño diminishes counts, is well understood. This
relationship also holds individually for TCs in the Gulf of Mexico (Muller and Stone
2001). Given this current understanding, it appropriately follows that a La Niña season
statistically stands a better chance than an El Niño season of producing a TC that will
make landfall (Gray 1984). With this reasoning in mind, Gray (1984) observes a 3:1 ratio
of the major hurricane landfall rate during La Niña seasons to that of El Niño seasons
over the period 1900-1983. Upon further reanalysis, Bove et al. (1998) confirm this trend,
estimating the probability of at least one United States major hurricane landfall event to
be 23% during an El Niño season and 63% during a La Niña season, based on records
over the 1900-1997 period.
The general trend linking La Niña events to a higher rate of landfall events in the
United States holds true in individual regions within the Atlantic basin. Hurricane
landfalls in the Caribbean tend to occur more frequently during La Niña seasons
(Tartaglione et al. 2003): the probability of one or more landfalling hurricanes in the
Caribbean is 83% during a La Niña season and 27% during an El Niño season. The work
of Saunders et al. (2000) finds significant ratios of hurricane landfall rates in La Niña
seasons to El Niño seasons at 3.69 and 4.35 in the Lesser Antilles and the Greater
Antilles, respectively. Within subsections of the United States mainland, the ratio of La
Niña landfalls to El Niño landfalls in Florida is the greatest and statistically most
significant, at 2.83 (Saunders et al. 2000).
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Higher rates of hurricane landfall during La Niña seasons translate to greater
recorded monetary damages by hurricanes during La Niña seasons. Pielke, Jr. and
Landsea (1999) calculate that over the period 1925-1997, annual mean normalized
monetary losses during La Niña seasons are almost three times greater than annual mean
losses during El Niño seasons. Further, more than $1 billion were recorded in damage in
the United States in 17 of the 22 La Niña seasons (77%) observed over 1925-1997.
Conversely, only 7 of the 22 El Niño seasons (32%) during 1925-1997 produced over $1
billion in damage (Pielke, Jr. and Landsea 1999).
ENSO, therefore, proves to be a critical component of the global climate state,
given its significant influence over and relationship with TC frequency and damage in the
Atlantic basin. With the news that a majority of the climate models of Phase 3 of the
Coupled Model Intercomparison Project (CMIP3) simulate more El Niño-like than La
Niña-like behavior throughout the 21st century (Meehl et al. 2007), investigating patterns
of TC landfall location and frequency associated with El Niño may provide insight into
the patterns projected to be more frequent in the future.
With the help of the Tropical Cyclone Extended Best Track Dataset (Demuth et
al. 2006), TC landfalls in Florida over 1988-2007 are analyzed in this thesis, with special
attention given to differences in frequency and spatial pattern during El Niño and non-El
Niño seasons. The damage and impact caused by the wind fields of landfalling TCs are
quantified by a variant on the concept of accumulated cyclone energy (ACE) (Bell et al.
2000) that interprets damage as proportional to the square of the TC maximum wind
speed. Preliminary analyses reveal higher TC landfall rates and greater wind damage in
Florida during non-El Niño seasons. Although this conclusion is consistent with previous
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work (Gray 1984, Bove et al. 1998, Saunders et al. 2000), the ratio of the non-El Niño
landfall rate to the El Niño landfall rate is not as large. Additionally, maxima in TC
damage are observed in south Florida and the western edge of its panhandle during nonEl Niño seasons and in east-central Florida (the “Space Coast”) during El Niño seasons.
The work that constitutes this thesis is partitioned into stages that are separated
into chapters. Most of these stages contributed to multiple published or submitted journal
articles; therefore, this thesis draws heavily from these works. Chapter 2 is based on the
published work of Sabbatelli and Mann (2007) that employs binary and Poisson
regression methods to model historical Atlantic TC counts. Chapter 3 is based on work
submitted by Sabbatelli et al. (2009) that revises the Poisson regression method to project
future changes in Atlantic TC counts. Appendix B is the supplementary information
submitted with Sabbatelli et al. (2009). Appendix A is a reprint of work by Mann et al.
(2007) that employs the Poisson regression method to evaluate possible undercount bias
in the historical Atlantic TC record.
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CHAPTER 2. HISTORICAL INFLUENCE ON OCCURRENCE RATES
Two approaches are employed to condition historical annual Atlantic TC2 counts
solely on the background climate state of the basin. The first approach, a binary
classification method, partitions past TC seasons based on the favorability of TC
development as dictated by climate state variables. The second approach, a Poisson
regression method, models a conditional Poisson process in which the expected
occurrence rate varies with three climate indicators: MDR SST, ENSO, and the NAO.
The applicability and accuracy of these two methods is compared with the historical
record with the hope that these methods may be useful in predicting changes in future TC
frequency.
2.1 Data and Methods
The historical analysis of climate influence on tropical cyclone occurrence rates
employs four data sets including (1) historical annual North Atlantic TC counts, (2) the
December-February (DJF) Niño3.4 SST ENSO index, (3) the December-March (DJFM)
NAO index, and (4) Aug-Oct (ASO) seasonal SST means (below referred to as ‘MDRS’)
over the main development region (MDR) of 6-18ºN, 20-60ºW. Historical estimates of
the annual TC counts are available back to 1850 (Figure 1a) (Jarvinen et al. 1984). The
analysis is confined to the 135-year interval 1870-2004 over which all three primary data
sets of interest are available. The more recent seasons of 2005 and 2006, for which
preliminary data are available, subsequently are interpreted in the context of these
analyses and forecasts for the 2007 season are made based on projected values of the
climate indices.
Various alternative indices of the El Niño/Southern Oscillation are available. The
2
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Figure 1. Time Series (1870-2004) of (a) annual Atlantic TC counts, (b) MDR ASO SST time
series, (c) Niño3.4 DJF SST index, and (d) NAO DJFM SLP index. Red (blue) indicates positive
(negative) anomalies in TC counts and hurricane-favorable (unfavorable) conditions in the three
indices (MDR SST, Niño3.4 and NAO). Note that year convention applies to the ‘D’ in DJF and
DJFM for both ‘c’ and ‘d’.

boreal winter (DJF) Niño3.4 index (SST averaged over the region 5ºS-5ºN, 120-170ºW)
employed is favored by many investigators (Trenberth 1997). Use of alternative (e.g.,
Niño3) ENSO indices yielded similar conclusions. The Niño3.4 index (Figure 1c) is
taken from the Kaplan et al. (1998) data set and updated with subsequent values available
through the National Center for Environmental Prediction (NCEP). The boreal winter
(DJFM) NAO index (Figure 1d) is taken from Jones et al. (1997), updated with more
recent values from the University of East Anglia Climate Research Unit (CRU). For
simplicity, the ‘year’ is defined to apply to the preceding storm season for both indices
(e.g., the 1997/1998 El Niño and winter 1997/1998 NAO value are assigned the year
1997).

9

The MDR SST index (Figure 1d) is taken from the HadISST2 observational SST
data set (Rayner et al. 2003) and updated with more recent values from the UK Met
Office. The data are averaged over the season most relevant to tropical cyclone formation
(ASO). Estimated uncertainties in the observational SST data are relatively small back to
1870 for both the Niño3.4 and North Atlantic regions of interest in this study (Kaplan et
al. 1998).
As in previous studies (Elsner et al. 2000), it is assumed that annual TC counts n
can be modeled as a (Poisson) point process, viz.

Pi (n) = (1 / n!) µ n exp(− µ )

(1)

where the mean occurrence rate µ is the sole free parameter of the distribution and, in the
unconditional case, has a maximum likelihood value equal to the mean annual count.
Although the appropriate null hypothesis holds the rate parameter µ to be constant over
time, it is of interest to investigate the alternative hypothesis that µ may vary with respect
to some set of governing factors or state variables (Solow and Moore 2000, Elsner 2003,
Elsner and Jagger 2006).
For the purpose of the study, µ is conditioned on the three climate state variables
discussed above: ENSO as measured by the DJF Niño3.4 index, NAO as measured by the
DJFM NAO index, and MDR SST as measured by the MDR ASO SST index. Two
distinct statistical approaches are taken, as described below. It is noted that there is room
for further development of the methods presented below. For example, one could extend
the approaches used in the present study to account explicitly for the increased
uncertainty in TC counts back in time, and in particular the impact of unreported events
(Solow and Moore 2000, Elsner and Jagger 2006).
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In the binary classification approach, each year is classified as belonging to one of
two possible binary states (positive or negative) with respect to each state variable,
depending on the sign of the anomaly in that variable, relative to the 1870-2004 mean.
An alternative tertiary classification procedure is tested in which a third neutral category,
defined by absolute anomalies within one standard deviation, is introduced. The choice of
binary vs. tertiary classification schemes represents a tradeoff between the level of
discrimination (two vs. three states) and resulting sample sizes. Despite that similar
results are obtained using the tertiary categorizations scheme, the binary classification
scheme is preferred owing to the larger sizes of the data sub-samples. For similar reasons,
only the two most significant of the three state variables, MDR SST and Niño3.4, are
used.
Years are categorized using the binary classification scheme with respect to each
of the two factors separately, and further, into three distinct sub-groupings, defined as (1)
‘favorable’: years in which both factors are favorable to TC production (positive MDR
SST and negative Niño3.4 anomalies), (2) ‘unfavorable’: years in which both factors are
unfavorable to TC production (negative MDR SST and positive Niño3.4 anomalies), and
(3) ‘neutral’: years in which the two factors tend to offset in terms of their favorability to
TC formation, i.e., anomalies in MDR SST and Niño3.4 that are of the same sign.
A χ2 test is used to evaluate the goodness-of-fit of a Poisson distribution for both
the unconditional (i.e., all 135 years grouped together) and conditional (i.e., ‘favorable,
‘neutral’, and ‘unfavorable’) data categorizations. It is assumed that χ2 has ν = B - 2
degrees of freedom, where B is the number of occupied bins, and 2 degrees of freedom
are subtracted based on the number of constraints provided from the data (normalization
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of the distribution and estimation of the rate parameter µ). The bin bandwidth was chosen
using the objective criterion cited by Wilks (2005),
h ≈ cIQR / N 1 / 3

(2)

where N is the sample size, IQR is the inter-fourth quartile range of the data, and c = 2 is
taken for relatively skew distributions such as the Poisson. Here, h is rounded to the
nearest integer value.
The t statistic is used to evaluate the statistical significance of the differences in
TC rate parameter estimates µi between any two data sub-samples. The t statistic reduces
to
t = ( µ1 − µ 2 ) /( µ1 / ϕ1 + µ 2 / ϕ 2 )1 / 2

(3)

using the expression for the sample variance of a Poisson distribution, σ2 = µ, where φ1
and φ2 denote the degrees of freedom in the respective sub-samples, and the degrees of
freedom in the t statistic is min(φ1, φ2) - 1. When only Niño3.4 – which is serially
uncorrelated – is used as a conditioning variable, φ1 and φ2 reduce to simply N1 and N2,
the nominal sizes of the respective sub-samples. Significant serial correlation in the MDR
SST series (the lag-one autocorrelation coefficient r = 0.55 yields a decorrelation
timescale t = 1.67 years), however, decreases the effective number of independent
climate states sampled when conditioning on MDR SST as, e.g., two neighboring years
are not statistically independent with respect to the enhanced likelihood of elevated TC
counts. Reduced degrees of freedom (f) are therefore taken into account in estimating the
statistical significance of t scores when conditioning fully or partly on the MDR SST
series. In such cases, only events spaced more than two decorrelation timescales (i.e., 3
years) apart are considered to constitute statistically independent samples.

12

Finally, a cross-validation procedure is used to evaluate the predictive skill in the
binary conditional Poisson model approach. One could (Elsner and Jagger 2006) employ
a “jackknive” procedure and leave each year out one at a time, forming conditional TC
rate parameter estimates based on the remaining years and evaluating the skill of the
resulting classifications applied to each choice of missing year. However, as discussed
above, serial correlation is present in the state variables, so the results of such a
crossvalidation procedure are likely to give too liberal an estimate of skill. Therefore, an
alternative split calibration/validation procedure is employed here. Conditional TC rate
parameter estimates were obtained using the first half (i.e., years 1870-1937) of the data,
and subsequently used to categorize the subsequent TC count data based on the climate
state variable anomalies (measured relative to the calibration period baseline) over the
latter half (i.e., years 1943-2004). This procedure is then repeated with the role of the first
and last half of the data sets reversed. The average of the mean squared error (MSE)
between the predicted and observed TC count data obtained for both sub-intervals is used
as an estimate of cross-validated MSE, which is compared with the MSE obtained over
the full (1870-2004) model development interval.
Poisson regression is a variant on linear regression appropriate for data such as
TC counts for which the null hypothesis of a Poisson distribution is appropriate (Elsner et
al. 2000, Elsner et al. 2001, Elsner 2003, Elsner and Jagger 2006). Given a count series Y
with unconditional mean rate µ believed to follow a state-dependent Poisson distribution,
Poisson regression estimates a generalized linear model for the conditional expected rate
of occurrence λ = E(Y) as a function of a set of state variables X1, X2, . . ., XM, of the form,
log λ = β 0 + β1 X 1 + β 2 X 2 + ... + β M X M

(4)
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or alternatively,

λ = exp[ β 0 + β1 X 1 + β 2 X 2 + ... + β M X M ]

(5)

where the residuals are assumed to be Poisson distributed.
Unlike ordinary linear regression, a closed-form analytical solution to equation
(5) is not possible. However, it is straightforward to estimate maximum likelihood values
numerically for the regression parameters βi, and thus obtain estimates for the conditional
expected occurrence rates λi. The residual series εi = Yi - λi + µ can be analyzed for
consistency with a Poisson distribution based on a χ2 test.
Poisson regression is performed for various combinations of climate state, and
cross-validation is performed using a split calibration/validation procedure wherein the
regressions were performed alternatively using the first and last half of the full data set,
with TC counts predicted and compared with observed counts over the remaining
independent half of the data set. The quality of the regression fit is measured by both the
coefficient of determination R2 and the mean square error (MSE).
2.2 Results

Certain relationships between annual TC counts and the Niño3.4 and MDR SST
time series are suggested by inspection alone (Figure 1). The clear increase in TC counts
subsequent to the 1920s and the positive trend over roughly the past decade closely
coincide with corresponding tendencies for positive MDR SST anomalies. Anomalously
low TC counts in certain years (e.g., 1982 and 1997) correspond to prominent El Niño
years, and the low TC counts of the early 1990s correspond to the general tendency for El
Niño-like conditions. The NAO has a weaker, but nonetheless statistically significant
impact on TC counts, with a tendency for elevated counts during negative NAO years.
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The Pearson correlation coefficients between the TC counts and the three predictors (r =
0.48 for MDR SST, r = -0.32 for Niño3.4, and r = -0.25) are statistically significant at the
p < 0.0001, p = 0.0001, and p = 0.003 levels, respectively, for a two-sided hypothesis
test, taking into account the serial correlation in each series. The extent to which these
state variables can account for the nonrandom structure in long-term TC counts is
investigated below using each of the two methods discussed in the previous section.
The unconditional distribution of TC counts is inconsistent with the null
hypothesis of a random Poisson process. Based on a χ2 test (Table 1) the null hypothesis
of a Poisson process for the entire TC count record 1870-2004 is rejected at the p < 0.05
level. By inspection (Figure 2, panel a), it is clear that there is bimodality in the
distribution that cannot be captured by the model of a constant mean Poisson process.
Conditioning on ENSO influences (i.e., on Niño3.4) alone does not ameliorate
this problem, because the conditional distributions for negative Niño3.4 values (i.e., La
Niña-like behavior) are still observed (Table 1) to be inconsistent (p < 0.05) with a
Poisson distribution. Conditioning on MDR SST provides significant improvement,
although the p values (p = 0.79 and p = 0.25 for +MDR SST and –MDR SST
Scenario (1870-2004)
All Years
+MDR SST
-MDR SST
+Niño3.4
-Niño3.4
+MDR/-Niño (‘Favorable’)
-MDR/+Niño (‘Unfavorable’)
+MDR/+Niño or -MDR/-Niño (‘Neutral’)

χ2/ν
2.09
0.59
1.32
1.02
2.29
1.27
0.28
0.49

ν
9
8
3
8
7
6
9
7

P
0.027
0.79
0.25
0.42
0.025
0.27
0.98
0.85

Table 1. Results of the reduced χ2 tests described in Chapter 2. Indicated are reduced χ2 value
(χ2/ν), degrees of freedom n and the p value for rejection of the null hypothesis of a Poisson
distribution.
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Figure 2. Histograms of TC counts n vs. bin centers (blue) with associated one standard deviation
uncertainties (±√n, yellow shading) and best fit Poisson distributions (red). Results are shown for
unconditional case (all data – panel a) and the ‘favorable, ‘neutral’, and ‘unfavorable’ subgroupings discussed in the text (panels b-d). Bin bandwidths were determined as discussed in
text.

respectively) average only just above the median (p = 0.5) level between acceptance and
rejection of the null hypothesis. The null hypothesis can likely not be rejected, however,
when TC counts are conditioned simultaneously on both Niño3.4 and MDR SST. The
resulting three separate distributions (‘favorable’, ‘neutral’, and ‘unfavorable’) are
generally well captured by a Poisson distribution (Figure 2, panels b-d). Although one of
the three cases (‘favorable’) the p value (p = 0.27) indicates a moderate 27% chance of
falsely rejecting the null hypothesis, the χ2 tests yield an average value p = 0.70 for the
three cases, well above the median expected level for false rejection of the null
hypothesis. The results of the analysis therefore are consistent with the hypothesis that
the annual TC counts are produced by a state-dependent Poisson process, with the
occurrence rate being dictated by two state variables (Niño3.4 and MDR SST).
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The statistical significance of the differences in the estimated conditional
occurrence rates µ can be assessed because a state-dependent Poisson random model for
the observed TC count data is valid. There is a clear dependence of µ both on each of the
two state variables separately and on the sub-categorization into the three ‘favorable’,
‘neutral’, and ‘unfavorable’ cases (Table 2). The highest average annual TC count is
found for the ‘favorable’ state (µ = 11), while the lowest (µ = 6) is found for the
‘unfavorable’ state, with all other sub-groupings yielding intermediate values of µ.
Although differences in occurrence rate (Table 3) are highly significant conditioning on
either one of the two state variables (Niño3.4 or MDR SST) alone, the most significant
difference (i.e., lowest p value) is observed when conditioning on both state variables
Scenario (1870-2004)
All Years
+MDR SST
-MDR SST
+Niño3.4
-Niño3.4
+MDR/-Niño (‘Favorable’)
-MDR/+Niño (‘Unfavorable’)
+MDR/+Niño or -MDR/-Niño (‘Neutral’)

µ
N
8.85 135
10.33 64
7.52 71
7.78 58
9.66 77
10.94 35
5.97 29
9
71

φ
28
31
20
20
33

Table 2. Estimates of occurrence rate µ for the various TC data sub-groupings discussed in
Chapter 2. Provided are the sample sizes N and, where appropriate, the effective sample size φ
accounting for temporal autocorrelation in state variables.

Scenario (1870-2004)
+MDR SST vs. –MDR SST
+Niño3.4 vs. -Niño3.4
Favorable vs. Unfavorable
Favorable vs. Neutral
Neutral vs. Unfavorable

t
3.59
3.70
5.41
2.15
4.02

Ф
27
57
19
19
19

p
0.0006
0.0002
<0.0001
0.02
0.0004

Table 3. Results of the t tests for differences of occurrence rates µ among the different subgroupings discussed in Chapter 2. Indicated are the effective degrees of freedom in the t statistic
Ф = min(φ 1, φ2) - 1, and the one-tailed p value for rejection of the null hypothesis of equal means.
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(i.e., the ‘unfavorable’ vs. ‘favorable’ categories). Partitioning into the ‘favorable’,
‘neutral’, and ‘unfavorable’ categories yields both individual distributions that as noted
earlier are on average consistent with Poisson, and mean TC occurrence rates that differ
significantly between any two categories (Table 3). The MSE (Table 4) using the
conditional means from the binary classification approach (MSE = 10.80 for the full
1870-2004 model development interval, and MSE = 11.79 in cross-validation) represents
a significant improvement over climatology (MSE = 13.75) or persistence (MSE = 19.89).
The cross-validation results, however, suggest that the binary classification approach
gives moderately less predictive skill than the Poisson regression approach, as discussed
in more detail below.
Several variants of regression are employed, including univariate Poisson
regression alternatively using (i) MDR SST and (ii) Niño3.4 as state variables, (iii)
bivariate regression using both MDR SST and Niño3.4 as state variables, and (iv)
multivariate regression using all three climate state variables MDR SST, Niño3.4, and
NAO (Figure 3a). Cross-validated resolved variance R2 and MSE scores are similar to the
Model/Predictors
Climatology
Persistence
Binary: MDR, Niño
Poisson: MDR
Poisson: Niño
Poisson: MDR, Niño
Poisson: MDR, Niño, NAO

R2 full
0.00
0.07
0.24
0.10
0.33
0.38

MSE full
13.75
19.89
10.80
10.81
12.51
9.37
8.70

R2 valid.

MSE valid

P resid.

0.16
0.12
0.26
0.32

11.79
10.47
12.31
9.95
9.02

0.83
0.08
0.35
0.00

Table 4. Assessments of predictive skill for competing statistical models considered in Chapter 2.
Mean square error (MSE) over the full model development period (1870-2004) is indicated for
each case. The MSE for simple (i) climatological mean and (ii) persistence predictions is provided
for comparison. In the case of Poisson regression models, the coefficient of determination (R2)
also is provided. Validation MSE and R2 scores are based on the split calibration/validation
procedures described in the text.
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Figure 3. Poisson regression models of annual Atlantic TC counts using the MDR ASO SST,
Niño3.4, and NAO series as predictors. Shown are (a) the statistical model fits over 1870-2004
based on the two univariate, bivariate and three-variable Poisson regressions (colored curves)
along with the observed TC counts for 1870-2004 (black curve), observed TC counts for 2005
and 2006 (filled black circles), predicted TC counts for 2005 and 2006 (unfilled colored symbols)
and 2007 (filled colored symbols). (b) Poisson regression residuals as defined in text (colored
curves) along with the observed TC counts for 1870-2004 (black curve).

scores obtained from the full model development interval 1870-2004 and are far superior
to either climatology or persistence, indicating significant skill in each of the regression
models. Interestingly, the predictive skill systematically increases while the consistency
of residuals (see Figure 3b) with a Poisson distribution decreases as additional state
variables are added to the regression – first MDR only, then MDR and Niño3.4, and
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finally MDR, Niño3.4 and NAO – as evidenced my decreasing MSE values over the full
and validation intervals (Table 4, columns 2 and 4). Improved skill thus appears to come
at a cost of increased bias in the conditional TC rate estimates.
Each of the Poisson regression models are seen to improve significantly (as
measured by both full 1870-2004 model development interval and cross-validation MSE
scores) over climatology (Table 4). Moreover, both bivariate and three variable Poisson
regression models yield significant improvements, as measured by MSE scores, over the
binary classification approach with MDR SST and Niño3.4. These improvements further
suggest a tendency for a tradeoff between resolved variance, as determined from
regression and validation R2 and MSE scores, and bias, as determined from the
distribution of residuals, in modeling TC counts. Although the binary classification
approach yields the greatest consistency with a pure state-dependent Poisson process (as
conditional distributions were consistent with Poisson at a mean level p = 0.70), it also
produced the least resolved variance in modeling annual TC counts by conditioning on
two or more climate state variables.
The binary classification approach to modeling TC numbers yields a simple
forecasting scheme for seasonal TC counts. Depending on the forecast values for the two
state variables – MDR ASO SST and DJF Niño3.4 anomalies (Table 2) – at the start of
the tropical cyclone season (June 1st), the predicted TC total would be m = 6 ± 3 (i.e.,
between 3 and 9) for ‘unfavorable’ anomaly combinations, m = 9 ± 3 (between 6 and 12)
for ‘neutral’ anomaly combinations, and m = 11 ± 3 (between 8 and 14) for ‘favorable’
anomaly combinations. It is instructive to interpret the 2005 and 2006 Atlantic tropical
storm seasons, the most recent at the time of this work, in this context. The TC count for
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the 2006 season (n = 10) was consistent with the predicted count (m = 9 ± 3) given the
observed ‘neutral’ conditions (positive MDR SST anomaly and positive 2006/2007 DJF
Niño3.4 anomaly – see Table 5). Uncertainties in predicted count n follow the guidelines
of a Poisson process are expressed as ±√n, the square root of the predicted count n. The
2005 TC count (n = 28) is considerably more difficult to explain, even given the
‘favorable’ (positive 2005 MDR SST and negative 2005/2006 DJF Niño3.4) observed
conditions, for which the predicted count is m = 11 ± 3. Given a mean expected rate µ =
11, the probability of equaling or exceeding a TC count of n = 28 is ≈ 0.01%, i.e.,
implausible.
The Poisson regression models all successfully predict the 2006 TC count within
Year

2005

2006

2007

Model

MDR

Niño3.4

NAO

Predicted
(n)

Binary
conditioning

+

-

x

11 ± 3

Poisson
regression

X
28.87C
28.87C
28.87C

-0.65
x
-0.65
-0.65

x
x
x
-0.82

10 ± 3
15 ± 4
16 ± 4
18 ± 4

Binary
conditioning

+

+

x

9±3

Poisson
regression

X
28.35C
28.35C
28.35C

0.72
x
0.72
0.72

x
x
x
2.43

8±3
10 ± 3
9±3
8±3

Binary
conditioning

+

-

x

11 ± 3

Poisson
regression

X
27.9C
27.9C
27.9C

-0.2
x
-0.2
-0.2

x
x
x
0.47

10 ± 3
15 ± 4
15 ± 4
15 ± 4

Observed
(m)

28

10

15

Table 5. Climate state variable values and associated annual TC count predictions m and
associated one standard error uncertainties ±√n for 2005-2007. Here, 2007 climate variables are
forecast based on the procedure described in Chapter 2 because these values were not available at
the time of this research stage.
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estimated uncertainties, but like the binary classification approach, all significantly
under-predict the historic 2005 TC total of n = 28 storms (Table 5, Figure 3a). The most
skillful of the Poisson regression models as judged by cross-validation results (i.e., Table
3) – the three state variable model – comes closest to the observed total with a predicted
TC count of m = 18 ± 4 The high predicted total in this case is a result of simultaneously
favorable conditions in all three state variables (anomalously warm MDR ASO SSTs, La
Niña conditions in the tropical Pacific, and a substantially negative phase NAO). Given a
conditional expected mean rate µ = 18, the probability of observing or exceeding n = 28
storms is approximately 2%. In other words, for every 50 years with conditions similar to
those observed for 2005, a TC count as high or higher than that observed might be
expected given the three variable Poisson regression model. In this case, the 2005 TC
total is still observed to be improbable, but not entirely implausible. It is of course
possible that the true distribution of TC occurrence is heavy-tailed, in which case the
probability of large counts might be substantially greater than estimated under the
assumption of conditional Poisson statistics. One could conceivably also argue that biases
in the earlier data (Landsea 2005) lead to an underestimation of the frequency of large
annual counts such as observed in 2005. The conclusion that long-term TC data are
essentially consistent with random Poisson statistics after controlling for dependence on
two climate state variables, however, would seem to argue against the proposition that
systematic biases compromise the reliability of the earlier data (Landsea 2005).
Finally, Atlantic TC counts for the 2007 tropical storm season are forecast using
the statistical models developed above. Leading up to the 2007 TC season, weak La Niña
conditions (Niño3.4 = -0.2) were predicted by NCEP for winter 2007/2008. MDR SST
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anomalies were currently similar to those observed for the 2005 season, and so it is
inferred by persistence ASO MDR SST anomalies to be equal to those for the 2005
season. Because there is no basis for forecasting the winter 2007/2008 NAO value,
climatological mean DJFM conditions (NAO index = 0.47) are assumed. Given these
assumed values, the binary classification approach yields the ‘favorable’ forecast m = 11
± 3, while each of the Poisson regression models (with the exception of the Niño3.4-only
regression which yields a forecast m = 11 ± 3) predict a total of m = 15 ± 4 storms for the
2007 tropical storm season. The forecast proves to be accurate in hindsight, as 15 storms
were observed for the 2007 season.
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Chapter 3. FUTURE INFLUENCE ON OCCURRENCE RATES

The Poisson regression model of Chapter 2 (Sabbatelli and Mann 2007) that
simulates past Atlantic TC counts using indices of basic climate state variables is
validated against the historical record. The model captures just under 50% of the annual
variance in the TC record in validation and in calibration, demonstrated in Appendix A
(reproduced from Mann et al. 2007. Because of its applicability to and reliability in the
historical Atlantic TC record, the Poisson regression model is revised and then is trained
on model predictions of the future climate state in a ‘semi-empirical’ approach to
examine the impact of climate change on 21st century Atlantic TC counts.
This alternative, ‘semi-empirical’ approach seeks to resolve the discrepancies in
the conclusions from different approaches to prognosticating future long-term trends in
TC3 counts (Emanuel et al. 2008, Knutson et al. 2008). This approach combines largescale climate information from the CMIP34 climate model simulations (Meehl et al.
2007) with the empirical, validated Poisson regression model of Atlantic annual TC
counts that is conditioned on features of the large-scale background climate.
A potential disadvantage of this semi-empirical approach relative to dynamical
modeling approaches is that it requires assuming that Atlantic TC counts continue to be
influenced by the same basic climate factors that have governed year-to-year variations in
TC counts during the historical period. Such factors include the influence of local
warming on the energy available to generate and strengthen tropical cyclones, i.e. the
Potential Intensity (PI) as defined by Bister and Emanuel (2002), and factors, such as
ENSO and the NAO phenomena, that govern year-to-year changes in seasonal mean
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shear and large-scale steering that influence TC formation and strengthening. The
advantage of this approach, however, is that it requires only that climate models reliably
project how climate change will influence these gross features of the climate. Unlike
dynamical approaches, it does not require that the models correctly resolve the fine
details of complex aspects of the atmosphere or ocean, such as regional vertical wind
shear and static stability profiles and changes therein at the model grid scale.
3.1 Data and Methods

The previously developed statistical model based on Poisson regression (Elsner et
al. 2000), described in Chapter 2, is employed in this semi-empirical approach. Recall
that the original model predicts annual TC counts as a function of: (1) SSTs during the
peak (Aug-Oct) tropical storm season over the main development region for Atlantic TCs
(‘MDRS’), which serve as a proxy (Emanuel 2007) for PI, and indices of (2) ENSO (DJF
Niño3.4 index) and (3) the NAO (DJFM NAO index) during the boreal winter coinciding
with the terminal end of the tropical storm season. As the model is trained on interannual
variations, any predicted long-term trends are an emergent feature resulting from the
behavior of the underlying predictors themselves. Further details regarding the
instrumental data and their sources are provided in Appendix A.
Several revisions are made in the model prior to projecting future trends in TC
counts. The annual TC series is corrected for an estimated undercount bias of
approximately 1.2 storms prior to modern reconnaissance, as detailed in Appendix A, an
estimate that is in line with a number of independent assessments suggesting only a
modest undercount bias (Holland and Webster 2007, Chang and Guo 2007, Solow and
Beet 2008). The reliability of TC count data, particularly prior to the late 20th century in
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which satellite and aircraft reconnaissance are available, is debated vigorously in recent
studies (Landsea 2005, Emanuel 2005b). Emanuel (2005b) makes a credible argument for
why long-term TC count data should be reliable, even if TC intensity estimates are not.
Emanuel (2005b) notes that prior to aircraft reconnaissance, ships crossing the Atlantic
would not have been warned off from a developing or approaching storm and were likely
to encounter either the storm or evidence of its existence. Combined with other impacts
on islands or coastal localities, the existence of an Atlantic tropical cyclone is therefore
likely to be known, even prior to aircraft reconnaissance. The results of the analyses,
however, are shown to be robust to using the significantly greater undercount bias
estimates promoted in some studies (Landsea 2007, Mann et al. 2007).
The Niño3.4 index is replaced with an alternative ENSO index, henceforth
‘niñograd’, defined by the DJF mean equatorial Pacific zonal SST gradient, which
eliminates the impact of mean tropical warming on the measure of ENSO-like behavior.
MDRS is replaced with a non linear statistical parameterization of PI in terms of MDRS,
henceforth termed ‘PIT.’ This parameterization is based on the relationship between
modern reanalysis-based PI estimates and MDRS, a relationship examined in more detail
in Appendix B (reproduced from Sabbatelli et al. 2009). The alternative parameterization
allows for a possible saturation of PI increases with increasing SST, as Dutton et al.
(2000) suggest that correlated changes in outflow temperatures aloft partially could offset
the influence of SST increases alone on PI. Use of the revised predictors yields minimal
differences during the calibration period, but the projected future TC trends are
diminished. These revisions of the statistical model are in this sense conservative with
respect to any projected increases in TC activity.
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The skill of the model is diagnosed through ‘validation’ experiments, as described
in Appendix A, wherein the full 137-year interval 1870-2006 is divided approximately
into a first (1870-1938) and second (1939-2006) half, and the model is alternatively
trained using the first and second half, with TC counts predicted for the other (validation)
half based on the climate state variables and the statistical relationship developed over the
training interval. The statistical model resolves 46% of the annual TC variance over the
full interval, and an only slightly lower 43% of variance in validation.
Additional experiments are performed parameterizing PI in terms of the MDR
residual series (‘MDRR’), defined as the difference between MDRS and tropical global
mean SST during the same ASO season, which may (Vecchi and Soden 2007) project
more strongly onto natural multidecadal variability in Atlantic SSTs associated with the
AMO (Delworth and Mann 2000). It has been argued elsewhere (Knutson et al. 2008,
Vecchi and Soden 2008, Swanson 2008) that this alternative parameterization, henceforth
termed “PIR,” may be more appropriate than the PIT parameterization owing to the
manner in which it combines local and remote SST impacts on local PI. In contrast,
Emanuel (2007) suggests that such remote impacts are unlikely to be relevant on the
interannual and longer timescales of interest here. Use of the alternative parameterization
PIR is found to give a poorer fit to available PI observations and yielded a substantially
lower cross-validation skill (37%) than PIT when used in the statistical model (Appendix
B). Further evidence, described below, suggests that PIR is deficient as a predictor of
longer-term trends in TC counts.
The statistical model is applied to the observational climate record over 18702006 historical interval for which the three required climate indices were available. In
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addition, the model is applied to each of 34 individual CMIP3 simulations (Appendix B),
constituting all available simulations of the 16 models with projected ENSO behavior
(Meehl et al. 2007), over the same interval, by defining appropriate counterparts in the
models to each of the three climate indices required by the statistical model (Appendix
B).
3.2 Results

Applied to the observational record, the statistical model successfully captures the
decadal variability in the actual TC series, including, importantly, the anomalously high
annual counts of the past decade (Figure 4a). This variability, including the anomalous
recent values, also is captured in parallel applications of the statistical model to the
CMIP3 simulations over the historical interval. The full spread of the 34 CMIP3
ensemble members is represented by the yellow (19th/20th century models) and the cyan
(A1B models) regions.
By contrast, the statistical model cannot account for the anomalous recent trend in
TC counts in applications to both the observational climate record and the CMIP3
simulations when PIR is used in place of PIT as a predictor (Figure 4b). In fact, the longterm modeled trend in this case is of the wrong sign, suggesting a long-term decrease that
contrasts with the observed long-term increase in Atlantic TC counts. These observations
Figure 4. Statistical model predictions for annual Atlantic TC counts based on historical
observations over 1870-2006 (red) with associated two standard error uncertainties diagnosed
from calibration residuals (green shading) compared with observed TC counts for 1870-2007
(blue) and results from CMIP3 model simulations (black; 19th/20th century runs shown in solid;
extension through 2006 based on corresponding A1B scenario 21st century projections shown as
dashed). The black curve indicates the composite over all CMIP3 simulations and the spread
among the 34 ensemble members is shown by yellow (19th/20th century) and cyan (extension
through 2006) shading. Results are shown based on alternative use of (a) PIT and (b) PIR as
discussed in text. As in subsequent figures, all results are based on annual data, but series have
been decadally-smoothed, with a half-power cutoff frequency f = 0.1 cycle/year (Mann 2004,
Mann 2008), to visually highlight long-term variations.
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lend further weight to the case against using PIR as a predictor of Atlantic TC counts.
Because the ensemble of 34 simulations reasonably spans the range of plausible
multidecadal natural variability in tropical Atlantic SSTs, it is notable that the recent
trend in Atlantic TC counts cannot be accounted for in any single member of this
ensemble (Figure 4b) when PIR, which arguably (Delworth and Mann 2000) represents
the natural multidecadal component of tropical Atlantic SST variability, is used in place
of PIT. This observation argues against the proposition (Goldenberg et al. 2001, Kratsov
and Spannagle 2008, Knutson et al. 2008) that the recent increase in TC numbers can be
explained in terms of natural multidecadal SST variability, and supports other work
(Mann and Emanuel 2006, Trenberth and Shea 2006, Santer et al. 2006) suggesting that
anthropogenic forcing has played a role.
The statistical model subsequently is applied to the 21st century projections
(corresponding to the A1B emissions scenario) of the same set of 34 CMIP3 simulations.
Because considerable attention has been given in past studies to the potential role of
changes in aspects (e.g. the Walker circulation) of ENSO dynamics specifically (Landsea
2007), this analysis examines the role of such factors. Defining “El Niño-like” or “La
Niña-like” changes in mean state in terms of the model trend in the equatorial Pacific
zonal SST gradient removes (unlike using e.g. Niño3.4) the influence of mean warming
from the characterization of ENSO state. Although this approach differs from those who
instead define ENSO mean state changes in terms of the projection the El Niño SST
pattern from control simulations (Meehl et al. 2007). This approach reveals that the
majority of the 16 CMIP3 models analyzed trend towards a more El Niño-like mean
state, consistent with the conclusions of Meehl et al. (2007), although with a subset that
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trend towards an opposite, La Niña-like pattern (Appendix B). Holding MDR and NAO
constant at their mean late-20th century (1980-1999) values and only varying niñograd
produces a 21st century decrease in annual TC counts in the model (Figure 5a). In other
words, if the only factor at play were ENSO dynamics, then the statistical model, as
applied to the CMIP3 projections, would on average favor a modest decrease in TC
behavior. This result is consistent with the current impact of ENSO on Atlantic TC
counts (Gray 1984) and with the CMIP3 models projecting on average more “El Niñolike” climate state unfavorable to Atlantic TC formation (Landsea 2007). The subset of
“El Niño” trending models shows an even more substantial decrease (Figure 5b), while
the “La Niña” trending models, on average, show a modest increase (Figure 5c). This
modest increase underscores the conclusion the ENSO impacts would be an aggravating,
rather than a mitigating, factor with respect to future TC activity if this projection is
closer to reality. The positive NAO trend in the 21st century CMIP3 model projections is
confirmed, a trend also unfavorable for TC counts. This trend, however, is modest, and
favors only an additional slight decrease in TC counts (Appendix B). The overall results
are insensitive to whether or not NAO influences are included.
By far the greatest impact contributing to these projected changes in annual TC
counts is the general trend in MDRS represented in the model PIT projections. Although
the nonlinear nature of the parameterization leads to diminished PI increases with
Figure 5. Statistical model predictions for annual Atlantic TC counts based on CMIP3 21st
century projections, with NAO and PIT held constant at their late 20th century (1980-1999)
values, and only niñograd is allowed to vary, including result for (a) all models, (b) El Niñotrending models only and (c) La Niña-trending models only. The spread among the 34 ensemble
members is shown by yellow (19th/20th century) and cyan (A1B extension through 2006)
shading.
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increasing warming, the substantial increases in PIT still overwhelm the mitigating
contribution of ENSO and NAO trends discussed above, leading to substantial increases
in projected annual TC counts over the next century. The statistical model with all three
factors included projects on average nearly a doubling of annual TC counts, to about 28
by 2100, relative to the recent average of roughly 15 per year (Figure 6a), with individual
models ranging anywhere from a slight (13%) increase to about 17 storms per year, to a
substantial (250%) increase to roughly 37 per year. The spread of future projections is
somewhat broader if uncertainties in the statistical model parameters and PIT

Figure 6. Statistical model projections of annual Atlantic TC counts through 2100 based on
CMIP3 21st century projections for all 16 three predictors (PIT, niñograd, and NAO). Shading
indicates the spread among the 34 ensemble members. The spread among the 34 ensemble
members is shown by yellow (19th/20th century) and cyan (A1B extension through 2006)
shading.
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parameterization are taken into account (Appendix B), but the mean projected increase is
unchanged. Assuming a more substantial historical TC undercount bias (Landsea 2007,
Mann and Emanuel 2007) yielded modest reductions in the projected increases,
producing a mean of 22 rather than 28 TCs at the end of the 21st century (Appendix B).
Uncertainties existing in several components of the statistical model and the
parameterization of PI expand the spread of the climate model projections of TC counts.
Uncertainties in the beta coefficients (Appendix B) of the model arise if training these
coefficients over the early half of the historical record, the latter half of the historical
record, or the whole historical record (Figure 7a). If a linear parameterization of PI (i.e.
MDRS itself) is used in place of the non-linear PIT parameterization, then the projected
increases in TC counts are roughly twice as large (Figure 7b), shown in the projections of
the climate models. Arguably, these latter projections are unphysical because they do not
take into account the potential saturation effect discussed earlier.
Uncertainties in the PI (both PIT and PIR) parameterizations are estimated based
on a bootstrap procedure in which the residuals relative to the PI regression model fits
were randomly permuted to yield an ensemble of surrogate PI series. Each surrogate PI
series is regressed against the SST data to yield surrogate regression model coefficients.
The resulting non-parametric distribution of regression coefficients is in turn used to
generate a distribution of statistical PI projections. The range among these projections is
defined with respect to the predicted increase in response to the maximum (4.1ºC)
Figure 7. Statistical model projections of annual Atlantic TC counts, accounting for the spread
among all 34 simulations and (a) uncertainties in the statistical model beta coefficients, (b) a
linear PIT parameterization based on NCEP 1980-2005 reanalysis data (Kalnay et al. 1996), and
(c) full uncertainty of beta coefficients, alternative parameterizations of PI, and uncertainties
within the PIT parameterizations. The spread among the ensemble members is shown by yellow
(19th/20th century) and cyan (A1B extension through 2006) shading.

34

a.

b.

c.

Figure 7

35

CMIP3 model-projected MDRS warming, and the upper and lower quartile ranges of this
distribution were used to characterize the projection uncertainty arising from uncertainty
in the statistical model coefficients. For each surrogate, the same conditions are applied
as with the best-estimate parameterization (i.e. quadratic fits with positive coefficients on
the 2nd order term default to the corresponding linear fits, and the same saturation
condition was applied to ensure a monotonic increase in PI with increasing SST). It
should be noted that application of this procedure always yields a linear parameterization
for the upper quartile of the distribution when employing the NCEP reanalysis data.
Further details are provided in Figures 17-21 of Appendix B. The entire “full uncertainty”
spread of output by the climate models, encapsulating uncertainties in the beta
coefficients, alternative parameterizations of PI, and uncertainties within these
parameterizations, is presented in Figure 7c.
If alternative reanalysis data are used in place of the 1980-2005 NCEP reanalysis
data that is favored for calibrating the PI vs. SST relationship, then both larger and
smaller projections can be obtained (Appendix B). If, in contrast, PIR is used in place of
PIT as argued for elsewhere, little or no increase in annual TC counts are observed
relative to 20th century levels as in some previous studies (Knutson et al. 2008). The
inability of the statistical model to reproduce 20th century observations, among other
deficiencies discussed above, however, ascribes less credence to these latter projections.
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Chapter 4. ENSO INFLUENCE ON FLORIDA LANDFALL RATES

The influence of the background climate state in the tropical Atlantic basin is not
limited to affects on annual TC5 counts. Some published works (Gray 1984, Saunders et
al. 2000, Tartaglione et al. 2003) suggest that climate controls may have influence on
other characteristics of general Atlantic TC behavior, including frequency and location of
TC and hurricane landfalls. Elsner et al. (2001) hypothesize that TC landfall patterns are
likely a function of factors that modulate annual TC counts, such as ENSO, and factors
that modulate atmospheric circulation and steering, such as the NAO. The relationship of
TC landfalls and ENSO is considered because of the well-established influence of ENSO
on Atlantic TC activity, as evidenced in Chapters 2-3. Florida is chosen as the setting for
this analysis because of its large population and its vulnerability to landfalling TCs.
4.1 Data and Methods

Detailed information describing the location and intensity of TCs impacting the
state of Florida is obtained from the Tropical Cyclone Extended Best Track Dataset,
made available by Demuth et al. (2006). The Extended Best Track offers location in
latitude and longitude, 1-minute maximum sustained surface winds, radius of maximum
wind, and radial extent of 34 kt, 50 kt, and 64 kt winds in four quadrants (northeast,
northwest, southwest, southeast) at 6-hour intervals for all Atlantic TCs dating back to
the 1988 season. The geographical locations of the entire 20-year record (1988-2007) of
Atlantic TCs are geocoded into a geographic information systems (GIS) database that
also contains a Florida county boundary shapefile from the U.S. Census (2009a). The
Atlantic TC locations are narrowed down to locations within a 350 nm radius of the
Florida coastline, representative of the largest radial extent of winds of any storm in the
5
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Extended Best Track Dataset. At each TC location, polygons are drawn in the GIS
database to represent the radial extent of 34 kt, 50 kt, 64 kt, and maximum winds, if
applicable. These polygons then are overlaid with the county shapefile to determine the
Florida counties impacted by the wind swath of a given TC. For the sake of simplicity, it
is assumed that if one fraction of a county overlaps a wind swath, then the entire county
is impacted by that wind strength. This provides a conservative estimate of societal
vulnerability to these storms.
The U.S. Census Bureau additionally provides counts of total population and
population living in substandard housing for each Florida county, where substandard
housing is defined as mobile homes, boats, RVs, or vans. These records are drawn either
from the 2000 Census or Table B25033 of the 2006 American Community Survey, both
available on the U.S. Census website (2009b). Populations within hurricane evacuation
zones, regardless of housing quality, are considered also. Together, these populations
constitute the definition of “vulnerable” population employed in this work and are useful
for vulnerability analyses in the case of a TC landfall.
Damage to a county by a TC wind field is defined as being proportional to the
county 2
square of the maximum wind speed, (Vmax
) , to overlap that county for the given TC.

This method is somewhat similar to the concept of accumulated cyclone energy (ACE)
TC 2
(Bell et al. 2000), which is an integrated measure of TC peak intensity, (Vmax
) , and

storm lifetime for a given TC. The key difference is that counties outside the maximum
wind radius are assigned the maximum outer wind speed they experience. Additionally,
county 2
the damage representation in this case differs from ACE because (Vmax
) is not

accumulated over the lifetime of an individual TC should wind swaths overlap counties
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in consecutive 6-hour observations. Instead, TC damage to a county is defined as being
dependent only on the maximum wind speed in a single observation. This quantification
of damage is referred to henceforth as “spatial ACE.” With spatial ACE therefore defined
as being independent of the speed at which the TC moves, location and frequency of
Florida TC landfalls are emphasized better.
ENSO is quantified by a “blended” boreal winter (DJF) Niño3.4 index that is an
average of three SST monthly mean datasets: HadISST (Rayner et al. 2003), Kaplan
(Kaplan et al. 1998), and ERSST (Smith and Reynolds 2003). As stated in Chapter 2, the
measure of DJF ENSO corresponds to the TC season that precedes it (e.g. the year of the
‘D’ in DJF), consistent with studies that demonstrate strong relationships between TC
seasonal behavior and the onset of the following boreal winter ENSO event (Tartaglione
et al. 2003). To discriminate between significant and weak ENSO events, however, an El
Niño event is identified now as having an average regional DJF SST anomaly of 0.5 ºC or
greater, a threshold imposed in previous studies (Bove et al. 1998, Tartaglione et al.
2003). To ensure that all El Niño events are identified comprehensively, the blended DJF
Niño3.4 index is compared with two alternative datasets: the Niño3.4 index of Trenberth
(1997), updated by the University Corporation for Atmospheric Research (UCAR), and
the Multivariate ENSO Index (MEI) of Wolter and Timlin (1993, 1998). These three
ENSO datasets (Figure 8) are in general agreement over the 1988-2007 period and
identify El Niño events that are consistent with those identified through other methods
(Bove et al. 1998, Pielke, Jr. and Landsea 1999, Tartaglione et al. 2003).
4.2 Results

The three sources of ENSO behavior indicate eight seasons that fit the defined
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Figure 8. Indices of 1988-2007 ENSO behavior, as indicated by the Niño 3.4 region SSTs (black)
of the blended Niño3.4 index, the Niño3.4 index (green) of Trenberth (1997), and the MEI index
(blue) of Wolter and Timlin (1993, 1998). The 0.5 ºC and -0.5 ºC anomaly thresholds used to
define El Niño (red) and La Niña (blue) events are represented by the shaded regions.

criteria of El Niño: 1990, 1991, 1992, 1994, 1997, 2002, 2004, and 2006. The other 12
seasons are referred to as “non-El Niño” seasons. Within these 12 “non-El Niño” seasons,
the eight lowest Pacific SST anomalies are isolated as a means to establish a direct
comparison of the effects generated by warm (El Niño) and cold (La Niña) Pacific SST
anomalies. Because only six of these eight lowest SST anomaly seasons meet the stricter
definition of La Niña (SST anomaly < -0.5 ºC), they are referred to instead as “La Niñalike:” 1985, 1995, 1996, 1998, 1999, 2000, 2005, and 2007.
Distribution of spatial ACE across Florida over the full period 1988-2007 (Figure
9) indicates that maximum wind damage occurred in southwestern Florida, specifically in
Hendry and Collier Counties. Local maxima of spatial ACE exist also throughout most of
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Figure 9. Indices of spatial ACE per Florida county for all seasons over the full period 19802007. Shading intervals, as in Figures 10-11, are multiples of 4096 m2/s2, the equivalent of
category 1 hurricane strength damage.

northeast Florida, a region not often subject to TC landfall. The spatial ACE pattern over
the entire period, however, masks large differences in distribution when separating the
period into El Niño and non-El Niño seasons (Figure 10). Maximum total wind damage
expressed as spatial ACE is confined mainly to central Florida, particularly along its east
coast, when isolating the eight observed El Niño seasons from the full 20-year record
(Figure 10a). This pattern reflects a northward shift in peak damage from the overall
period and eliminates the local maximum along the western panhandle. The pattern of
spatial ACE for the 12 non-El Niño seasons better reflects the overall pattern over the 20Figure 10. Indices of (a) total spatial ACE per Florida county, for El Niño (left) and non-El Niño
(right) seasons, and (b) average annual spatial ACE, for El Niño (left) and non-El Niño (right)
seasons. Note that the shading scales of the average annual maps are uniform, but the total maps
are not. As in Figure 9, shading intervals are partitioned as multiples of 4096 m2/s2.
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year period, with peak damage found in south Florida and on the western edge of the
panhandle. This similarity is to be expected, because greater values of ACE are observed
over the non-El Niño seasons (refer to the scales in Figure 10a), thereby serving as a
larger contribution to the spatial ACE counts of the full period. A curious local maximum
of spatial ACE appears in Polk County in central Florida. This maximum likely is caused
by two factors. The landfall of Hurricane Erin in 1995 provides a significant contribution
to the spatial ACE value of Polk County. In addition, TCs may steer along the individual
coasts of Florida, such as Hurricane Gordon to the west or Hurricane Irene to the east, but
their wind fields may all overlap Polk County in the center of the state. Averaging total
spatial ACE values over El Niño and non-El Niño seasons (Figure 10b) greatly amplifies
the differences in TC landfall distributions in the respective seasons. Shading intervals of
total spatial ACE in Figures 10-11 are multiples of 4096 m2s-2, the equivalent of a single
encounter with a category 1 hurricane at its lowest threshold wind speed.
These overall differences in the spatial ACE distribution still hold when the eight
most La Niña-like seasons from the 12 non-El Niño seasons are compared directly with
the eight El Niño seasons (Figure 11). The spatial ACE distribution of the La Niña-like
seasons still retains the damage maxima in south Florida and in the western panhandle.
Furthermore, values of spatial ACE increase uniformly across most counties in La Niñalike seasons when compared with El Niño seasons, sometimes substantially, indicative of
higher rates of landfall during La Niña-like seasons but perhaps in overall increases in
intensity of Florida landfalling TCs.
As expected, both from past work (Gray 1984, Saunders et al. 2000) and from the
discussion of spatial ACE distribution and values, the number of TCs producing indirect
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wind impacts, direct TC landfalls, and direct hurricane landfalls are observed in Florida
to increase during La Niña-like seasons (Table 6). A TC produces an indirect wind
impact when an outer wind field crosses over Florida but the center of circulation does
not. A total of 24 TCs affected at least one county in Florida with winds of greater than
34 kt (TC strength) during La Niña-like seasons. The centers of 21 of these 24 TCs

Figure 11. Indices of total spatial ACE per Florida county, for (a) El Niño and (b) La Niña-like
seasons. “La-Niña-like” refers to the eight lowest Niño3.4 SST anomalies over 1988-2007,
identified to provide a direct comparison to the eight observed El Niño seasons over the same
period. As in Figure 9, shading intervals are partitioned as multiples of 4096 m2s-2.
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ENSO
Phase
El Niño
(8 years)
Non-El Niño
(12 years)
La Niña-like
(8 years)
Neutral
(4 years)

TC
Landfalls

Indirect
Impact

Total TCs

Hurricane
Landfalls

Major
Landfalls

12

5

17

4

3

21

7

28

8

3

19

5

24

8

3

2

2

4

0

0

Table 6. Comparison of TC and hurricane landfalls in Florida for El Niño and non-El Niño
seasons. Landfalls are defined as the center of a TC crossing over Florida and “indirect effects”
are defined as a swath of wind greater than 34 kt crossing over Florida.

directly passed over at least one Florida county, and eight of these 21 were of hurricane
strength.
During El Niño seasons, 17 storms impacted at least one Florida county with TC
force winds. Twelve of the 17 TCs made at least one direct landfall and four of the 12
landfalling storms were of hurricane strength (Table 6). The ratio of La Niña-like
hurricane landfalls to El Niño hurricane landfalls is 2.00, a slightly lower result than the
ratio of 2.83 obtained by Saunders et al. (2000). The associated La Niña-like to El Niño
ratios of impacting TCs and landfalling TCs are 1.65 and 1.58, respectively. Despite the
differences between seasons in TC and hurricane landfalls, there is no record difference
between landfalls of major hurricanes in the two ENSO phases in the twenty-year
interval. A total of three major hurricanes made landfall in both the El Niño and La Niñalike season partitions. The El Niño seasons contain the 1992 landfall of Hurricane
Andrew and the active 2004 season (Hurricanes Charley and Jeanne). Comparatively, the
La Niña-like seasons contain the 1995 landfall of Hurricane Opal and the severe 2005
season (Hurricanes Dennis and Wilma). This observation does not suggest, however, that
the number of Florida major hurricane landfalls between all El Niño and La Niña-like
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seasons have always been identical or will always be identical in the future. Any
suggestion of this nature would simply be implausible given the amount of data sampled
here.
The trends in Florida hurricane landfalls over the 20-year investigation period and
within each ENSO subset remain similar to trends observed over an extended climatology
period (Table 7). Florida hurricane landfall records over 1988-2007 are compared with
landfall records from the Atlantic TC best track database, or HURDAT (Jarvinen et al.
1984), over the climatology period 1900-2007, a period considered to have adequate
population situated along the Florida coastline to observe all landfalling storms (Landsea
et al. 2004). As a whole, the annual hurricane landfall rate over the 1988-2007 period is
slightly less than that over climatology, to 0.600 from 0.667 (Table 7). El Niño seasons
are slightly more active than normal and non-El Niño seasons are slightly less active than
normal compared to climatology. The differences in non-El Niño landfall rates between
the 20-year record and climatology are the largest among all categories. Landfall rates,
despite some slight differences, remain quite similar to climatology, suggesting that not
ENSO Phase (Years)

Years

All Phases (1988-2007)
All Phases (1900-2007)
El Niño (1988-2007)
El Niño (1900-2007)
Non-El Niño (1988-2007)
Non-El Niño (1900-2007)

20
108
8
33
12
75

Annual FL
Hurr. Landfall
0.600
0.667
0.5
0.455
0.667
0.76

Table 7. Annual rates of hurricane landfall in Florida are compared over the period 1988-2007
with a climatology period 1900-2007. Landfall rates are compared over all seasons, El Niño
seasons, and non-El Niño seasons.6

6

Years identified as El Niño seasons are 1900, 1902, 1904, 1905, 1911, 1913, 1914, 1918, 1919, 1923,
1925, 1929, 1930, 1939, 1940, 1941, 1957, 1963, 1965, 1968, 1969, 1972, 1976, 1977, 1982, 1986, 1987,
1991, 1994, 1997, 2002, 2004, and 2006.
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much about these landfall rates is out of the ordinary.
Vulnerable population, defined as those living within evacuation zones and those
living in substandard housing, serves as an alternative method for evaluating the effects
of El Niño and non-El Niño seasons on Florida TC impact. For each landfalling hurricane
over the 1988-2007 period, the “total vulnerable” population is defined by the sum of the
population evacuated and the population living in substandard housing. Evacuation
population exists only in coastal counties and is a function of the intensity of the
landfalling hurricane, since the evacuation zone is determined from the expected
maximum storm surge for a storm of that intensity. The substandard housing population
is constant and independent of hurricane intensity. All residents living in substandard
housing are evacuated from a county, including those outside the designated evacuation
zones, regardless of the intensity of the impending hurricane.
It is quite possible that the sum of the evacuation and substandard populations
could “double count” some residents, because substandard housing may exist within
hurricane evacuation zones. Considering that evacuation zones only exist in coastal
counties, this double counting serves as a potentially helpful method of accounting for
affected tourists whom, as a whole, frequent most of the Florida coast at any given time.
Additionally, several counties could be counted several times if multiple hurricanes cross
over them, but this multiple counting acts to emphasize areas of particularly high risk and
counts of total vulnerable population. Recall that population estimates were extracted
from 2000 or 2006 data and, therefore, this analysis acts as a representation of currentday magnitudes of vulnerability.
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The sum of total vulnerable populations in all landfalling hurricanes suggests
slightly more vulnerability in non-El Niño (particularly La Niña-like) seasons than in El
Niño seasons (Table 8). Recall, however, that twice as many hurricanes made landfall
during non-El Niño seasons than in El Niño seasons. More than half of the El Niño
vulnerable population comes from the landfall of major hurricanes, Andrew and Charley,
that primarily struck heavily-populated south Florida. Significant contributions during El
Niño seasons also come from Hurricanes Frances and Jeanne, which made landfall along
the populated east-central coast. Hurricanes also affected south Florida during non-El
Niño seasons, including Hurricanes Irene, Katrina, and Wilma. Many of the hurricanes,
particularly major hurricanes, during non-El Niño seasons, however, made landfall along
the lesser-populated regions along the western panhandle. Two major panhandlelandfalling hurricanes of note with relatively small vulnerable population totals are
Name
Andrew
Charley
Frances
Ivan*
Jeanne

Season
1992
2004
2004
2004
2004

Name
Erin
Opal
Earl
Georges
Irene
Dennis
Katrina
Wilma

Season
1995
1995
1998
1998
1999
2005
2005
2005

Strength
Evacuation
Substandard Total Vulnerable
Category 3
1,592,991
90,839
1,683,830
Category 4
825,166
400,892
1,226,058
Category 2
548,414
359,536
907,950
Category 3
41,473
67,375
108,848
Category 3
514,951
453,691
968,642
Total El Niño Vulnerable Population
4,895,328
Strength
Evacuation
Substandard Total Vulnerable
Category 1
143,691
305,279
448,970
Category 3
99,311
149,534
248,845
Category 1
58,656
179,248
237,904
Category 2
89,737
0
89,737
Category 1
990,655
374,564
1,365,219
Category 3
51,622
44,000
95,622
Category 1
575,463
90,839
666,302
Category 3
2,023,369
261,500
2,284,869
Total La Niña Vulnerable Population
5,427,468

Table 8. Vulnerable populations associated with landfalling hurricanes in Florida over 19882007. Hurricane landfalls and associated vulnerable populations are separated into El Niño
seasons and non-El Niño seasons. *The center of Ivan did not pass over Florida but its hurricanestrength winds extended over the panhandle of the state.
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Hurricanes Opal and Dennis. Even though more hurricanes made landfall during non-El
Niño seasons, total vulnerability is similar between the different phases of ENSO because
El Niño hurricanes tend to impact counties having greater population counts, particularly
in evacuation zones.
Spatial distributions of total vulnerability in El Niño and non-El Niño seasons
(Figure 12) are similar but differences in the distributions reflect differences observed in

Figure 12. Counts of total vulnerable population per Florida county, for (a) El Niño and (b) La
Niña-like seasons. Coastal counties are emphasized and inland counties are faded.
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spatial ACE for the ENSO partitions (Figures 10-11). In all years, vulnerability is
observed across most of south Florida, the east coast, and the western edge of the
panhandle. Counties in southeast Florida exhibit the highest vulnerability during both El
Niño and non-El Niño seasons (Figure 12). Most of northern Florida, except for the
western panhandle, does not appear to be at great risk at all. Although the main regions of
vulnerability remain similar in El Niño (Figure 12a) non-El Niño (Figure 12b) seasons,
vulnerability is increased in most counties during non-El Niño seasons, particularly in
south Florida and along the entire panhandle. These increases in vulnerability during nonEl Niño seasons reflect increases in spatial ACE over most of Florida during non-El Niño
seasons. Maxima of wind damage are observed in the same regions of vulnerability
maxima. This similarity suggests correlation between spatial ACE and vulnerability and
thus quantifies the relationship of ENSO to the indicators of TC impact.
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Chapter 5. CONCLUSION

Two different methods, a binary classification scheme and Poisson regression, are
used originally to condition historically expected annual tropical cyclone (TC) counts on
records of climate state variables. Two climate state variables, the El Niño-Southern
Oscillation (ENSO) and tropical North Atlantic main development region sea surface
temperatures (MDR SST), adequately explain the apparent non-random variability in
historical variations in Atlantic TC counts using a binary classification model. The most
skillful statistical model, a Poisson regression model, employs as predictors all three state
variables considered in this study: ENSO, tropical North Atlantic MDR SST, and the
North Atlantic Oscillation (NAO). This three-variable statistical model also comes
closest to predicting the historic 2005 TC count of 28, ascribing unlike the other
statistical models developed in this study, a non-trivial probability for that event given the
climate state of 2005. Analysis of residuals also indicates some evidence of bias,
however, implying the need for cautious use of the model. Three of the four Poisson
regression models developed in the study predict 15 ± 4 storms for the 2007 Atlantic
tropical storm season and thereby, upon later review, correctly assess the number of
observed TCs in that season.
The aforementioned Poisson regression model is used further in a semi-empirical
approach to projecting future annual TC counts that is complementary to other recent
dynamical modeling approaches. The ability of the statistical model to explain observed
20th century variations, including the anomalous TC activity of the past decade,
motivates the application of the model to investigating 21st century climate change
impacts. The model predicts that future anthropogenic climate change will plausibly lead
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to substantially increased Atlantic TC activity, contrasting with recent conclusions in
some other recent dynamical modeling studies, that project little or no increase, or even a
decrease in Atlantic TC activity.
It is important to understand the possible reasons for differences among
competing dynamical and statistical approaches. One possibility is that real-world effects,
as discussed above, cannot be captured by dynamical downscaling approaches.
Alternatively, it is also possible that the empirical relationship between PI and SST over
recent decades, upon which the current statistical projections depend, is in reality more
complicated than as we have parameterized, and not universally applicable, e.g. to
climate change scenarios. In any case, resolving the current inconsistencies between
alternative approaches holds profound implications for projecting impacts of climate
change on Atlantic tropical cyclone behavior.
Opportunities exist to expand and modify methods for modeling historical and
future TC counts and trends. Many students and researchers inquire whether or not the
Poisson regression method for simulating historical Atlantic TC counts can be applied to
other global tropical ocean basins. The applicability of the Poisson regression model to
other basins is yet to be determined. The lack of reliable TC count records in other basins
certainly acts as a serious hindrance to modeling. Yet, the climate state components on
which the model is trained likely will need to be reconsidered if modeling could be
applied in other basins. Localized climate state indices exist in each tropical basin, such
as the Pacific Decadal Oscillation (PDO) of the Pacific basin (Zhang et al. 1997, Mantua
et al. 1997), that may be more appropriate for TC count modeling. Additionally, training
the Atlantic TC model on outflow temperature, another key component of potential
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intensity (Bister and Emanuel 2002), or on both outflow temperature and SSTs may
provide a helpful and complementary comparison with the output and trends produced by
the model based solely on SSTs.
Further influences of ENSO on Atlantic TC activity are considered through trends
in TC impact and frequency in Florida associated with different phases of ENSO,
reflected in patterns of estimated wind damage and vulnerable populations over 19882007. Patterns in wind damage across Florida, quantified by the “spatial ACE” method,
are quite distinct between El Niño and non-El Niño seasons. Maxima in spatial ACE are
observed in central Florida during El Niño seasons and in south Florida and in the
western edge of its panhandle in non-El Niño seasons. These trends remain robust upon
isolating the eight most “La Niña-like” seasons from the non-El Niño seasons. Spatial
distributions of vulnerability, represented by populations living within evacuation zones
and in substandard housing, appear similar to those for spatial ACE. Distinct differences
in wind damage and vulnerability between El Niño and non-El Niño seasons suggest that
ENSO may play a role in modulating Florida TC landfall behavior.
Some methods exist that may expand upon the work of climate controls on
Florida TC landfalls. The spatial window of study can be expanded easily to
accommodate the entire Atlantic basin to determine the possible effects of ENSO on TC
impacts in other geographic regions, either along the United States coast or in the islands
of the Caribbean. It is worth noting also that other climate state variables are
hypothesized to influence the trajectories of TCs, particularly the NAO (Elsner et al.
2001). Any work combining data on ENSO and the NAO very well may refine the
current understanding of climate controls on Florida TC landfall behavior.
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Additional work will be performed in the near future to expand the scope of the
research related climate state variables and Florida landfalls mentioned earlier. This work
will employ the binary classification scheme from Chapter 2 that classifies Atlantic TC
seasons by favorability for TC development with indices of MDR SST and ENSO.
Landfall patterns will be observed for “favorable” and “unfavorable” seasons and
compared to the aforementioned landfall patterns trained solely on ENSO. Updates to the
HURDAT database through 1925 provide a reliable record of Atlantic TC location and
intensity and an expanded time frame over which Florida landfalls can be analyzed. All
landfall events from the year 1900 onward will be observed. These landfalls are assumed
to be accurate and well-documented because adequate population is thought to have
inhabited Florida’s coastline from 1900 onward (Landsea et al. 2004). The trends in
Florida landfall found through this future work will serve to clarify our current
understanding of climate controls on TC landfall by expanding the timescale and
increasing the number of climate state variables employed.
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APPENDIX A

EVIDENCE FOR A MODEST UNDERCOUNT BIAS IN EARLY HISTORICAL
ATLANTIC TROPICAL CYCLONE COUNTS
Michael E. Mann, Thomas A. Sabbatelli, and Urs Neu

This appendix is reproduced from:
Mann, M. E., T. A. Sabbatelli, and U. Neu, 2007: Evidence for a modest undercount bias
in early historical Atlantic tropical cyclone counts. Geophys. Res. Lett., 34,
L22707, doi:10.1029/2007GL031781.
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A.1 Introduction

Positive trends over recent decades have been established for various measures of
the powerfulness of Atlantic TCs (Emanuel 2005a, Webster et al. 2005, Sriver and
Huber 2006, Hoyos et al. 2007). These trends appear connected with increasing tropical
Atlantic sea surface temperatures (SSTs) (Emanuel 2005a, Hoyos et al. 2007), and the
increasing SSTs are likely driven in large part by anthropogenic climate change (Mann
and Emanuel 2006, Trenberth and Shea 2006, Santer et al. 2006). More debated,
however, are long-term trends in Atlantic TC occurrence rates or ‘counts’ and, in
particular, their reliability in earlier decades.
Observations of TC behavior have improved over time, particularly since the mid
20th century with the development of more sophisticated observing systems such as
aircraft reconnaissance and satellite technology. Prior to the availability of modern
observing systems, detection of tropical storms was based on observations along
coastlines and from ships. As the density of those observations becomes increasingly
sparse back in time, it is plausible that an increasing number of TCs were missed by
observers in prior decades.
In some studies, a substantial undercount bias has been argued to exist,
particularly prior to the availability of aircraft reconnaissance in 1944. Nyberg et al.
(2007) used a biological proxy-based reconstruction of past TC activity to infer average
counts for major (category 3 and higher) hurricanes between 1870-1943 that exceed the
high levels of the past decade. This finding would imply an average pre-1944 undercount
bias of 2-3 storms a year for major hurricanes alone. Assuming that major hurricanes
account for between a sixth and a third of all named storms (the range of decadal
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variation in this fraction from the available historical record by Holland and Webster
(2007)), such an estimate would imply a dramatic pre-1944 average annual undercount of
6-20 named storms.
Others (Landsea et al. 2004, Landsea 2005, Landsea 2007) have argued for a
smaller, but still substantial undercount. Landsea (2007) estimated undercounts based on
changes over time in the proportion of total reported Atlantic named storms (‘‘PTL’’)
that achieved landfall on islands or along the U.S. coastline. PTL was interpreted as a
proxy for the underreporting of total TC counts due primarily to decreasing track density
back in time, with higher PTL interpreted as reflecting increased undercount bias. The
increase in average PTL over 1900–1965 (75%) relative to 1966–2006 (59%) was
interpreted by Landsea (2007) as reflecting an undercount bias of 2.2 total named TCs for
the earlier period. Combined with a speculative additional 1 storm bias that was assumed
to hold prior to 2003, this led Landsea (2007) to estimate to an aggregate undercount bias
of 3.2 named TCs prior to 1966.
Yet still other studies conclude that the long-term record of Atlantic TC counts is
likely reliable back through the late 19th century (Emanuel 2005a, Mann and Emanuel
2006, Holland and Webster 2007). Some analyses (Neumann et al. 1999, Holland and
Webster 2007, Chang and Guo, 2007) estimate an average undercount of at most only
about one TC through the early 20th century. Indeed, an alternative analysis of long-term
PTL changes to that described above implies modest undercount. Extending PTL prior to
1900, we find that PTL actually decreased prior to 1900, implying, by the reasoning of
Landsea (2007), a decrease, rather than increase, in undercount bias prior to 1900. Yet
logically the undercount bias should be higher prior to 1900 owing to a further decrease
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in ship tracks, and coastal population density. The mean value of PTL was 67% over
1851-1899, and lower still (61%) for 1851–1885 (see Holland (2007) for a similar
analysis). This latter value is statistically indistinguishable from the average PTL over the
modern period 1966–2006 (59%), which by Landsea’s reasoning, would imply a minimal
undercount over 1851–1885.
Of course, estimation of undercount based on the assumption of a fixed
relationship between total TC counts and the number of landfalling storms is perilous.
Such an approach assumes, in particular, that the large-scale atmospheric steering which
determines the trajectories of TCs once they’ve formed is constant, when there is in fact
strong evidence that it is highly variable over time (Elsner 2003). Yet, other methods of
estimating the undercount bias in early TC count data (e.g. interpretation of ship logs, or
use of proxy climate data) rest on what are arguably equally tenuous assumptions.
Seeking to resolve the discrepancies between the different assessments of Atlantic
TC undercount bias discussed above, we have turned to an alternative approach that does
not require any of the above assumptions. Instead, our approach draws upon a recently
developed statistical model that conditions expected total Atlantic TC counts on
underlying climate variables.
A.2 Methods and Data

While a significant component of the variation in TC counts from year to year
represents the chance fluctuations of a random Poisson process, systematic changes over
time in the mean expected rate of occurrence (i.e. annual TC counts), are believed to
result from large-scale climate forcing. Past work has shown that the El Niño/Southern
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Oscillation (ENSO) (Gray 1984, Bove et al. 1998, Elsner et al. 2000, Elsner 2003, Elsner
et al. 2006), the North Atlantic Oscillation (NAO) (Elsner et al. 2000, Elsner 2003, Elsner
et al. 2006), and tropical Atlantic Sea Surface Temperatures (SST) (Gray 1968, Shapiro
1982, Shapiro and Goldenberg 1998, Saunders and Harris 1997, Goldenberg et al. 2001,
Emanuel 2005b, Mann and Emanuel 2006, Holland and Webster 2007) each lead to
variations in annual Atlantic TC counts. The first two factors influence the amount of
vertical wind shear in the atmosphere (less shear is more favorable for TC development),
and the tendency for re-curvature of storms (which influences the likelihood that TCs
encounter a favorable thermodynamic environment for development). Their impacts on
TC development are limited primarily to the latter part of the storm season (the boreal fall
and early winter) and can therefore be measured using the boreal winter seasonal means
conventionally used to define ENSO and NAO indices. The third factor represents the
local thermodynamic factors influencing development, and is conventionally (e.g.,
Emanuel 2005a) measured by its state during the peak of the storm season.
The impact of these factors on expected TC counts can be accounted for (Elsner et
al. 2000, Elsner 2003, Elsner et al. 2006), through a variant on linear regression known as
‘Poisson Regression’ which is appropriate for modeling the influence of some set of
independent variables (‘covariates’) on the expected rate of a Poisson distributed random
process. We employ a recently developed and validated Poisson regression model
(Sabbatelli and Mann 2007) for conditional expected Atlantic annual TC counts, updated
here using a new blended SST product derived by averaging three alternative published
SST datasets (Rayner et al. 2003, Smith and Reynolds 2003, Kaplan et al. 1998) all

59

available back to 1870. Historical Atlantic total named storm counts (Jarvinen et al.
1984) were regressed against three covariates: (1) mean SSTs during the August-October
(‘ASO’) peak of the tropical storm season over the main development region (‘MDR’:
6º–18ºN, 20º-60ºW) for Atlantic TCs, (2) the boreal winter Niño3.4 SST index of
ENSO (normalized SST averaged over the region 5ºS-5ºN, 120º-170ºW), and (3) the
boreal winter NAO index (Jones et al. 1997). None of the three covariates are
significantly correlated with each other. However, we do find a statistically significant
lagged correlation relating the Niño3.4 index to the MDR SST series for the following
year’s storm season, consistent with the observation elsewhere (Trenberth and
Shea 2006) that ENSO events influence tropical Atlantic SST in the following summer.
This lagged influence of ENSO is implicitly accounted for in our analysis via the use
of MDR SST as a statistical predictor. The MDR SST, Niño3.4, and NAO series used are
shown along with the TC count series in Figure 1 [Figure 13]. Data used and other
supplementary information can be found at: http://www.meteo.psu.edu/_mann/TC_GRL07.
The statistical model for Atlantic TC counts resulting from training (or
‘calibrating’) over the full 1870–2006 interval is shown in Figure 2 [Figure 14]. The
statistical model captures a substantial fraction R2 = 50% (i.e., half) of the total annual
variance in TC counts (statistically significant at the p = 0.01 level). The skill of the
model was diagnosed through ‘validation’ experiments (Sabbatelli and Mann 2007),
wherein the full 137 year interval 1870-2006 was divided approximately into a first
(1870-1938) and second (1939-2006) half. The statistical model was trained alternatively
using either the first or second half, with TC counts predicted for the other (validation)
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Figure 13 (Figure 1 of Mann et al. 2007). Time series (1870–2006) of (a) annual Atlantic TC
counts, (b) MDR ASO SST time series, (c) Niño3.4 DJF SST index, and (d) NAO DJFM SLP
index. Red (blue) indicates positive (negative) anomalies in TC counts and hurricane-favorable
(unfavorable) conditions in the three indices (MDR SST, Niño3.4, and NAO). Note that year
convention applies to the ‘D’ in DJF and DJFM for both (c) and (d).

Figure 14 (Figure 2 of Mann et al. 2007). Regression model for annual Atlantic TC counts
using the MDR ASO SST, Niño3.4, and NAO series as predictors. Shown are the statistical fits
over 1870–2006 based on all three predictors (red) and only the first two predictors (blue) along
with the observed TC counts for 1870–2006 (black).
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sub-interval using only the climate state variables and the statistical relationship that was
developed over the training interval. In these tests, the statistical model was found to
successfully predict only slightly less (R2 = 43%; p = 0.01) of the annual TC variance
than was nominally resolved above during calibration over the full 1870-2006 period.
Similar results were achieved for a bivariate Poisson regression using only the MDR and
Niño3.4 series (Figure 2 [Figure 14]), though the skill estimates were found to be slightly
lower (R2 = 43% for calibration and R2 = 36% for validation).
We subsequently used the statistical model to investigate the issue of potential TC
undercount bias. Our underlying assumption is that a properly bias-corrected record of
TC counts should yield long-term relationships between TC activity and climate that are
consistent over time. We therefore investigated the implications of our model given
alternative possible adjustments of annual TC counts reflecting varying levels of assumed
undercount prior to the aircraft reconnaissance period.
A.3 Results

We first analyzed the scenario of no undercount bias, using the unadjusted TC
count series in our analyses. We found (Figure 3a [Figure 15a]) that training over the
modern 1944–2006 interval yielded predictions over the pre-reconnaissance (1870–1943)
interval (mean annual count = 8.84 TCs) that slightly over-predicted the ‘observed’ TC
counts (mean annual count = 7.65 TCs). The significance of this difference, which
suggests an undercount of roughly 1.2 TCs prior to 1944, can be estimated based on the
null hypothesis of a fixed mean Poisson process. Under this null hypothesis, and
recognizing that the underlying samples are large (~100), the difference between
predicted and observed mean count rates can be approximated at t-distributed (see
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e.g., Wilks 2005). Application of Student’s t-test indicates that the difference, while
modest, is highly significant (Table 1). In other words, the predicted and observed means
are statistically inconsistent.
Motivated by this finding, we next considered a scenario which assumes a very
modest early undercount of 1.2 TCs per year during the pre-reconnaissance period by
constructing a ‘lightly adjusted’ TC series in which the annual TC count was simply
increased by 1.2 over the early (1870-1943) sub-interval. In this case, observed and
predicted 1870-1943 means (8.85 and 8.84 respectively) are both visually (Figure 3b
[Figure 15b]) and statistically indistinguishable.
Finally, we considered a scenario which assumes a substantial early undercount of
3 TCs per year during the prereconnaissance period by constructing a ‘heavily adjusted’
Ф
t
p
Observed vs. Predicted Occurrence Rate (1870-1943)
Unadjusted Series
-3.71 73
0.0004
‘Lightly Adjusted’ Series
0.018
0.99
‘Heavily Adjusted’ Series
4.76
< 0.0001
Observed vs. Predicted Occurrence Rate (1944-2006)
Unadjusted Series
3.00
62
0.004
‘Lightly Adjusted’ Series
0.17
0.87
‘Heavily Adjusted’ Series
-4.11
0.0001
Table 9 (Table 1 of Mann et al. 2007). Results of t-tests for differences between predicted and
observed mean occurrence rates µ for early (1870-1943) and late (1944-2006) prediction intervals
as discussed in text. Indicated are degrees of freedom Ф = n - 1 in the t statistic and the two-tailed
p value for rejection of the null hypothesis of equal means.
Figure 15 (Figure 3 of Mann et al. 2007). Atlantic TC counts (black curves) for each of the
three undercount scenarios (‘unadjusted,’ ‘lightly adjusted,’ ‘heavily adjusted’) considered in the
text, compared against predictions using the three-variable Poisson regression model. (a, b, c)
Results where the regression model was trained (green curves) on the late 1944–2006 interval and
predicted (red curves) for the early 1870–1943 interval. The actual mean counts for both intervals
(horizontal black lines) and model-predicted mean for the early interval (horizontal red lines) are
shown. (d, e, f) The results where training and prediction intervals have been switched.
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Figure 15 (Figure 3 of Mann et al. 2007)
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TC series in which the annual TC count was increased by 3 over the 1870-1943 subinterval. In this case (Figure 3c [Figure 15c]) the actual mean count (10.65) is
substantially higher than the predicted annual mean count (8.84), and the difference is
highly significant (Table 1 [Table 9]).
Generalizing the analysis further, we established that assumed undercounts of
either less than 0.53 or more than 1.91 yielded observed means that are statistically
inconsistent with the predicted means (i.e., the null hypothesis of equal means can be
rejected at the p < 0.05 level). Our analyses consequently suggest the average pre-1944
undercount to be between 0.5 and 2, with a most likely value of 1.2.
While a potential criticism of our analysis is that our pre-reconnaissance statistical
model estimates might be compromised by expanded uncertainties in the SST data used
prior to World War II, we find this unlikely to be the case. Similar results were obtained
using any one of the three individual SST products in place of the blended SST product
used above. As the different SST products employ different mixes of in situ and remotely
observed SST measurements, and make different assumptions about corrections for e.g.
the early 20th century switch from bucket to ship intake measurements of seawater
properties, our results appear to be robust with respect to uncertainties in SST data.
Moreover, we obtained consistent results to those described above when the role of
training and prediction period were switched in our analysis (Figures 3d, 3e, and 3f [14d,
14e, 14f]). When the statistical model was trained on the early (1870-1943) interval for
which the data quality is ostensibly poorer, the predicted TC counts for the late (19442006) interval slightly under-predicted observed counts with the unadjusted TC count
series, overpredicted observed counts for the ‘heavily adjusted’ scenario, and yielded
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predicted and observed means that were statistically indistinguishable for the ‘lightly
adjusted’ scenario. Similar results were also obtained using (1) only the two predictors
MDR SST and Niño3.4, (2) using Niño3 rather than Niño3.4 as a measure of ENSO, and
(3) using an alternative choice of division (1939 rather than 1944) between the ‘early’
and ‘late’ sub-intervals of the TC record. We conclude that our results are robust with
respect to uncertainties in climate data, and the other methodological details of our
analysis.
A.4 Conclusions

Our analyses indicate that an undercount in early TC counts approaching three
storms per year is inconsistent with the observed statistical relationships between annual
TC counts and the underlying climate factors that condition them. We conclude that the
long-term record of historical Atlantic tropical cyclone counts is likely largely reliable,
with an average undercount bias at most of approximately one tropical storm per year
back to 1870. This conclusion supports other work (e.g., Webster et al. 2005, Emanuel
2005a, Mann and Emanuel 2006) suggesting that increases in frequency, as well as
powerfulness, of Atlantic TCs are potentially related to long-term trends in tropical
Atlantic SST, trends that have in turn been connected to anthropogenic influences on
climate (Mann and Emanuel 2006, Trenberth and Shea 2006, Santer et al. 2006).

66

APPENDIX B

SUPPORTING MATERIAL FOR CHAPTER 3

This appendix is reproduced from supplementary materials submitted with:
Sabbatelli T. A., M. E. Mann, and S. K. Miller, 2009: Semi-empirical projections of
future Atlantic tropical cyclone activity. J. Geophys. Res., submitted.
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B.1 Calculation of Climate Indices from Instrumental Record

The instrumental Main Development Region (MDRS) SST series employed in the
statistical model is a blend of three SST monthly mean datasets: HadISST (Rayner et al.
2003), Kaplan (Kaplan et al. 1998), and ERSST (Smith and Reynolds 2003). For each
dataset, an area-weighted average of all SST grid points within the main development
region (6°-18°N, 20°-60°W) is performed, with further averaging over August to October
(ASO) of each year. The Kaplan and ERSST datasets provide SST anomalies, but SST
anomalies from the HadISST dataset are calculated independently using 1961-1990 as the
climatology period. The 1870-2006 instrumental MDRS index applied to the statistical
model is a straight average of the anomalies from the three SST datasets.
The instrumental MDR residual (MDRR) series is defined as the instrumental
MDRS series with the global tropical mean subtracted. The tropical mean is an areaweighted average of all SST points between 23.5°N and 23.5°S, averaged over August to
October of each year.
To obtain niñograd, mean DJF Pacific SSTs at each point over the area 10°N10°S, 120°E-90°W are averaged latitudinally. A linear trend is fit to this zonal Pacific
SST gradient, and the slope of this trend line is treated as the instrumental niñograd
index. This index spans the years 1870-2006, with each year corresponding to December,
and is rescaled to have the same mean and standard deviation as the Niño3.4 index
(Kaplan et al. 1998) employed by earlier validations of the statistical model in Chapter 2.
Model simulations of niñograd are calculated in the same fashion, but instead
based on CMIP3 simulations of Pacific SSTs. The niñograd series of each model,
however, is adjusted to contain the same mean and standard deviation of the instrumental
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niñograd series over the years during which the instrumental and model indices overlap.
This time period varies with each individual model.
Figure 16 compares the respective timeseries of the instrumental Niño3.4 and
niñograd series over the period 1870-2006.
The DJFM instrumental NAO index (Jones et al. 1997) is updated with more
recent values from the University of East Anglia Climate Research Unit. The
instrumental series spans the years 1870-2006, with each year corresponding to
December.
Model simulations of NAO are projections of the first Empirical Orthogonal
Function (EOF) of normalized sea level pressure (SLP) across the North Atlantic (20°80°N, 75°-0°W) over all years for which each model predicts SLP values. The NAO
series of each model is rescaled to have the same mean and standard deviation of the
instrumental NAO series over the years during which the instrumental and model indices
overlap.
B.2 Calculation of Climate Indices from Model Simulations

Model simulations of MDRS and MDRR are calculated in the same fashion as in
the instrumental record, but instead based on CMIP3 simulations of Atlantic SSTs. The
MDRS series of each model run is adjusted to contain the same mean and standard
deviation of the instrumental MDRS series over the years during which the instrumental
and model indices overlap. This time period varies with each individual model.
Each MDRR series per model run is defined as the MDRS simulation with the
appropriate simulated global tropical mean subtracted.
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Model simulations of niñograd are calculated in the same fashion as for the
instrumental record, but instead based on CMIP3 simulations of Pacific SSTs. The
niñograd series of each model run is adjusted to contain the same mean and standard
deviation of the instrumental niñograd series over the years during which the
instrumental and model indices overlap. This time period varies with each individual
model.
Model simulations of NAO are projections of the first Empirical Orthogonal
Function (EOF) of normalized sea level pressure (SLP) across the North Atlantic (20°80°N, 75°-0°W) over all years for which each model predicts SLP values. The NAO
series of each CMIP3 model run is rescaled to have the same mean and standard
deviation of the instrumental NAO series over the years during which the instrumental
and model indices overlap.
B.3 PIT parameterization

A statistical parameterization for PI as a function of SST (“PIT” as well as the
hypothetical alternative “PIR” discussed in the Chapter 3) is employed. This
parameterization is based on a non-linear regression of observational PI estimates against
SST data over the same region (MDR) and season (Aug-Oct). The regression employs a
2nd order fit, including a quadratic as well as a linear and a constant term. Inclusion of a
quadratic term is motivated by the potential saturation of PI with increasing SST as
discussed in Chapter 3]. For physical consistency, the non-linear term is rejected (and the
parameterization defaults to a linear fit) if a positive coefficient is obtained for the
quadratic term, because the physical motivation for including the quadratic term is the
attempt to observationally measure the extent to which PI may increase more slowly than
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linear due to the aforementioned saturation effects. In addition, to impose monotonic
behavior (i.e. to eliminate the unphysical scenario wherein PI not only increases more
slowly than linearly, but eventually actually declines with further increases in SST), a
saturation condition is imposed wherein the quadratic parameterization saturates at its
maximum value relative to further SST increases. This condition leads to an asymptotic
relationship between PI and continuing SST increases.
The statistical regressions employed the blended MDRS SST estimates discussed
above, and observational PI estimates based on vertically integrated reanalysis data
(provided by K. Emanuel). Use of post-1980 NCEP (Kalnay et al. 1996) reanalysis data
is favored. The resulting statistical parameterizations for PIT are shown in Figure 17
(results for PIR are shown in Figure 21) and regression coefficients are provided in Tables
10-12. The post-1980 NCEP data were employed for several reasons. First, it is known
that biases exist in the NCEP data prior to 1980 owing to inhomogeneities in the
assimilated data (e.g. the introduction of satellite observations the late 1970s), and that,
more specifically, these biases impair PI estimates prior to 1980 from the NCEP
reanalysis product (Emanuel 2007). Consistent with this finding, a far better fit is
possible with the post-1980 data than with the long-term (1949-2005) data (Figure 18 and
Tables 16-17; see Figure 21 and Table 19 for PIR results). Additional calculations using
the European Centre for Medium-Range Weather Forecasts (ECMWF) 40 Year Reanalysis (ERA40) product (Bengtsson et al. 2004) are performed, in place of the NCEP
reanalysis data (Figures 19-20 and Tables 17-18). As with the NCEP data, known biases
exist with the ERA40 data prior to 1980 (Bengtsson et al. 2004), and thus they produce a
relatively poor fit (i.e. by comparison with the post-1980 NCEP reanalysis data) using the
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pre-1980 ERA40 data (Figure 20 and Table 18). A poor fit is observed also using the
post-1980 ERA40 data (Figure 19 and Table 17). K. Emanuel (pers. comm.) has
independently concluded that use of the ERA40 product yields poor reproduction of
trends in TC behavior. For these various reasons, the post-1980 NCEP reanalysis data is
employed for the PI parameterizations used in Chapter 3, although results based on using
alternative reanalysis data are shown in Figures 26-28.
B.4 Statistical Model Beta Parameters and Cross-Validation Results

The Poisson regression model presented in Chapter 2 provides the expected TC
count in a given year λ as a function of the underlying state variables,
log λ = β 0 + β1 X 1 + β 2 X 2 + β 3 X 3

(6).

In this study, β1 corresponds to PI or MDRR (depending on the analysis), β2 corresponds
to niñograd, and β3 corresponds to NAO. Tables 10-12 provide the values for the βcoefficients over the full interval, the early verification period, and the late verification
period, respectively.
B.5 Additional Model Projection Results

Figure 22 shows the 19th/20th century behavior and 21st century projections of
the various climate indices based on the 34 CMIP3 simulations considered in the study.
Figure 23 shows the projections for PIT for both the linear and quadratic models, and the
(linear) PIR projections. Figure 24 provides some additional results for the CMIP3
projection experiments, including results of holding all but one variable fixed and
allowing only one variable (e.g. NAO or PIT) to vary at a time.
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Quadratic PIT

Linear PIT

MDRR

β0

2.4286

β0

2.4297

β0

2.1609

β1

0.0675

β1

0.0706

β1

0.9245

β2

-0.1665

β2

-0.1658

β2

-0.0955

β3

-0.0731

β3

-0.0730

β3

-0.0654

Table 10. Coefficients of the Poisson regression statistical models, introduced in Chapter 3, over
the full interval, 1870-2006.

Linear PIT

Quadratic PIT

MDRR

β0

2.4262

β0

2.4266

β0

2.2761

β1

0.0675

β1

0.0691

β1

0.6469

β2

-0.1553

β2

-0.1550

β2

-0.1141

β3

-0.0731

β3

-0.0729

β3

-0.0592

Table 11. Coefficients of the Poisson regression statistical models, introduced in Chapter 3, over
the early verification period, 1870-1938.

Linear PIT

Quadratic PIT

MDRR

β0

2.4395

β0

2.4452

β0

2.0530

β1

0.0698

β1

0.0746

β1

1.1748

β2

-0.1777

β2

-0.1776

β2

-0.0807

β3

-0.0748

β3

-0.0747

β3

-0.0635

Table 12. Coefficients of the Poisson regression statistical models, introduced in Chapter 3, over
the late verification period, 1939-2006.

R2 validation

R2 calibration

R2 full

MSE

quadratic PIT

0.4316

0.4315

0.4567

1.6259

Linear PIT

0.4361

0.4341

0.4598

1.5928

Linear PIR

0.3702

0.3946

0.3874

2.8718

Table 13. Resolved annual variance in the different statistical regression and mean squared error
scores for annual TC counts considered in the study. Results are provided for split
calibration/validation tests (using the alternative 1870-1938 calibration/1939-2006 validation and
1939-2006 calibration/1870-1938 validation intervals) and based on the full (1870-2006) model
development interval.
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MSE values relative to observed TC count series (1870-2007)

Mean of all model simulations (quadratic PIT)

2.8916

Mean of El Niño-trending model simulations (quadratic PIT)

2.9239

Mean of La Niña-trending model simulations (quadratic PIT)

2.9096

Mean of all model simulations (linear PIT)

2.8339

Mean of El Niño-trending model simulations (linear PIT)

2.8612

Mean of La Niña-trending model simulations (linear PIT)

2.8585

Mean of all model simulations (MDRR)

5.2609

Mean of El Niño-trending model simulations (MDRR)

5.4279

Mean of La Niña-trending model simulations (MDRR)

5.1872

Table 14. Mean squared error scores comparing various 19th/20th century simulation scenarios
to the historical TC record.

Fit

quadratic
upper quadratic

Regression
2

-0.8341x + 9.0667x – 2.2780

R2

p

0.8109

4.8133 x 10-9

see upper linear regression

lower quadratic

-2.3130x2 + 9.3880x – 1.8372

linear

8.5442x – 2.2710

upper linear

9.2920x – 2.2645

lower linear

7.8875x – 2.4978

0.8103

3.8662 x 10-10

Table 15. Quadratic and linear parameterizations of PIT based on regression of observed NCEP
reanalysis PI values against MDRS over 1980-2005 (Kalnay et al. 1996) and associated upper and
lower quartile ranges.

Fit

Regression

R2

Quadratic

see linear regression

upper quadratic

see upper linear regression

lower quadratic

see lower linear regression

linear

5.7860x – 0.8272

upper linear

6.1925x – 1.0727

lower linear

5.2874x – 0.7000

0.5606

p

2.1277 x 10-11

Table 16. Quadratic and linear parameterizations of PI based on regression of observed NCEP
reanalysis PI values against MDRS over 1949-2005 (Kalnay et al. 1996) and associated upper and
lower quartile ranges.
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Fit

quadratic

Regression
2

-4.5537x + 5.3879x – 0.5927

R2

p

0.4753

0.0022

0.4239

0.0010

2

upper quadratic

-2.6430x + 5.0772x – 0.4729

lower quadratic

-5.2847x2 + 4.7916x – 0.2808

linear

3.2654x – 0.6358

upper linear

3.7364x – 0.8722

lower linear

2.7987x – 0.4874

Table 17. Quadratic and linear parameterizations of PI based on regression of observed ECMWF
ERA40 reanalysis PI values against MDRS over 1980-2001 (Bengtsson et al. 2004) and
associated upper and lower quartile ranges.

Fit

Regression

R2

p

quadratic

-3.2892x2 + 5.1231x – 0.2616

0.5699

3.0821 x 10-8

upper quadratic

-2.3409x2 + 5.2600x – 0.0131

lower quadratic

-6.8053x2 + 6.5355x – 0.1236

linear

4.0788x – 0.3857

0.5421

1.2248 x 10-8

upper linear

4.4645x – 0.6108

lower linear

3.7389x – 0.1964

Table 18. Quadratic and linear parameterizations of PI based on regression of observed ECMWF
ERA40 reanalysis PI values against MDRS over 1958-2001 (Bengtsson et al. 2004) and
associated upper and lower quartile ranges.

Fit

Regression

quadratic

R2

p

see linear regression

upper quadratic

see upper linear regression
2

lower quadratic

-2.3716x + 9.1391x – 1.0025

linear

10.8503x – 0.9363

upper linear

11.9472x – 0.7097

lower linear

9.3269x – 0.8093

0.6799

2.2256 x 10-7

Table 19. Quadratic and linear parameterizations of PIR based on regression of observed NCEP
reanalysis PI values against MDRR over 1980-2005, associated upper and lower quartile ranges.
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El Niño-trending models

La Niña-trending models

CGCM3.1(T47) [5]

CCSM3.0 [6*]

CNRM-CM3.0 [1]

CSIRO-MK3.0 [1]

ECHAM5/MPI-OM [2]

FGOALS-g1.0 [3]

GFDL-CM2.0 [1]

GFDL-CM2.0 [1]

MIROC3.2(hires) [1]

INM-CM3.0 [1]

MIROC3.2(medres) [3]

IPSL-CM4 [1]

MRI-CGCM2.3.2 [5]

PCM [1]

UKMO-HadCM3 [1]
UKMO-HadGEM1 [1]
Table 20. Details of behavior in CMIP3 ENSO future projections. Number in brackets
corresponds to the number of runs within each model that have available and complete ocean and
atmosphere simulations between 1850 and 2097. (* - No single CCSM3.0 model run had
complete simulations between 1850 and 2097; therefore, six psuedo-runs were created from
19th/20th century simulations from runs 1 and 3 and A1B simulations from runs 2, 5, and 6.)
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Figure 16. Timeseries of the instrumental Niño3.4 (blue) and the niñograd (red) series over the
period 1870-2006.
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a.

b.

c.

Figure 17. (a) Linear and Quadratic Statistical Fits of MDR Aug-Oct PI (based on NCEP
reanalysis data) (Kalnay et al. 1996) against MDRS over 1980-2005. (b) Observed Potential
Intensity 1980-2005 vs. Linear and Quadratic Regression Models. (c) Extrapolation to 4oC
Warming of Linear (green) and Quadratic (red) statistical models based on the MDR-PI fit
(black) shown in ‘a’ above. Dashed curves represent associated upper and lower inner quartile
limits of the projected increases based on bootstrap resampling.
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a.

b.

c.

Figure 18. (a) Linear Statistical Fits of MDR Aug-Oct PI (based on NCEP reanalysis data)
(Kalnay et al. 1996) against MDRS over 1949-2005. (b) Observed Potential Intensity 1949-2005
vs. Linear Regression Model. (c) Extrapolation to 4oC Warming of Linear (green) and Quadratic
(red) statistical models based on the MDR-PI fit (black) shown in ‘a’ above. Dashed curves
represent associated upper and lower inner quartile limits of the projected increases based on
bootstrap resampling.
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a.

b.

c.

Figure 19. (a) Linear and Quadratic Statistical Fits of MDR Aug-Oct PI (based on ECMWF
ERA40 reanalysis data) (Bengtsson et al. 2004) against MDRS over 1980-2001. (b) Observed
Potential Intensity 1980-2001 vs. Linear and Quadratic Regression Models. (c) Extrapolation to
4oC Warming of Linear (green) and Quadratic (red) statistical models based on the MDR-PI fit
(black) shown in ‘a’ above. Dashed curves represent associated upper and lower inner quartile
limits of the projected increases based on bootstrap resampling.

80

a.

b.

c.

Figure 20. (a) Linear and Quadratic Statistical Fits of MDR Aug-Oct PI (based on ECMWF
ERA40 reanalysis data) (Bengtsson et al. 2004) against MDRS over 1958-2001. (b) Observed
Potential Intensity 1958-2001 vs. Linear and Quadratic Regression Models. (c) Extrapolation to
4oC Warming of Linear (green) and Quadratic (red) statistical models based on the MDR-PI fit
(black) shown in ‘a’ above. Dashed curves represent associated upper and lower inner quartile
limits of the projected increases based on bootstrap resampling.
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a.

b.

c.

Figure 21. (a) Linear and Quadratic Statistical Fits of MDR Aug-Oct PI (based on NCEP
reanalysis data) (Kalnay et al. 1996) against MDRR over 1980-2005. (b) Observed Potential
Intensity 1980-2005 vs. Linear Model. (c) Extrapolation to 4oC Warming of Linear (green) and
Quadratic (red) statistical models based on the MDR-PI fit (black) shown in ‘a’ above. Dashed
curves represent associated upper and lower inner quartile limits of the projected increases based
on bootstrap resampling.
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a.

b.

c.

d.

Figure 22. CMIP3 19th/20th century simulations and 21st century projections of (a) MDRS, (b)
MDRR, (c) niñograd, and (d) NAO. The spread among the ensemble members is shown by
yellow (19th/20th century) and cyan (A1B extension through 2006) shading.
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a.

b.

c.

Figure 23. CMIP3 19th/20th century simulations and 21st century projections of PIT for both the
(a) linear and (b) quadratic models, and the (c) (linear) PIR projections. The spread among the
ensemble members is shown by yellow (19th/20th century) and cyan (A1B extension through
2006) shading.
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a.

b.

c.

d.

Figure 24. Statistical model predictions for annual Atlantic TC counts based on CMIP3 21st century
projections, with only (a) PIT (linear), (b) PIT (quadratic), and (c) NAO allowed to vary, or (d) MDRR.
All other indices are held constant at their mean 1980-1999 values. TC frequency on the y-axis of
each figure varies: (a) 5-95 storms, (b) 5-45 storms, (c) 8-11 storms, and (d) 4-18 storms. The spread
among the ensemble members is shown by yellow (19th/20th century) and cyan (A1B extension
through 2006) shading.
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a.

b.

c.

Figure 25. Uncertainty estimates of all CMIP3 19th/20th century reproductions and 21st century
projections, taking into account larger undercount biases (Landsea 2007), (a) predicting 19th/20th
century activity across all 34 simulations, and projecting 21st century activity accounting for the
(b) spread among all 34 simulations, and (c) all 34 simulations with uncertainties in the statistical
model beta coefficients and parameters of the PIT parameterization based on NCEP 1980-2005
reanalysis data (Kalnay et al. 1996). The spread among the ensemble members is shown by
yellow (19th/20th century) and cyan (A1B extension through 2006) shading.
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a.

b.

Figure 26. Full uncertainty estimates of all CMIP3 21st century projections, accounting for the (a)
spread among all 34 simulations, and (b) all 34 simulations with uncertainties in the statistical
model beta coefficients and parameters of the PI parameterization based on NCEP 1949-2005
reanalysis data (Kalnay et al. 1996). The spread among the ensemble members is shown by
yellow (19th/20th century) and cyan (A1B extension through 2006) shading.
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a.

b.

Figure 27. Full uncertainty estimates of all CMIP3 21st century projections, accounting for the (a)
spread among all 34 simulations, and (b) all 34 simulations with uncertainties in the statistical
model beta coefficients and parameters of the PI parameterization based on ECMWF ERA40
1980-2001 reanalysis data (Bengtsson et al. 2004). The spread among the ensemble members is
shown by yellow (19th/20th century) and cyan (A1B extension through 2006) shading.
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a.

b.

Figure 28. Full uncertainty estimates of all CMIP3 21st century projections, accounting for the (a)
spread among all 34 simulations, and (b) all 34 simulations with uncertainties in the statistical
model beta coefficients and parameters of the PI parameterization based on ECMWF ERA40
1958-2001 reanalysis data (Bengtsson et al. 2004). The spread among the ensemble members is
shown by yellow (19th/20th century) and cyan (A1B extension through 2006) shading.
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a.

b.

Figure 29. Uncertainty estimates of all CMIP3 21st century projections, accounting for the (a)
spread among all 34 simulations, and (b) all 34 simulations with uncertainties in the statistical
model beta coefficients and parameters of the PIR parameterization based on NCEP 1980-2005
reanalysis data (Kalnay et al. 1996). The spread among the ensemble members is shown by
yellow (19th/20th century) and cyan (A1B extension through 2006) shading.
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