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ABSTRACT 

 

While a number of research groups offer quantitative diagnostic indices of aggregate 

annual Atlantic Basin tropical cyclone (TC) activity, the literature is comparatively thin 

concerning methods to similarly quantify seasonal U.S. landfall risks. An accurate diagnostic 

assessment of annual TC risk would be of great public utility and economic value, but the 

methods used to assess yearly activity demonstrate little skill in evaluating count or severity of 

TCs making landfall in the continental United States. As existing models are optimized to 

capture variability in cumulative seasonal TC activity, they are suboptimal statistical diagnostic 

tools for assessing the potential for sensible impacts of storms on populated areas.  

This project aims to address this utility gap in existing seasonal aggregate TC potential 

indices by taking a broader view of the factors that influence where TCs develop and move in the 

Atlantic Basin, shifting the focus to the physical parameters most closely linked to the historical 

conditions associated with U.S. landfall events. Using an extended record of Atlantic TC activity 

and reanalysis model datasets, characteristic atmospheric and oceanic traits of elevated U.S. TC 

landfall risk are identified, with the aim of quantifying the internal variance and predictability of 

these risks using empirical Poisson regression models. The resulting product, the Landfall 

Diagnostic Index (LDI), incorporates spatially and temporally averaged measures of relative sea 

surface temperature, layer-averaged steering winds, zonal shear vorticity, and upper-level 

divergence to yield a seasonal TC activity metric that has significant fidelity to the interannual 

and seasonal cycle variability of continental U.S. hurricane landfalls.  The LDI offers physical 

insight into the causes and nature of TC risk on each of these scales, in particular highlighting a 

potential inherent tension between the conditions most favorable for elevated TC counts and 

those favoring steering currents directed towards the continental United States. 
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CHAPTER ONE 

BACKGROUND 

Robust gains in the operational accuracy of short-term track forecasting for individual 

TCs have been made in the last thirty years due to improved observational tools, better global 

forecasting models, and increased computational power [Rappaport et al., 2009]. However, 

understanding cumulative seasonal outcomes remains problematic. This is especially true of 

seasonal landfall risk, which, as a function of the timing, location, and quantity of cyclogenesis 

events, as well as steering flows and intensity-governing processes resulting from interaction 

with large-scale synoptic features, is particularly poorly understood. Thus, a review of the extant 

literature regarding the influence of the synoptic environment on TC genesis, storm motion, and 

intensity from both predictive and diagnostic perspectives is the starting point for this study.  

 

1.1 Synoptic Influences on Cyclogenesis and Storm Motion 

1.1.1 Cyclogenesis Prerequisites 

A panoply of theories concerning TC genesis and intensification processes have been 

proposed in recent decades, including Charney and Eliassen [1964], Emanuel [1986], and 

Dunkerton et al. [2008], among many others. The thermodynamic pathways described by these 

theories are divergent, and weighing their relative strengths and weaknesses is beyond the scope 

of this work; however, the vast majority of these hypotheses agree on certain synoptic 

environmental prerequisites for TC development [Gray, 1968]. This study will focus on the 

North Atlantic Basin, where in general cyclogenesis is most common in late August and 

September with a secondary frequency peak in mid-October, as shown in Figure 1.1. 

Cyclogenesis co-varies most strongly with the annual cycle of low-latitude sea surface 
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temperature [SST; Emanuel 2005], but is also highly influenced by longwave ridge and trough 

locations and upper-level wind shear, among other factors [Frank and Ritchie, 2001].   

Gray [1968] marked the first attempt to construct a global TC genesis climatology, with 

the original methodology subsequently revisited and improved in Gray [1979] and Frank [1987]. 

These works describe six major synoptic influences on tropical cyclogenesis. Gray posits that 

average relative humidity (RH) between 500 and 700 hPa, ocean thermal energy, and deep-layer 

conditional instability together constitute the thermal potential terms, while low-level vorticity, 

the Coriolis parameter, and the 200-950 hPa layer vertical wind shear are collectively identified 

as the dynamic potential terms.  Of the thermal terms, the most fundamental prerequisite for 

developing and maintaining a TC is warm water, with SSTs acting as a proxy for the net usable 

heat content of the upper ocean. A useful rule in practice is that SSTs of 26° Celsius or greater 

are needed to allow cyclogenesis [Palmen, 1948]. A more nuanced view of the potential energy 

available to a TC is obtained by integrating ocean temperature from the surface to the depth of 

the 26º C isotherm, which yields Tropical Cyclone Heat Potential [Leipper and Volgenau, 1972]. 

TCs quickly exhaust the thermal potential of the top layer of surface water due to radial Ekman 

transport away from the low-level circulation center, which results in continuity-driven 

upwelling [Shay et al., 1990] as well as evapotranspiration losses. Therefore, a relatively thicker 

mixed layer, as captured by higher Tropical Cyclone Heat Potential, is important to minimize the 

negative effects of upwelling, especially for stronger or slower-moving systems. 

Gray also deems elevated RH in the 500-700 hPa layer a critical ingredient for 

developing TCs, which Emanuel and Nolan [2004] later identify as a proxy for ascent. 

Additionally, elevated humidity at these levels suggests that the climatological inversion in the 

tropical easterly trade winds has been overcome, allowing shallow cumulus to convectively 



 
 

3 

deepen. Finally, deep-layer conditional instability (θe decreasing with height) is a necessity, such 

that deep convective growth is permitted if the lower and mid-tropospheric layers are saturated 

[Holland, 1997]. Generally, this condition is true if ocean temperatures are warm and RH is high.  

Of the dynamic cyclogenesis predictors described in Gray [1979], the Coriolis parameter 

is generally favorable poleward of 5°, and the effect of incipient low-level relative vorticity has 

been shown to saturate past a threshold [Tippett et al., 2011]. Vertical wind shear is detrimental 

to TC formation and intensification because it inhibits columnar convective growth, and has been 

shown observationally and in models to exercise a strong control on convective organization 

[Corbosiero and Molinari, 2002]. Minimal shear allows the latent heat released by convection to 

be retained by the disturbance (assuming sufficient absolute vorticity), resulting in layer 

thickening per the hypsometric equation, and ultimately, negative surface pressure tendency. As 

such, cyclogenesis is most likely if vertical shear in the 200-850 hPa layer is less than five ms-1, 

though perhaps greater than zero [Frank and Ritchie, 1999]. Wind shear demonstrates substantial 

interannual and intraseasonal variability, and as such August and September vertical shear in the 

main development region (MDR) of the Atlantic has been shown to act as a control on individual 

TC genesis events and overall annual activity [Demaria, 1996]. 

1.1.2 TC Motion 

 Once cyclogenesis has occurred, the storm-specific factors that determine the sensible 

impact of the TC on populated areas are the size, intensity, and motion of the system. Multiple 

studies, including Dong and Newman [1986], Velden [1993], and Franklin et al. [1996] have 

considered the question of TC motion, concluding that storm movement is broadly determined 

by height-averaged winds between the levels of 200 hPa and 900 hPa. As shown by Velden in 

Figure 1.2, the depth of the applicable steering layer is thicker for more intense TCs, ranging 



 
 

4 

from between 700 and 900 hPa for minimal tropical storms to 200-700 hPa for hurricanes with 

maximum sustained winds exceeding approximately 60 ms-1. The dependence of motion on 

intensity is due to the increasing depth of the secondary vertical circulation with strengthening, 

along with the lifting of the tropopause over the lifespan of the TC. As steering currents are 

dependent on global-scale positioning of ridges and troughs, anticipating the evolution of the 

longwave pattern is a major component of TC track forecasting, which is also true in diagnosing 

aggregate seasonal outcomes [Kossin et al., 2010].  

 
 

1.2 Interannual Variability of TC Activity 

1.2.1 Physical Relationships 

The interannual variability of TC activity in the North Atlantic Basin is considerable. An 

annual mean of twelve with a minimum of four and a maximum of twenty-eight TCs with 

sustained winds exceeding 17 ms-1 have occurred since the beginning of the satellite era in 1966 

[McTaggart-Cowan et al., 2008]. While a substantial portion of this variance is not satisfactorily 

explained, there are several ocean-atmospheric climate drivers that are widely accepted as having 

some relationship with the aggregate quantity of Atlantic seasonal TC activity by influencing the 

time-averaged favorability of the cyclogenesis parameters described in section 1.1.1.  

Primary among these climate drivers is El Niño/Southern Oscillation (ENSO), a quasi-

periodic damped oscillation of SST anomalies in the equatorial Pacific Ocean driven by non-

linear ocean-atmosphere interactions [Bjerknes, 1969], which is known to affect a broad 

spectrum of global weather patterns [Neelin et al., 1998].  While there is a muted or mixed 

response in overall Atlantic seasonal TC activity to negative, neutral-negative, or neutral-positive 

ENSO states [Tang and Neelin, 2004], spatially-averaged SST anomalies in the Equatorial 

Eastern Pacific Ocean greater than +0.5° to +0.75° C tend to be accompanied an axis of strong 
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vertical wind shear across the western Atlantic [Vecchi and Soden, 2008], leading to a 

statistically significant reduction of annual mean genesis potential [Carmargo et al., 2007b]. 

Many statistical predictive schemes for aggregate Atlantic TC activity explicitly use ENSO state 

as a predictor, including Elsner and Jagger [2006], and Klotzbach and Gray [2014]. More 

specifically for TC landfall, Bove et al. [1998] finds that the quantitative probability of major 

hurricane landfall decreases by over 50% in an El Niño year (+0.5°C average or greater) relative 

to a neutral year, while increasing slightly in a La Niña year (-0.5°C average or less), as 

determined by SST anomalies over a 4°N-4°S, 150°W-90°W spatial region.  

 Many studies of interannual variability in Atlantic TC activity have also noted a pattern 

of several decades of elevated TC counts followed by several relatively inactive decades. For 

instance, between 1926 and 1969, a mean of between eleven and twelve tropical storms 

developed per year in the Atlantic, but the basin averaged fewer than nine from 1970 to 1994. 

However, since 1995, around fourteen named storms per year have been observed, with a 

corresponding increase in U.S. insured property damages [Emanuel et al., 2012]. This cycle is 

hypothesized to be linked to a coupled ocean-atmosphere oscillation, termed the Atlantic Multi-

decadal Oscillation (AMO) by Schleshinger and Ramankutty [1994], that involves persistent 

areas of SST anomalies caused by horizontal flux changes in the volumetric circulation of 

Atlantic meridional overturning [Kerr, 2000], with a periodicity of roughly 60 years. 

 The AMO has been argued to exert a strong control on decadal variations in Atlantic TC 

activity [Figure 1.3; Goldenberg et al., 2001], and could influence interannual variability by 

exciting a favorable thermodynamical environment through the pathway of Atlantic Meridional 

Mode [AMM; Vimont and Kossin, 2007].  Another theory holds that the AMO is a statistical 

artifact that is not robust after non-linearly detrending SST data for anthropogenic warming 
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signals [Mann and Emanuel, 2006]. Regardless, Atlantic SSTs, whether considered in absolute 

[Emanuel 2005] or relative terms [Ramsay and Sobel, 2011], are a common metric used to 

explain the interannual variance of Atlantic TC activity in many diagnostic and predictive 

methodologies. In particular, formulations of relative SST (rSST) have been increasingly utilized 

in recent years [Zhao et al., 2009; Bender et al., 2010; Villarini et al., 2011]. First described in 

Vecchi et al. [2008], rSST is calculated by removing the average SST over all tropical oceans 

from the localized or mean Atlantic SST. Vecchi et al. [2008] argues that this is a more 

physically meaningful way to quantify and understand potential changes in Atlantic TC activity 

because the thermodynamic pathways on which TCs are dependent, such as tropospheric 

stability and convective potential, are not governed purely by local processes. 

While most attempts to quantify Atlantic TC variability are in agreement on the 

importance of ENSO and Atlantic SSTs, the influence of many other predictors have been 

investigated. Among these metrics: the North Atlantic Oscillation (NAO), which is argued to 

influence TC track clustering [Elsner 2003; Kossin et al., 2010; Villarini et al., 2010; Kozar et 

al., 2012]; Sahel precipitation, as higher West African soil moisture may reduce the extent of the 

Saharan Air Layer that inhibits MDR TC formation [Goldenberg and Shapiro, 1996; Prospero 

and Lamb, 2003]; the Quasi-Biennial Oscillation (QBO), a periodicity in upper-stratospheric 

zonal winds that may lead to tropical upper-level divergence (convergence) that is more (less) 

favorable for deep convection [Gray, 1984; Camargo and Sobel, 2010]; African easterly wave 

frequency [Avila and Pasch, 1992]; instability of the African Eastern Jet [Thorncroft and 

Blackburn, 1999]; and sunspot count, which Hodges and Elsner [2011] hold may favorably cool 

the tropopause during enhanced solar activity. While not exhaustive, this list represents the great 

breadth of theories proposed to explain the interannual variance of Atlantic TC activity. 
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1.2.2 Predictive Methodologies for Atlantic TC and U.S. Landfall Counts 

While extensive studies have been made of the causes of interannual variability in 

Atlantic TC activity, there are fewer rigorously documented techniques for predicting cumulative 

seasonal activity at useful lead times. In general, there are two major camps into which peer-

reviewed seasonal activity models may be divided. The first are statistical modeling techniques. 

Methodologies of this type, first introduced in Gray [1984] and subsequently improved upon by 

Landsea et al. [1994], Gray et al. [1994], and Klotzbach and Gray [2003], among others, 

generally attempt to predict seasonal activity by performing a multiple regression of pre-seasonal 

values of climate indices such as ENSO, Atlantic SST anomalies, and NAO into historical TC 

records. These regressions are then used to predict measures of cumulative activity, such as TC, 

hurricane, and major hurricane counts, named storm and hurricane days, and accumulated 

cyclone energy [ACE; Carmargo and Sobel, 2005]. Colorado State University publishes 

seasonal outlooks several times each year based on this literature. However, in recent years, the 

CSU methodology has deviated from that described in earlier peer-reviewed studies, employing 

SST anomalies and forecasts, and spatial averaging of historical atmospheric fields in its 

predictor suite, as seen in Figure 1.4 [Klotzbach and Gray, 2014]. A statistical outlook is also 

released annually by Pennsylvania State University, based on Sabatelli and Mann [2007]. 

Recently, a technique developed by Davis et al. [2015] uses several of these climate indices as 

well as a metric of May Atlantic wind stress to predict the upcoming seasonal hurricane count. 

Dynamical models have also been used in attempts to predict seasonal activity. These 

methods utilize global climate models to anticipate either the aggregate environmental conditions 

that make cyclogenesis more or less likely [Vecchi et al., 2010], or the development of TC-like 

features themselves [Zhao et al., 2009], subject to model resolution [Walsh et al., 2007]. The 
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statistical-dynamical hybrid model described in Vecchi et al. [2010] is the basis of the hurricane 

season outlooks released by the National Oceanic and Atmospheric Administration (NOAA) in 

May and August of each year. The Center for Ocean-Atmospheric Prediction Studies at Florida 

State University also releases an Atlantic hurricane season outlook based on the output of a 

global climate model [LaRow et al., 2010]. 

As accurate guidance of seasonal North American landfall risk is of economic value 

[Emanuel et al., 2012], a handful of studies in recent years have attempted to predict this 

quantity directly, beginning with Lehmiller et al. [1997], which developed a multivariate 

discriminate model to make extended-range forecasts of hurricane activity for specific regions of 

the North Atlantic. This methodology was built upon by Elsner and Jagger [2006], which 

constructed a Bayesian model of United States landfall hurricane count from Southern 

Oscillation Index, AMO, and NAO values. Another effort to anticipate Atlantic landfall risk is 

Saunders and Lea [2005], which as shown in Figure 1.5 uses time-averaged July steering current 

data from the National Centers for Environmental Prediction/National Center for Atmospheric 

Research (NCEP/NCAR) Reanalysis [Kalnay et al., 1996] to anticipate net TC wind energy 

dissipation over the continental U.S. onward from 1 August. Annual forecasts constructed from 

this methodology continue to be made available annually [Saunders and Lea, 2013]. 

1.2.3 Diagnostic Methods of Assessing Atlantic TC Activity 

 Predictive methodologies routinely capture public interest in advance of Atlantic 

hurricane seasons, but these techniques can prioritize statistical measures of predictive power 

over physical and conceptual interpretation of the underlying models. In contrast, diagnostic 

techniques endeavor to postdict measures of cumulative TC activity in order to better understand 

the climate-scale feedback and between TCs and their synoptic environment.  Rather than 
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attempt to anticipate cumulative quantities of future TC activity, this line of research aims to 

interpret interannual, seasonal, and spatial variability in TC climatology through identifying the 

contemporaneous large-scale climate factors most closely connected to them. One way to obtain 

this perspective on the relationship of environmental feedbacks with aggregate TC is from global 

circulation model output, counting cyclogenesis events within the model and studying 

environmental relationships in the idealized atmosphere [Broccoli and Manabe, 1990; Bengtsson 

et al., 2007; Zhao et al., 2009]. This method is ideal for probing potential shifts in TC 

climatology caused by climate change, but models often lack the spatial resolution to 

successfully capture individual TC genesis events and evolution processes [Walsh et al., 2007], 

as well as being subject to the inherent biases and limitations of the physical and dynamical cores 

and parameterization schemes involved.  

 Another method by which seasonal TC activity is diagnosed is through empirical 

downscaling of synoptic variables in the observational record, as found in reanalysis datasets. 

One common technique for accomplishing this is condensing a selection of oceanic and 

atmospheric metrics into a single statistic that broadly expresses the relative permissibility of 

cyclogenesis at a given location, without respect to a particular genesis candidate. This technique 

was first proposed by Gray [1975], which formalized the thermal and dynamic potential terms 

described in Gray [1968] into a single “genesis parameter” of the formulation: 

         (1) 

in which f is the Coriolis parameter, ζ is low-level relative vorticity, |δV/δp| is vertical wind 

shear between 200 and 950 hPa levels, EOcean is oceanic heat content, θe/ p is the change in 

potential temperature change with height, and RH is mid-level relative humidity.  
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 There has been a resurgence in interest in this type of technique in recent years as 

reanalysis datasets have made using high-quality historical atmospheric data more feasible. For 

TC activity in the North Atlantic Basin, five major diagnostic metrics, each incorporating 

distinctive model formulations and inputs, currently exist. The earliest and most widely cited of 

these techniques is Genesis Potential (GP), developed by Emanuel and Nolan [2004], in which  

                                              ,                                    (2) 

with η the absolute 850 hPa vorticity, RH the 700 hPa relative humidity, PI the potential 

intensity, a theoretical TC intensity maximum given SST and a specified atmospheric column  

[Bister and Emanuel, 1998], and VShear  vertical wind shear between 850 and 250 hPa. The GP 

statistic was developed using a fitting procedure of these variables in the NCEP/NCAR 

Reanalysis [Kalnay et al., 1996] to the seasonal and spatial climatological record of global 

cyclogensis events. GP has been shown to have skill in replicating the observed frequency and 

location of genesis events in several different basins [Camargo et al., 2007a]. 

 Despite its successes in seasonal and spatial terms, GP captures little of the interannual 

variability in TC activity and relatively few details are publicly available concerning its 

derivation. Among the subsequent refinement efforts, GP was modified by Emanuel [2010] into 

the Genesis Potential Index (GPI), which is given by: 

              , ,            (3,4) 

where χ is a non-dimensional measure of the moist entropy deficit in the middle troposphere, sb 

and sm are the moist entropies of the boundary layer and middle troposphere, and sb* is saturation 

moist entropy at the sea surface. This formulation addresses several of the criticisms of GP 

[Tippett et al., 2011], including making the units of GPI a rate per area per time (rather than a 
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dimensionless quantity as GP) and replacing mid-level humidity with saturation deficit [Emanuel 

et al., 2008]. These changes result in an improved fidelity of GPI to interannual variability of 

downscaled hemispheric TC count in a global reanalysis spanning the first half of the 20th 

Century [Compo et al., 2008], relative to the earlier GP.  

 However, this fidelity is not consistent in all global ocean basins, and other research 

groups have aimed to better reproduce the interannual variability of TCs. Bruyère et al. [2012] 

appropriate the multiplicative model framework of GP and GPI and demonstrate that the entirety 

of their diagnostic power for interannual TC variance originates from the PI and shear terms, 

when averaging over the Extended Main Development Region (EMDR; 5°-20°N, 60°-15°W) of 

the Atlantic for August through October. Removing the superfluous terms from the GP equation 

yields the Cyclone Genesis Index (CGI), given by:  

                                                        .                                      (5) 

Bruyère et al. further demonstrate that CGI explains just under half of the interannual variance in 

Atlantic TC frequency since 1960, as seen in Figure 1.5. Vis-à-vis GP and GPI, CGI is also able 

to comparably reproduce seasonal cycle and spatial variation in TC genesis with a simpler model 

formulation, reducing the potential for overfitting of the model to observations.   

 Two additional diagnostic indices apply novel model frameworks in an attempt to better 

capture spatial and temporal variability through using analytical methods better matched to the 

physical phenomenon. Tippett et al. [2011] is critical of the subjective derivation of GP and GPI, 

their reliance on the highly-derived quantity of PI, and the use of a product-based model 

formulation unsuited to discrete events like cyclogenesis. Ameliorating these weaknesses, 

Tippett et al. [2011] puts forth an objectively derived Poisson regression, the Tropical Cyclone 

Genesis (TCG), of the form: 
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                  (6) 

where rSST is the local relative SST after the tropical mean SST has been removed. The 

coefficients were determined empirically through a multiple Poisson regression of local TC 

genesis frequency into observations of the physical predictors, in both NCEP/NCAR and ERA-

Interim reanalyses. Notably, model performance improved when absolute vorticity saturated at a 

threshold, potentially allowing the model to better capture the importance of discrete TC seeds 

like African easterly waves [Burpee, 1972]. TCG reproduces seasonal and spatial variability 

better than GP, as shown in Figure 1.6, and Tippett et al. also demonstrates a significant 

relationship between TCG and Atlantic TC interannual variability. 

 Finally, McGauley and Nolan [2012] extend the threshold-based methodology 

introduced by Tippett et al. [2011], incorporating threshold values for vertical shear, PI, and 

moisture, as well as η. The Genesis Frequency Index (GFI) is: 

                               ,                        (7,8) 

in which fShear is the temporal fraction of VShear values less than 11 ms-1, fPI is the fraction of PI 

values greater than 47 ms-1 , fη is the fraction for which η exceeds 2.0 x 10-5 s-1 , and fNSD is the 

fraction of normalized saturation deficit (NSD) values less than 1.05. NSD is calculated as above 

from qm* and q0*, the mid-level and surface saturation mixing ratios, and qm and qb, the mid-

level and boundary layer mixing ratios, and closely approximates the moist entropy term χ. The 

local GFI value for each month is calculated from the product of the fractions of the time that the 

six-hour reanalysis time steps meet the threshold value for each of the four synoptic variables 

individually. For instance, if at a given point for a given month, half of the six-hourly reanalysis 

observations of shear, PI, NSD, and vorticity individually exceed their specified thresholds, then 

the monthly GFI value at that point is (0.5)4, or 1/16. As shown in Figure 1.7, this distinctive 
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technique captures the spatial distribution of cyclogenesis locations in the Atlantic Basin with 

skill over the period 1969-2008, claiming superior fidelity compared with both GP and GPI. 

However, as the focus of GFI is diagnosing spatial variance of TC genesis climatology, 

McGauley and Nolan do not document its seasonal or interannual performance. This lack of 

specific documentation of fidelity is common in each of the diagnostic methodologies presented, 

and obscures an objective comparison of their merits.  

For reference, the constituent components that are used as predictors in each of these 

genesis indices (GIs) are shown graphically in Table 1.1. 

 

1.3 Datasets
 

As demonstrated by the diagnostic models, in order to meaningfully study the sensitivity 

of TC risk, the set of potential covariants must be expanded beyond climate indices, which while 

readily available, are not optimized predictors. The major sources of historical climate data 

required for a more expansive study of TC seasonal landfall risk include reanalyses of past 

atmospheric state, a source of spatial SST data, and the best available records of climatological 

TC positions, intensities, and landfalls. 

1.3.1 The Twentieth Century Reanalysis 

In general terms, a reanalysis is defined as a numerical weather prediction scheme that 

assimilates historical weather observations and then hindcasts the most likely three-dimensional 

atmospheric state for a given time with respect to the governing equations and physics 

parameterizations of the model [Thorne and Vose, 2010]. In the nearly two decades since the 

NCEP/NCAR Reanalysis [Kalnay et al., 1996], the first global and long-term reanalysis, was 

released there have been a number of extensions and modifications to the original technique. 
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Currently, there are six other high-quality global reanalyses publicly available, including the 

NCEP-Department of Energy AMIP-II Reanalysis [Kanamitsu et al., 2002], the European Center 

for Medium Range Weather Forecasting’s ERA-40 [Uppala et al., 2005], the Japan 

Meteorological Agency’s JRA-55 [Ebita et al., 2011], NASA’s MERRA [Bosilovich et al., 

2006], and NCEP’s Climate Forecast System Reanalysis [Saha et al., 2012]. While useful to the 

meteorological and climatological communities, each of these five datasets shares a common 

drawback for the purposes of this study. Since they all depend on assimilating upper-level 

rawinsonde observations to solve for the vertical structure of the atmosphere, none of the 

reanalyses extend prior to 1948 when such observations are rare [Bronnimann et al., 2005]. This 

limits the usefulness of these reanalysis products as tools for studying TC landfall climatology, 

as a longer period of study will yield a more statistically robust accounting of possible signals. 

 The sixth reanalysis, the NOAA/Cooperative Institute for Research in Environmental 

Studies 20th Century Reanalysis (20CR) is the first product to make global reanalysis data 

available for the years before the advent of systematic upper-level monitoring. This is 

accomplished using a technique first described in Whitaker et al. [2004], in which an ensemble 

Kalman filter [Burgers et al., 1998] is applied to assimilated surface and sea-level pressure 

(SLP), SSTs, and sea ice observations. In practice, the 20CR’s ensemble Kalman filter solves the 

problem of combining a given distribution of observations with a prior background distribution 

and integrating forward in time [Compo et al., 2011]. Therefore, the 20CR is best understood not 

as a scheme that reconciles and contours observations, but rather as a global circulation model 

nudged each six hours with a large number of surface pressure, SST, and sea ice observations. 

 A unique feature of the 20CR is its ability to recover physically sound and balanced 

information about the upper troposphere exclusively from surface observations by utilizing the 
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statistically stable relationships that exist between state variables at adjacent atmospheric levels 

[Whitaker et al., 2004]. In practical terms, these equations capture the relatively limited degrees 

of freedom that characterize a tropospheric column above a surface observation; for instance, 

from the hypsometric relationship, a SLP observation of 1035 hPa cannot physically be 

associated with an anomalously warm tropospheric profile. During assimilation, a small random 

term is applied to the surface data to account for observation error, and 56 ensemble members 

are run assimilating slightly varying surface observations and corresponding estimated vertical 

profiles [Compo et al., 2011]. The mean of these ensemble members is a best estimate of the 

vertical structure of the atmosphere, and their variance provides the uncertainty of that estimate. 

In a test case for which modern-era observations are pared to the reduced spatial density of SLP 

records typical of the early 20th Century, the skill of the anomaly correlation for the filtered 

ensemble method exceeds r > 0.9 relative to the NCEP/NCAR reanalysis in the middle and lower 

troposphere and is around r = 0.85 near the tropopause. This shows that even when upper-level 

observations are not assimilated and surface observations are sparse, the Kalman filter still 

produces a reasonable estimate of the upper-atmospheric three-dimensional historical state. 

 Two versions of the 20CR were produced using this technique. The first was 20CR 

version 1 (20CRv1) spanning the years 1908-1958 [Compo et al., 2008], which acted as an 

operational test of the method. Version 2 (20CRv2), encompassing the years 1871 through 2008 

[Compo et al., 2011], was subsequently released in 2010. Each version of the 20CR has a spatial 

resolution of two degrees longitude and latitude globally and twenty-four vertical levels. Gridded 

output fields and uncertainties are produced each six hours from the 56-member ensemble.  

 The SLP observations assimilated into the 20CR are taken from the International Surface 

Pressure Databank version 2 [Yin et al., 2008], which concatenates land and marine observations. 
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In the 20CRv2, estimated minimum central pressure “observations” for TCs from the 

International Best Track Archive for Climate Stewardship [IBTrACS; Knapp et al., 2010] are 

also assimilated into the reanalysis model, or in cases in which there is no SLP estimate 

available, minimum central pressure is interpolated from maximum sustained wind using a 

gradient wind balance relationship [Compo et al., 2011]. Using the 20CRv2 ensemble mean as 

an initial condition, 24-hour forecasts of observed SLP, with no further observations assimilated 

after hour zero, demonstrate significant skill against persistence in the northern hemisphere 

onward from 1871. Additionally, even in the upper troposphere, 20CRv2 geopotential height 

anomalies are highly correlated with the ERA-40 and NCEP/NCAR reanalyses anomalies over 

the majority of the Northern Hemisphere, as shown in Figure 1.7. Height fields in the 20CRv2 

also are in good agreement with the limited number of in situ upper-level observations taken 

prior to 1948, as shown in Figure 1.8. While the 20CRv2 has found a number of applications in 

climate study, in TC research it has been used to successfully locate potential “missing TC” 

candidates globally in the pre-satellite era [Truchelut and Hart, 2011; Truchelut et al., 2013]. 

1.3.2 The Extended Reconstructed Sea Surface Temperature Dataset 

As TCs are phenomena originating over the oceans with interannual variance linked to 

spatial patterns and temporal trends in SSTs, a reliable historical dataset of ocean state is 

essential to query TC variance. For this purpose, this study will use Version 3b of the National 

Climatic Data Center’s Extended Reconstructed Sea Surface Temperature database [ERSST.v3b; 

Smith and Reynolds, 2003; Smith et al., 2008]. The ERSST.v3b is generated using in situ SST 

data assimilated from the International Comprehensive Ocean-Atmosphere Data Set [Woodruff et 

al., 2011] and improved statistical interpolation and smoothing methods that allow for stable 

reconstruction using sparse data. The monthly analysis extends from January 1854 to the present, 
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climate signal analysis is impaired before 1880 due to low observational density. Spatial 

resolution is two degrees, and as local and short-term variations have been smoothed in the 

dataset, the ERSST.v3b is suitable for long-term global studies. 

1.3.3 The International Best Track Archive for Climate Stewardship 

In order to explain the annual variance of TC landfalls in the Atlantic Basin, high-quality 

TC track and landfall record data extending as far back as can be considered complete and 

reliable is required. IBTrACS [Knapp et al., 2010], a historical archive that upholds high 

standards of quality control, active maintenance, and transparency in data sourcing is the source 

for all TC position and intensity data used in this study. IBTrACS itself is not a reanalysis, but 

rather concatenates all available regional TC climatology sets into one master global database, 

noting serious discrepancies in intensity and position where necessary. For the Atlantic Basin, 

the HURDAT2 dataset as modified by Fernandez and Partagas-Dias [1996], Landsea et al. 

[2004], Landsea et al. [2008], and Hagen et al. [2012] is the only extant climatological record, 

so it is incorporated directly into IBTrACS. While the overall dataset is likely missing some open 

ocean TCs prior to the satellite era in 1966 [Chang and Guo, 2007; Vecchi and Knutson, 2011], 

the dataset is considered complete for landfalling TCs for the continental United States 

beginning in 1900 [Landsea et al., 2004] due to the density of coastal observation stations.   

 

1.4 Summary 

Whether predictive or diagnostic in nature, the vast majority of studies of Atlantic TC 

climatology focus on discrete or energetic measures of cumulative activity. While these 

measures are of both public and academic interest, they do not intrinsically capture the sensible 

impact of TCs on populated areas of the Atlantic basin, including the North American coast and 
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Caribbean islands, which can vary dramatically between seasons that have similar measures of 

aggregate activity. For example, the 2010 hurricane season recorded 19 named storms, 12 

hurricanes, and five intense hurricanes, but only one landfall of a weak tropical storm in the 

continental United States. The 2004 hurricane season consisted of a quantitatively similar 15 

storms, nine hurricanes, and six major hurricanes, but in contrast, ten tropical storm, six 

hurricane, and three major hurricane landfalls were observed in the United States. Total insured 

damages in the U.S. from TCs in 2010 tallied $240 million, while for the 2004 season this figure 

was approximately 250 times greater, on $62 billion. The climate relationships that drive this 

type of divergent behavior remain an open question. 

The preceding review of the existing literature pertaining to methodologies seeking to 

explain Atlantic TC variance shows that while the field is well-conceptualized in the broad 

strokes, significant uncertainty remains regarding the nature of TC landfall risk. There has been a 

great deal of research into predicting cumulative seasonal TC activity outcomes in the Atlantic 

[Gray, 1984; Landsea et al., 1994; Klotzbach and Gray, 2003; Sabatelli and Mann, 2007; Vecchi 

et al., 2010; LaRow et al., 2010, etc.], as well as several studies proposing methods to forecast 

landfall risks directly [Lehmiller et al., 1997; Saunders and Lea, 2005; Elsner and Jagger, 2006]. 

Additionally, there have been a number of lines of inquiry into developing diagnostic indices to 

better understand interannual, seasonal, and spatial variance in aggregate Atlantic TC activity 

[Emanuel and Nolan, 2004; Emanuel, 2010; Tippett et al., 2011; McGauley and Nolan, 2011; 

Bruyère et al., 2012].  

However, there has been as yet no such effort to develop a diagnostic method for TC 

landfall events in the Atlantic or any other global basin. To better account for the seasonal 

outcomes that are critical to coastal residents, a broader diagnostic perspective on TC risk 
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variance that incorporates the interrelated behavior of TC quantity, genesis location, and steering 

flow is indicated. To this end, chapter two validates the publicly available diagnostic 

methodologies described previously for both TC activity and continental U.S. landfalls in order 

to inform subsequent model design. Chapter three describes steps taken towards understanding 

the complex historical relationships between TC activity, landfall, and climate. Chapters four, 

five, and six detail the methodology, performance, and physical interpretation of a proposed 

Landfall Diagnostic Index (LDI), respectively, and chapter seven closes with some thoughts on 

future work and conclusions.  

 
 
 
 
Table 1.1: Constituent predictors utilized by each of the five major genesis indices  
 

Genesis  

index 
Low-level 

vorticity 

Velocity 

potential 

Relative 

SST 

Vertical 

shear 

Saturation 

deficit 

(SLP) 

Mid-level 

humidity 

GP 

[Emanuel and 

Nolan, 2004] 
Yes Yes No Yes No Yes 

GPI 

[Emanuel, 
2010] 

Yes Yes No Yes Yes No 

CGI 

[Tippett et al., 
2011] 

No Yes No Yes No No 

TCG 

[McGauley and 

Nolan, 2011] 
Yes No Yes Yes No Yes 

GFI 

[Bruyère et al., 
2012] 

Yes Yes No Yes Yes No 
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Figure 1.1: Number of all TCs and hurricanes active per 100 years during the Atlantic hurricane 
season by intensity. This figure clearly shows the climatological peak of activity around 10 
September.  Figure courtesy Joseph Spain with data sourced from Knapp et al. [2010]. 
 

 
Figure 1.2: Optimal TC steering wind levels for TC of various intensities in the Atlantic Basin as 
determined by Velden [1993]. Source: CIMSS. 
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Figure 1.3: Location of predictors for the early June extended-range statistical prediction for the 
2014 Atlantic hurricane season from Klotzbach and Gray [2014]. 
 

 

 
Figure 1.4: Difference in mean 400-925 hPa wind vector wind anomalies between the subset of 
years in which the U.S. ACE index is in its upper and lower quartiles, over the years 1950–2003, 
for July (top) and August–October (bottom), with the p-value of the difference in wind 
magnitude between the subsets. Source: Saunders and Lea [2005].  
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Figure 1.5: Five-year running means of observed Atlantic Basin TC count and predicted TC 
counts from GP, GPI, and CGI methodologies. Source: Bruyère et al. [2012]. 
 
 

 
Figure 1.6: Spatial density of TC genesis events recorded over 1969-2008 per two degree grid 
box in the historical record of observed climatology (top panel), with the number of genesis 
events estimated using the TCG diagnostic methodology in the NCEP-NCAR (middle panel) and 
ERA-Interim reanalyses (bottom panel) over the same time period. Source: Tippett et al. [2011]. 
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Figure 1.7: Local correlation between six-hourly anomalies of 300 hPa geopotential height from 
ERA-40 and 20CRv2 over 1958-1978. Anomalies computed separately for each dataset with 
respect to the mean annual cycle, with the area north of the thick line denoting correlation 
between ERA-40 and NCEP/NCAR reanalyses exceeding r ≥ 0.975, from Compo et al. [2011]. 
 
 

 
Figure 1.8: Comparison of 500 hPa geopotential height anomalies at Lindenberg, Germany from 
upper-air observations in the Comprehensive Upper Air Historical Network and 20CRv2 
analyzed anomalies interpolated to the time and location of the observations. Anomalies are with 
respect to the mean annual cycle of the period shown. Blue dots show anomalies from 1950 to 
present, and red dots show anomalies spanning 1905 to 1938. Source: Compo et al. [2011]. 
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CHAPTER TWO 
 

ASSESSING GENESIS INDEX PERFORMANCE 

As established in chapter one, a wide range of GIs have been developed in order to both 

understand the climate relationships that influence TC genesis, as well as to estimate aggregated 

changes in TC activity in global climate models through statistical downscaling processes. 

However, while the existing literature presents compelling arguments for the utility of each 

individual GI, there have been few overarching efforts to compare the objective performance of 

all the extant GIs relative to each other in the North Atlantic Basin. Menkes et al. [2011] reviews 

the performance of GP, TCG, and two pre-reanalysis genesis indices from Gray [1979] and 

Royer et al. [1998], but this compendium lacks three of the most recent GIs. In order to assess 

the state of TC diagnostic methodologies for the Atlantic, a full accounting of the interannual, 

seasonal, and spatial fidelity of each GI methodology and their constituent physical components 

is the focus of this chapter. This verification process will first be performed for the measures of 

aggregate TC activity that the GIs were developed to capture, and subsequently extended to 

cumulative U.S. hurricane landfall activity. This investigation will determine the extent, if any, 

to which variability in the historical U.S. landfall record is described by the GIs, in order to 

assess the need for a proposed LDI and inform its development.  

 

2.1 Methods of Assessment 

2.1.1 Dataset Processing Methods 

The first step in assessing the climatological fidelity of the GIs and their constituent 

components is to select high-quality historical data of the necessary atmospheric and oceanic 

fields and the relevant predictands. Per Landsea et al. [2004], the continental U.S. TC landfall 
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record is considered comprehensive after 1900, and TC count climatology is reasonably 

complete beginning with the geostationary satellite era in 1966 as recorded in the IBTrACS 

dataset [Knapp et al., 2010]. Thus, all relationships with respect to TC count will be calculated 

over 1966-2012 and those with respect to U.S. landfall will encompass 1900-2012. (The ending 

year of 2012 reflects that it is the most recent available year of 20CRv2 data.) The predictands 

against which GI and constituent interannual performance are measured are annual Atlantic 

hurricane count and continental U.S. hurricane landfalls. Hurricane rather than overall TC count 

was selected for several reasons. First, the hurricane timeseries are less noisy and more 

trustworthy than that for all TCs because short-lived and weak TCs are disproportionately 

sampled later in the domain due the evolution of observational platforms [Landsea et al., 2010] 

and advancement in conceptual frameworks for understanding TC structure [Hart, 2003]. 

Additionally, hurricane landfalls are responsible for the vast majority of TC economic damage in 

the Atlantic [Emanuel et al., 2012]. Similarly, the seasonal cycle predictand is the count of 

Atlantic hurricanes and U.S. hurricane landfalls, since 1966 and 1900, respectively, summed 

over all months of the annual cycle (e.g., for July, the total number of July landfalls since 1900). 

Finally, the count spatial fit predictand is the number of TC genesis events in each two-degree 

grid box over the Atlantic for 1966-2012, where genesis is defined as the first IBTrACS six-

hourly position in which sustained winds exceed 35 knots. No spatial fit calculation is performed 

for landfalls, as there is no physically sound spatial metric for historical landfall events.  

From equations (2-8) in chapter one, the physical fields that constitute the various GIs are 

850 hPa absolute vorticity, rSST, 200-850 hPa vertical wind shear, 600 hPa RH, and SLP. 

Additionally, two derived quantities, velocity potential (VP) and net saturation depression, are 

used to calculate several of the GIs. These seven fields are tabulated on a two-degree grid over 
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the North Atlantic Basin (0°-48° N, 102°-4° W) from the 20CRv2 (except SST), as follows: 

vorticity and shear, from u- and v-wind fields; rSST, by subtracting the tropical mean SST from 

the local SST in the ERSST.v3b; mid-level RH and SLP, directly from reanalysis; NSD, from 

equation (8) and the specific humidity, RH, SLP, and SST fields; and VP from temperature, 

specific humidity, SLP, and SSTs [Bister and Emanuel, 1998]. The value of all seven of these 

fields was calculated as both a mean for each month and at each six-hour reanalysis time step 

over January 1900 through December 2012. In accordance with equations (2), (3), (5), and (6), 

monthly mean values of GP, GPI, CGI, and TCG, respectively are calculated from the 

constituent monthly mean values, with the substitution of equation (8) for equation (4) in the 

computation of GPI, as justified by McGauley and Nolan [2011]. Finally, using equation (7) and 

the threshold values for VP, NSD, shear, and vorticity described in chapter one, GFI was 

calculated for each month from the six-hourly field data. 

This process results in five GI and seven constituent field datasets, each of which is 113 

years, 12 months, 25 latitude points, and 50 longitude points in extent. These twelve fields are 

subsequently tested for interannual, seasonal, and spatial congruence to the hurricane count and 

U.S. hurricane landfall climatological records. First, a spatial mask is applied to all fields in 

order to remove the points located over either land or the eastern Pacific, neither of which is 

relevant for this verification process. For the interannual study, annual time series are created for 

each field by averaging the respective values, both temporally over the July through October 

(JASO) period corresponding to the most active four months of the Atlantic hurricane season, 

and spatially. Two spatial averages were calculated: one over the full domain, and another for the 

EMDR as defined by Bruyère et al. [2012], or 5°N-20°N and 60°W-16°W.  
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2.1.2 Statistical Methods 

These annual timeseries were then regressed onto the hurricane count and landfall 

timeseries using a single Poisson regression model, and the resulting adjusted R2-values were 

calculated. The histograms of hurricane count and landfalls closely resemble Poisson 

distributions, a variety of probability distribution for discrete, non-negative data series in which 

the mean and variance are described by a single parameter, so Poisson regressions are the proper 

choice to model these phenomena.  The defining equations for a Poisson regression aiming to 

capture interannual variance in hurricane count or landfalls, as in Elsner and Jagger [2006], are: 

                                               .                                             (8a, 8b) 

In these equations, h is the observed value of count or landfalls recorded in each year i, 

which is drawn from a background hurricane count or landfall rate λ, which in the context of a 

Poisson distribution describes both the mean and variance. This underlying count or landfall rate 

for the set of years i is then either predicted or diagnosed using a log-linear link function, using 

an offset β0, vector of coefficients β, and predictor vector x. It should be noted that it is the rate 

rather than the observed value that the regression is attempting to capture, which should properly 

be interpreted as a probabilistic diagnosis. Thus, while hurricane counts and landfalls are 

discrete, the model output for rate is greater than zero but not an integer. For a rate λ of 1.7, this 

corresponds to a predicted probability distribution of roughly 18%, 31%, 26%, 15%, 6%, and 3% 

chances of zero, one, two, three, four, and five or more events observed during the period, 

respectively. This probabilistic rate modeling methodology will be used in chapter two as well as 

over the entirety of this research project, and all model results should be interpreted as such. 

Due to neither the model errors nor climatological populations being normally 

distributed, p-values were calculated for each model’s response rate variable using a Wilcoxon 
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signed-rank test [Wilcoxon 1945; Wilks 2006] against a dummy climatological mean value 

timeseries. As all predictions are matched to specific hurricane seasons, the data are paired and 

the Wilcoxon test is apt for this purpose. Similarly, seasonal cycle fit is investigated by 

averaging each individual month in the fields over 1966-2012 for hurricane count and 1900-2012 

for U.S. hurricane landfalls, in both full domain and EMDR spatially averaged variants. These 

seasonal field timeseries are then regressed onto the seasonal cycle TC series using the same 

Poisson methodology from the interannual studies. Finally, spatial congruence for count is 

checked by averaging each of the twelve spatial fields over JASO for 1966-2012 into spatial 

mean maps. For all points not removed by the mask, the values in each grid box are matched to 

the TC genesis density for that particular box, and the resulting set of paired points are correlated 

using the aforementioned single Poisson regression methodology.  

In addition to p-values and adjusted R2-values, mean squared errors (MSE) were 

calculated using the following equation for each field to directly compare diagnostic power:  

                                                                                  (8c) 

where n is the length of the predictand, k is each potential value for hurricane count or landfall, 

p(k) is the probability of outcome k derived from the predicted rate, and o(k) is the observed 

value in year i. These techniques yield objective estimates for how well the GIs and their 

constituents model the interannual variability and seasonal cycle of hurricane count and landfall 

data over the full span of climatology, averaged over both the EMDR and the full North Atlantic. 

 

2.2 Qualitative Assessment of Genesis Indices  

The procedures described above yield the monthly mean fields over the Atlantic for the 

five GIs described in the literature, as well as for the seven constituent components of the 
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indices. Before the results of the Poisson regressions are discussed in detail, a qualitative 

assessment of the GIs and components is made such that the fields are observed to conform to 

both physical reality and scientific expectations. To do so, the spatial index and component data 

are temporally averaged over JASO for 1966-2012, and visually compared to the observational 

record of TC genesis points per two-degree grid box over the same period. 

Figure 2.1 plots the mean spatial values for all five GIs after the application of the mask, 

as well as the spatial climatological record of the TC genesis events that the indices were 

designed to diagnose. This figure reveals that the topologies of all five of the GIs bear a strong 

first-order resemblance to the major features of Atlantic TC genesis climatology, including lower 

levels of predicted TC development in the eastern Atlantic and north of 30°N, and relative 

maxima in genesis rates in the Gulf of Mexico and northwestern Caribbean Sea. The spatial plots 

also closely resemble those of the various GIs found in the literature, such as Figure 1.6, despite 

being calculated from a different reanalysis model (20CRv2) than was used in previous studies.  

However, no GI is an exact match for genesis climatology. For instance, GP, GPI, CGI, 

and in particular GFI overestimate genesis rates in the subtropical central Atlantic, and GP and 

GPI both have unrealistic maxima over the northeastern Gulf of Mexico. GFI does well in 

capturing the full scope of areas over which TC genesis is possible in the Atlantic Basin, but 

does so at the cost of washing out the gradient between more and less favored regions of possible 

genesis. At first appearance, TCG appears to generally match climatology well, but this index 

has a strong, spurious maximum near South America, lacks the observed maximum off the U.S. 

Southeast coast, and shares with CGI the flaw of placing the MDR five to ten degrees too far 

south. A similar visualization was constructed for mean spatial values of the GIs over 1900-

2012, with few and minor differences noted between the extended averages and Figure 2.1.   
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Some of these cursory disparities in qualitative spatial performance between the various 

GIs are explained by their inclusion or exclusion of particular physical predictor terms. The full 

set of mean spatial values for the seven constituent components of the GIs over 1966-2012 is 

shown, along with TC genesis climatology, in Figure 2.2. Unlike the general conformity of the 

GIs to that of the historical genesis record, the constituent fields vary dramatically in shape and 

density. The rSST and VP fields most closely match TC climatology, so it follows that one of 

these two fields is included in each of the GIs, as shown in Table 1.1. SLP also bears a notable 

inverse relationship with genesis density, despite only playing a role in the calculation of VP and 

not being directly included as a component of any GI. The related fields of 600 hPa RH and NSD 

both capture the hostility of the eastern Atlantic, but otherwise have relatively little variance over 

the MDR, Caribbean, and Gulf of Mexico. Vertical shear is strongest and least favorable in the 

eastern Atlantic, but also has a maximum in western subtropical Atlantic where genesis is 

relatively common. Finally, low-level absolute vorticity fields bear no resemblance to TC 

climatology, as it increases nearly monotonically with latitude due to the inclusion of the 

Coriolis parameter. However, the presence of a relative maximum in the northeastern Gulf of 

Mexico may explain the unrealistic behavior of the GP and GPI fields in this area. In general, the 

spatial distributions of the constituent physical fields of GIs in many cases bear little 

resemblance to TC genesis climatology and demonstrate that the predictors of the diagnostic 

models must be chosen with care and in concert with one another.   

 

2.3 Quantitative Performance of GIs and Constituents 

From the previous section, it is clear that the GIs do capture some of the gross spatial 

features of Atlantic Basin TC genesis climatology, whereas their constituent components have 
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disparate spatial relationships with the historical record. While the studies that put forth each GI 

did, to varying extents, document the performance of the respective indices in regards to 

replicating the interannual, intraseasonal, and spatial variance of TCs in the Atlantic, they did so 

in widely differing formats with little rigorous comparison between GIs. The existing literature 

lacks a comprehensive intercomparison of all five GIs and their seven constituent fields using a 

single objective set of performance metrics like those described in section 2.1. The remainder of 

this chapter will present and discuss the historical fidelity of these twelve fields utilizing 

performance metrics for both TC count and U.S. hurricane landfall records.  In doing so, the 

results will indicate the potential utility of a proposed LDI, as well as signify methodological 

considerations and synoptic fields that may be particularly useful in such an effort. 

2.3.1 Performance with Respect to Measures of TC Count 

 The adjusted R2-values yielded from performing single Poisson regressions of the five GI 

and seven constituent fields onto measures of Atlantic hurricane count are shown in Table 2.1. 

For the interannual timeseries and seasonal cycle regressions, results are reported for spatial 

averages of the twelve fields over both the full Atlantic domain as well as the EMDR spatial 

subset that best captures TC count variability [Bruyère et al., 2012]. This table shows the 

percentage of variance of each of the three series that is explained by changes each of the twelve 

diagnostic fields, as well as whether or not these relationships are statistically significant at 95% 

and 99% confidence levels. Figures 2.3 and 2.4 show MSEs of the Poisson regressions for the 

five GIs and seven components averaged over the full Atlantic and the EMDR, onto Atlantic 

hurricane count for the interannual and intraseasonal series, respectively. The MSE of the 

dummy climatology series is also included in each figure for reference. This presentation allows 
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for easy visualization of the diagnostic fields’ disparate explanatory powers in relation to TC 

genesis climatology over 1966-2012.  

 From Table 2.1 and Figures 2.3 and 2.4, several key results are evident from this initial 

rigorous intercomparison of TC diagnostic techniques. First, in general GIs have a statistically 

significant relationship with interannual, seasonal, and spatial variation in Atlantic hurricane 

count and TC genesis location at a greater than 99% confidence level. All GIs are significant at a 

99% confidence level for seasonal cycle and spatial fit; for interannual variance, only GFI does 

not have a significant relationship for at least one of the domains. For the full spatial domain, 

TCG explains the most interannual variance (~45%), while restricting the calculation to the 

EMDR increases the adjusted R2-values for GP, GPI, CGI, and TCG to between 0.45 and 0.58.  

For the seasonal cycle, the proportion of variance explained by the GIs generally ranges 

from 0.88 to 0.98. Full-domain GFI fares best with an adjusted R2-value of 0.974. Restricting the 

spatial domain to the EMDR degrades the intraseasonal explanatory power of the GIs by an 

average of about 15% relative to the full domain. For the spatial regression, GFI again records 

the highest R2-value at 0.407, a statistically significant improvement over the performance of the 

other GIs. The remaining GIs have significant relationships with spatial TC genesis climatology 

but explain less than 20% of observed variance.  Overall, the TCG index best predicts the 

observed interannual variance, but does so at the cost of the poorest spatial agreement. In 

contrast, the GFI developed by McGauley and Nolan [2011] to replicate spatial variance 

achieves the highest fidelity observed in that regard as well as the best performance for seasonal 

cycle, but has no relationship with interannual variability. GP, GPI, and CGI have significant 

relationships with all three metrics and are clustered about the median for each test. These results 

point to a potential trade-off between the powers of the relationship achieved across performance 
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metric varieties, as also evinced by the improved interannual but degraded seasonal fidelity 

recorded when substituting the EMDR sub-domain for the full Atlantic. While in absolute terms, 

some GIs outperform others in all categories, this inverse relationship demonstrates the 

importance of clearly defining objectives when constructing a diagnostic index. 

The performance of the seven constituent fields is, as anticipated from the qualitative 

study, more mixed. Full domain series for SLP and rSST have significant relationships with the 

interannual variance in Atlantic hurricane count. Averaging over the EMDR increases the 

adjusted R2-values for all seven fields, bringing the VP, RH, and NSD relationships over the 

95% confidence threshold. All constituents are significant with 99% confidence with the 

exception of SLP and VP for the EMDR seasonal cycle. Unlike the GIs, performance of most 

constituents improves for the intraseasonal metric with EMDR averaging relative to the full 

domain, over which only rSST is significant. Finally, as indicated by Figure 2.2, spatial fit of the 

constituents to TC genesis density climatology is generally poor, with adjusted R2-values 

explaining 2% or less of observed variance. Only VP, rSST, and vertical shear perform better, 

with adjusted R2-values of about 0.24, 0.27 and 0.13, respectively, equaling or bettering all the 

non-GFI diagnostic indices.  

Overall, Table 2.1 and Figures 2.3 and 2.4 show that rSST is the best-performing of the 

constituent fields, notching the highest percentage of variance explained for interannual, 

seasonal, and spatial TC count climatology. VP is the next best-performing field, with the 

remainder only showing skill in one or two of the regressions. Despite this, four of the five GIs, 

including Emanuel and Nolan [2004] and Emanuel [2010], include VP rather than rSST, in part 

due to the contention that individual TCs respond only to oceanic heat and moisture fluxes that 

are more accurately represented by a column-integrated metric like VP than rSST. Despite such 
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lines of argument, the superior performance of rSST is likely to a combination of its efficacy as a 

proxy for the Carnot efficiency term found in many theoretical thermodynamic TC pathways 

[Kleinschmidt, 1951; Emanuel, 1987], as well as its capacity to capture vertical shear changes 

effects driven by dominant, distant climate modes such as ENSO [Vecchi et al., 2008] via the 

tropical mean SST removal mechanism. While in a sense, the merger of shear and 

thermodynamic influences represented by rSST obfuscates the conceptual interpretation of this 

constituent term, its explanatory power makes it an intriguing candidate for further consideration.    

 More detailed explorations of the interplay of the five GIs with interannual, seasonal, and 

spatial hurricane count climatology for 1966-2012 can be found in Figures 2.5, 2.6, 2.7, 2.8, and 

2.9, which directly compare the series of the diagnostic metrics and historical data for the full-

domain averages of each GI. For the interannual and seasonal comparisons, the left panels show 

the values of the GI timeseries on the left vertical axis and the values of the hurricane count 

climatology timeseries on the right vertical axis. The left panel for spatial fit shows a difference 

plot between the average local values of GI and the local TC genesis density, which has been 

scaled to be equal in area-total amplitude to the spatial GI, visualizing where each GI 

overestimates or underestimates TC development. The right three panels on each figure are 

scatterplots of the annually, monthly, or spatially paired data that show the resulting single 

Poisson regression model as well as its objective statistical performance.   

These figures reveal rich, granular data of the performance of each of the GIs in modeling 

the observed historical record, including the particular years, months, or locations where each of 

the diagnostics performs poorly or well. In some cases, as for the interannual series, such results 

are not readily generalizable and there are few readily apparent commonalities between the GIs. 

However, the consistently strong interannual fidelity of TCG through the climatological era is 
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notable in Figure 2.8.  The seasonal cycles of the GIs relative to hurricane count climatology do 

share some common features. In general, the seasonal curves of the GIs are flatter than those of 

the historical record. GP, GPI, and TCG tend to overpredict hurricane count during the inactive 

months of December through May and underpredict it during the peak of Atlantic hurricane 

season. These three indices also have peak values in August rather than the correct month of 

September. CGI and GFI capture the seasonal maximum in September and perform the best of 

the five GIs, but generally have these same flaws, albeit to a lesser extent.  

The spatial maps show quantitatively that that GIs underestimate the TC genesis density 

in the core of the MDR as well as off the southeast coast of the U.S., while overestimating 

genesis rates in the central subtropical Atlantic. Figure 2.8 also reveals that the reason for the 

generally low adjusted R2-value of TCG as recorded in Table 2.1 is that the Poisson regression 

model is skewed by the large overestimation of development rates south of 10°N, where few TCs 

develop. In contrast, in Figure 2.9, this discrepancy is much smaller in GFI due to the use of a 

threshold for absolute low-level vorticity. To some extent, this is merely an artifact of spatial 

domain selection, but the gap between the explanatory power demonstrated by the TCG and GFI 

methods points to the utility of thresholds in producing better spatial fidelity to observed 

climatology. This point will be discussed further in section 2.4.  

 

2.3.2 Performance with Respect to Measures of U.S. Landfall Events 

With the performance of the twelve diagnostic fields in relation to the climatological 

record of Atlantic hurricane count thoroughly investigated, the next step is to test the fidelity of 

these fields relative to the extended record of continental U.S. hurricane landfalls using the same 

statistical methodology. This will reveal whether or not the existing GIs adequately capture 
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landfall variability, as well as offer guidance as to which modeling technique a potential LDI 

should use and which, if any, of the extant constituent components it should incorporate.  

The adjusted R2-values yielded from performing single Poisson regressions of the five GI 

and seven constituent fields onto measures of U.S. hurricane landfall events are shown in Table 

2.2, with p-values calculated from a Wilcoxon signed-rank test against mean climatology [Wilks, 

2006]. As in Table 2.1, for the interannual and seasonal cycle regressions, results are reported for 

twelve fields over both the full Atlantic domain as well as the EMDR subset. Similarly to 

Figures 2.3 and 2.4, Figures 2.10 and 2.11 show the interannual and seasonal cycle MSEs from 

Poisson regressions of the five GIs and seven constituent components, as well as the 

climatological mean, onto U.S. hurricane landfall counts.  

The statistical relationship between the diagnostic indices and the U.S. hurricane landfall 

historical records over the 113-year period of 1900-2012, as shown in Table 2.2 and Figures 2.10 

and 2.11, is highly divergent from that of the GIs with the measures of TC count. In general, the 

explanatory power of the GIs with respect to the interannual variance of U.S. hurricane landfalls 

is far lower than for count, and only approaches statistical significance for TCG. Still, even for 

TCG, Figure 2.10 shows that the MSE value (3.71) is scarcely different from that of the dummy 

climatology series (3.78). This lack of statistical significance holds true for both the full spatial 

domain as well as the EMDR subset of the Atlantic Basin. The TCG explains around 3% of the 

interannual variance with EMDR averaging, meaning that the raw values of some constituent 

fields have stronger relationships than most GIs with U.S. hurricane landfall variability, as 

EMDR rSST and SLP are significant at p < 0.05. Even so, the best fit to the interannual landfall 

series only explains a little more than 5% of the observed variance. However, the notable 

improvement in performance of some of the constituent fields between the full Atlantic and 
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EMDR domains indicates the potential for increased fidelity with more geographically targeted 

sub-sampling. Overall, the near total lack of descriptive power of the GIs and constituents 

components is powerful evidence that extant indices are far from optimized to capture landfall 

variability. 

 The relationships of the diagnostic indices to the seasonal cycle of U.S. hurricane 

landfalls are for the most part little different than the results for seasonal Atlantic hurricane 

count. This is because the distributions of the seasonal cycles for hurricane count and U.S. 

hurricane landfalls are statistically indistinguishable from one another, returning a p-value of 

0.029 for a Student’s t-test. With the exception of rSST, none of the constituent fields have a 

significant relationship with seasonal cycle variance at a 95% confidence level over the full 

Atlantic. Most adjusted R2-values for U.S. hurricane landfall are within ten percentage points of 

the corresponding values for hurricane count, with rSST continuing to perform best of the 

synoptic components at around 85% of variance explained. For the EMDR subset, performance 

improves notably, with vertical shear and RH significant at 95% as well. This is further evidence 

of the potential benefits of geographic sub-setting in order to capture variance in hurricane 

landfall records. 

A detailed examination of the interannual, seasonal, and spatial variance in the GIs 

compared with U.S. hurricane landfall count can be found in Figures 2.12, 2.13, 2.14, 2.15, and 

2.16 which directly compare the diagnostic metrics for the full-domain averages of GP, GPI, 

CGI, TCG, and GFI, respectively, with historical data. Other than replacing count data with the 

U.S. hurricane landfall record over 1900-2012 and omitting spatial metrics, these plots are 

otherwise identical in construction to Figures 2.5 through 2.9. GP, GPI, and CGI appear to have 

a positive trend over the period that is not found in the landfall timeseries, and as shown in the 
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scatterplots, annually-averaged GP, GPI, CGI, and GFI actually have a very slight negative 

relationship with U.S. hurricane strikes over 1900-2012, though this relationship is not 

significant. TCG has the most diagnostic power of the GIs and seems to model hurricane landfall 

counts reasonably well over stretches lasting several decades, but notches some sizeable misses 

at the beginning and end of the domain. Due to the statistical similarity between the seasonal 

cycles of count and landfall, the relationships of the GI and hurricane count discussed in section 

2.3.1 generally hold true for U.S. landfalls as well. However, all five GIs correctly diagnose 

September as the most common month for hurricane landfalls. In general, these figures expound 

on the conclusions drawn from Table 2.2 and Figures 2.10 and 2.11, namely, that while GIs do 

reasonably well at capturing the seasonal cycle of U.S. hurricane landfalls, exceedingly little 

interannual landfall variance is diagnosed by these metrics.  

 

2.4 Discussion and Summary 

 Overall, the five diagnostic methodologies tested do capture meaningful proportions of 

the interannual, seasonal, and spatial variance of the Atlantic Basin TC count and genesis 

location historical record. While not all of the GIs were developed with the goal of diagnosing 

each of these modes of variability, four of the five GIs have a statistically significant relationship 

with all three of the types of variance for at least one spatial domain. The performance of the 

seven constituent fields with regard to the TC count climatology is less uniform, but even so, 

three of the fields tested achieved significance at a 95% confidence level for all three types of 

variances for either the full Atlantic or EMDR subset.  

However, despite this, the GIs struggled to diagnose interannual variance in U.S. 

landfalls over 1900-2012. Even the best-performing GI for landfalls, TCG, was shown to have a 
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statistically insignificant relationship with the annual timeseries of U.S. hurricane landfalls, and 

explained less than 3% of observed variance. More tellingly, even the better GIs could not match 

the modest interannual diagnostic power of several of the constituent fields, two of which were 

statistically significant. While GI and component field performance relating to the seasonal cycle 

of landfalls was better, it is clear that none of the extant GIs satisfactorily diagnose interannual 

variability in the continental U.S. hurricane landfall series. Based on this battery of objective 

statistical tests, it can be said that these indices generally accomplish their disparate goals in 

regard to diagnosing seasonally aggregated features of Atlantic TC count climatology; however, 

in being carefully constructed and tuned to this particular task, none of the five GIs are shown to 

be suitable proxies for diagnosing variability in U.S. hurricane landfalls. As interannual variance 

in U.S. landfall activity has a notable economic impact [Emanuel et al., 2012] as well as broader 

climate repercussions, this indicates a need for a diagnostic index specifically designed to 

capture the interannual and seasonal cycle variability of continental U.S. hurricane landfalls over 

the 1900-2012 period. 

While the GIs and constituents were generally unsuccessful in replicating landfall 

climatology, the rich data yielded by the objective statistical tests have the capacity to aid in the 

construction of the LDI in two important ways: firstly, by influencing predictor selection, and 

secondly, by informing the formulation of the diagnostic model itself. In terms of predictor 

selection, some conclusions can be reached. One important takeaway is that in confirmation of 

the findings of Tippett et al. [2011], rSST has higher explanatory power for all types of count 

and landfall variance than does VP, in addition to being less complex and less difficult to 

calculate. As the strongest match to intraseasonal variance in landfall and second strongest 

interannually, the results clearly suggest that unlike in four of the five existing GIs, rSST rather 
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than VP may merit inclusion in the LDI. Similarly, the correlations show no clear advantage 

between the two measures of moisture availability, 600 hPa RH and NSD, lending the edge to 

the simpler of the two metrics. Of the remaining three constituents, vertical shear and low-level 

vorticity both performed relatively poorly, especially concerning interannual variance of landfall, 

while SLP yielded the strongest match to interannual variability but was weak relative to the 

seasonal cycle.  

Additionally, the dramatic improvement in interannual explanatory power for landfalls 

between the full Atlantic and EMDR averaging for SLP hints at potential means for maximizing 

LDI performance. One possible avenue for performance gains is through optimized spatial 

targeting. Conceptually, restricting the spatial focus of the diagnostic model to the regions of the 

Atlantic in which rSST or other potential predictors are most closely linked with the interannual 

variability of landfall to predictor field would enhance diagnostic power. The relationship of 

lower SLP with landfalls is also intriguing, as it is associated with low-level convergence, and by 

continuity, upward vertical motion in the mid-levels and divergence aloft [Tang and Emanuel, 

2012]. The relationship of spatially- and temporally-averaged vertical motion with U.S. 

hurricane landfalls therefore merits study. Finally, the lack of diagnostic power of most of the 

constituents is indicative of the utility of expanding the set of predictors considered for inclusion 

in the LDI. These concepts will be revisited in chapters three and four in further detail.  

In terms of construction, perhaps the most critical lesson to be culled from the 

performance of the five GIs is the need to be deliberate in selecting the purpose of the model, 

and to allow its form to follow from that decision. For instance, TCG is derived via Poisson 

regression (Eq. 6), which is the statistically proper choice for modeling annual TC count or 

landfall events. It is therefore not surprising that TCG consistently performs best in capturing 
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both types of interannual variance. In contrast, GFI uses binary thresholds for synoptic fields and 

finer temporal resolution in order to capture seasonal cycle and spatial distribution, at the 

expense of interannual diagnostic power.  The third type of model formulation, the geometric 

model used by GP, GPI, and CGI, yields median performance in all categories. Finally, CGI 

performs as well or better than GP and GPI, despite incorporating two fewer predictors, 

highlighting simplicity as a desired trait for analytical clarity in model interpretation.  

More broadly, for all GIs, calculating the series relative to EMDR rather than the full 

Atlantic improves the interannual fidelity but degrades seasonal fit in both count and landfall. As 

demonstrated across the full spectrum of GIs, there are trade-offs in performance between the 

varities of climatological variance, which among other causes stem from noise and chance in the 

hurricane landfall record, and the limitations inherent to reanalyses. As results indicate 

interannual variance in the landfall record is the most challenging and valuable to capture, it 

follows that the general formulation of the model would be informed by the discrete data 

diagnostic method underpinning TCG. While there are both strong theoretical and practical 

arguments for selecting a log-linear Poisson regression model as the base form of the LDI, the 

poor performance of the TCG relative to landfall indicates that the model performance may be 

strengthened by incorporating spatially-averaged terms that capture whether aggregate steering 

currents make landfalls more or less likely. The concept of geographic sub-sampling will be 

expanded upon in chapter three, which will further investigate U.S. hurricane landfall 

climatology, and chapter four, in which a specialized LDI is derived and explicated, taking the 

results of this chapter under advisement. 
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Table 2.1: Adjusted R2-values produced by regressing spatially and/or temporally averaged 
values of GIs and constituents onto interannual timeseries and seasonal cycles of Atlantic Basin 
hurricane count over 1966-2012, and Atlantic TC genesis event density. Interannual indices are 
averages over JASO. For the interannual and seasonal cycle regressions, adjusted R2-values are 
calculated from single Poisson regressions of spatial averages over both the full Atlantic domain 
as well as the EMDR subset. Dark blue values indicate statistical significance at a 95% 
confidence level; dark blue and italics indicate statistical significance at a 99% confidence level. 
 

Interannual timeseries 
regressions 

Seasonal cycle  
regressions 

 

All Atlantic EMDR All Atlantic EMDR 

Spatial 
regression, 
All Atlantic 

GP 
GPI 
CGI 
TCG 
GFI 
ETA 
VP 

rSST 
SHR 
NSD 

RH600 
SLP 

0.357  

0.051 

0.237  
0.449 

-0.013 

0.172 
0.188 
0.405 

-0.002 

-0.007 

0.019 

0.281 

0.553 

0.577 

0.455 

0.512 

-0.021 

0.187 

0.496 

0.525 

0.069 
0.190 
0.197 
0.319 

0.881 

0.892 

0.962 

0.889 

0.974 

0.333 
0.359 
0.872 

0.431 
0.007 
-0.033 
-0.099 

0.841 

0.755 

0.817 

0.830 

0.487 
0.637 
0.181 
0.810 

0.711 
0.737 
0.550 
0.011 

0.288 

0.160 

0.198 

0.064 

0.407 

0.004 

0.239 

0.275 

0.132 

0.021 

-0.001 

0.015 

 
 
Table 2.2: As in Table 2.1, except substituting U.S. hurricane landfall count interannual and 
seasonal cycles over 1900-2012 for Atlantic hurricane count, and omitting spatial measures.  
 
    
 

 

 

 

 

 

 

 

 

 

Interannual timeseries 
regressions 

Seasonal cycle  
regressions 

 

All Atlantic EMDR All Atlantic EMDR 

GP 
GPI 
CGI 
TCG 
GFI 
ETA 
VP 

rSST 
SHR 
NSD 

RH600 
SLP 

-0.002  
-0.008 
-0.009  
0.028 
-0.005 
0.019 
-0.009 
0.022 
-0.001 
-0.008 
0.006 
0.014 

0.008 
-0.002 
-0.007 
0.030 
-0.009 
0.009 
-0.005 
0.041 
-0.009 
-0.002 
0.020 
0.053 

0.888 

0.904 

0.961 

0.915 

0.909 

0.280 
0.198 
0.858 

0.497 
0.030 
0.032 
-0.073 

0.861 

0.807 

0.799 

0.797 

0.411 
0.433 
0.075 
0.749 
0.778 
0.516 
0.634 
-0.058 
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Figure 2.1: Mean spatial values of TC GIs over June-November for the years 1966-2012 in the 
20CRv2. Values from top to bottom are calculated for GP, GPI, CGI, TCG potential, GFI, and 
observed TC genesis events per two degree grid box. 
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Figure 2.2: Mean spatial values of TC genesis indices constituent components over the June-
November period for the years 1966-2012, in the 20CRv2 for atmospheric variables and 
ERSST.v3b for oceanic variables. Clockwise from lower left, values of SLP, NSD, rSST, 850 
hPa absolute vorticity, VP, 200-850 hPa vertical shear, and 600 hPa RH are plotted. Observed 
TC genesis events per two degree grid box are once again included at bottom right for illustrative 
purposes.  
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Figure 2.3: MSE values for the regression of the interannual series for the five GIs and seven 
constituent synoptic fields, averaged over JASO for both the full Atlantic and the EMDR onto 
the annual Atlantic Basin hurricane count for 1966-2012, with MSE of mean climatology. 
 

 
 
Figure 2.4: As in Figure 2.3, except correlations performed with respect to the intraseasonal 
record of Atlantic Basin hurricanes. 
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Figure 2.5: Interannual, seasonal, and spatial variability of GP compared to Atlantic hurricane 
count and genesis location over the years 1966-2012. Top left, JASO mean full Atlantic GP with 
annual hurricane count; top right, the interannual series of GP and hurricane count, with a single 
Poisson regression model and associated statistics; middle left, the mean GP value averaged over 
each month, along with the total monthly Atlantic hurricane count; middle right, seasonal cycle 
series of GP and hurricane count, with a single Poisson regression model and statistics; lower 
left, the difference between local smoothed TC genesis events in 2° gridboxes and the scaled 

JASO mean local value of GP, with red (blue) indicating more (less) frequent cyclogenesis than 
predicted by GP; lower right, spatially paired values of predicted TC genesis frequency from GP 
and observed TC genesis climatology, with a single Poisson regression model and associated 
statistics. 
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Figure 2.6: As Figure 2.5, except calculated for GPI [Emanuel 2010]. 
 

 
 

Figure 2.7: As Figure 2.5, except calculated for CGI [Bruyère et al. 2012]. 
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Figure 2.8: As Figure 2.5, except calculated for TCG [Tippett et al. 2011]. 
 
 

 
 

Figure 2.9: As Fig. 2.5, calculated for GFI [McGauley and Nolan 2011]. 
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Figure 2.10: As in Figure 2.3, except substituting the interannual and seasonal data of annual 
hurricane count for that of continental U.S. hurricane landfalls, over the period 1900-2012. 
 
 

 
 

Figure 2.11: As in Figure 2.10, except correlations performed with respect to the intraseasonal 
record of Atlantic Basin hurricanes. 
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Figure 2.12: As Figure 2.5, except replacing Atlantic Basin hurricane count interannual and 
seasonal cycle timeseries with those of U.S. hurricane landfalls over the period 1900-2012, and 
removing spatial correlation. All GP series are calculated over the 1900-2012 temporal domain.  
 
                 

 
 

Figure 2.13: As in Figure 2.12, except for GPI. 
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Figure 2.14: As in Figure 2.12, except for CGI. 
 
 
 

 
 

Figure 2.15: As in Figure 2.12, except for the TCG index. 
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Figure 2.16: As in Figure 2.12, except for the GFI. 
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CHAPTER THREE 

ATLANTIC BASIN CLIMATOLOGY 

As established in chapter one, despite progress in understanding the environmental 

conditions conducive for cyclogenesis processes and diagnosing cumulative seasonal TC 

activity, there has been relatively little work specifically quantifying the interannual variability 

of TC landfall risks to the populated landmasses of the Atlantic Basin. As demonstrated in 

chapter two, the techniques developed to capture variance in the former have no statistically 

significant relationship with the latter. More generally, the interdependence of the net quantity of 

TC activity, the location of cyclogenesis events, and the morphology and persistence of steering 

winds that determine storm motion remains poorly understood.  

By taking full advantage of recent advances in atmospheric and oceanic reanalysis, the 

preliminary results described in chapter three describe how and why TC genesis and landfall 

climatology diverge from one another. This chapter consists of identifying and describing spatial 

and temporal patterns in historical landfall data, and quantifying the relationship of historical risk 

profiles to seasonal TC count, genesis locations, and time-averaged steering currents. These tasks 

are done in order to better account for the outcomes important to coastal residents, and to gain 

new insight on the physical processes that drive aggregate seasonal TC activity, with the 

objective of identifying traits that can subsequently be incorporated into a diagnostic LDI model.  

 

3.1 Atlantic Basin TC Landfall Climatology 

 The first step towards assessing the predictability and variance of TC landfall risk to the 

continental U.S. is to construct a detailed climatology of all TC landfall events. Because this 

study is not only concerned with the quantity of events, but also the distribution of events 
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between geographic regions, cases taking place prior to the existence of a observational network 

in the United States capable of recording all TC landfall events are excluded. While this 

threshold is as early as the late 18th Century in the mid-Atlantic and New England, low 

population density in Florida prevents the completeness of landfall data for the whole U.S. until 

1900 [Landsea et al., 2004]. Thus, the U.S. TC landfall climatology dataset encompasses 1900-

2012. The dataset of TCs exceeding tropical storm (17 ms-1) intensity at the time of landfall was 

constructed by interpolating the six-hourly locations in HURDAT to determine landfall co-

ordinates. Landfall intensity was either assumed to be equal to the last six-hour intensity estimate 

prior to crossing the coastline, or taken directly from HURDAT when applicable. Only cases in 

which the center of circulation was determined to have moved directly over the U.S. landmass or 

coastal islands were included. 

 Once the list of all U.S. TC landfall locations, times, and intensities had been constructed, 

coastal shapefiles were used to group the events into nine geographic bins: Texas, Louisiana-

Alabama, Northwest Florida, Southwest Florida, Southeast Florida, Northeast Florida, Georgia-

Cape Hatteras, the mid-Atlantic, and New England. For each of these groupings, an individual 

TC was only permitted to make landfall once within each region, removing some duplicate 

events. For instance, Hurricane Katrina (2005) making landfall on the Louisiana barrier islands 

and then mainland was only counted as a single event in the Louisiana-Alabama region. This rule 

was necessary to prevent individual TCs from being disproportionately represented. However, a 

single hurricane making landfall in two regions, such as Hurricane Andrew (1992) in Southeast 

Florida and Louisiana-Alabama, is counted twice the overall continental U.S. time series. 

 After the construction and refining of the landfall dataset, the list of cases was broken out 

by intensity bin, with 392, 195, and 62 events of at least tropical storm, hurricane, and major 



 
 

55 

hurricane intensity, respectively, in the period from 1900-2012. Figure 3.1 shows the count of 

each type of event occurring within semi-monthly periods during the hurricane season in the top 

panel, and the percentage of events relative to the total in each intensity bin in the bottom panel. 

The top panel shows that the frequency of TC landfall events, to first-order, corresponds with the 

temporal density of all Atlantic TCs found in Figure 1.1. The bottom panel of Figure 3.1 shows 

that the intraseasonal distribution of TC landfalls is disproportionately concentrated for intense 

TCs in the core months of the hurricane season. Approximately 90% of all hurricane landfalls 

and nearly 100% of major hurricane landfalls occur during 1 July to 31 October (JASO), so this 

is a reasonable temporal domain in order to investigate which physical factors are most closely 

linked to TC impacts on the continental U.S. 

 Landfall events are plotted by geography as well as by time of occurrence and intensity in 

Figure 3.2, which places the nine geographic regions along the abscissa, and Figure 3.3, which 

plots relative hurricane landfall frequency within each region. In Figure 3.2, the ordinate plots 

the percentage of total landfalls occurring for each combination of time and region, which 

corresponds to the percentage of tropical storm, hurricane, and major hurricane landfalls in the 

top, middle, and lower panels, respectively. These figures together reveal some finer structures 

of landfall climatology in time and space. For instance, the top panel of Figure 3.2 reveals that 

the most common landfall region for TCs of any intensity moves steadily east during the peak of 

the hurricane season; the mode of the data is the Texas coast from 16-30 August, the northern 

Gulf Coast in September, Northwest Florida from 1-15 October, and Southwest Florida from 16-

31 October. This can be explained in terms of increased incursion of mid-latitude westerlies into 

the subtropics with the approach and passage of the autumnal equinox. Likewise, while there are 

fewer intense hurricane events to study, the landfall record in the bottom panel of Figure 3.2 
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shows well-delineated times of greatest risk varying by region. The highest climatological threat 

from major hurricanes is during early August to mid-September for Texas, mid-August through 

the end of September for the northern Gulf Coast, all of September for Southeast Florida, and 

mid- to late October for Southwest Florida. This rich geographic and temporal structure to the 

TC landfall record indicates that in aggregate, archetypical behaviors emerge from the individual 

events, for which underlying explanations likely exist, but have yet to be fully elucidated.  

 

3.2 Relating TC Genesis and Landfall Climatologies 

As the historical record of U.S. TC landfalls demonstrates stable geographical and 

temporal structure, quantifying variance in TC risk requires investigating its relationship with 

major facets of Atlantic hurricane seasons, including how many TCs form, where cyclogenesis 

events preferentially take place, and how the storms interact with steering flow once they have 

developed. These tools can be used to assess one of the primary questions arising from chapter 

two, namely, how none of the GIs showed any skill whatsoever at diagnosing U.S. hurricane 

landfall count over 1900-2012. Conceptually, TC counts and landfalls are linked in simplest 

possible terms by a proportionality term in the following manner: 

                   LF
H
= C

H
*P

H
,  (9) 

where LFh is the annual count of U.S. hurricane landfalls, Ch is the annual count of Atlantic 

hurricanes, and Ph is “hurricane proportionality,” the annual percentage of hurricanes that make 

landfall in the U.S. Thus, a reasonable starting point is to ascertain the historical relationships 

between Atlantic TC count, hurricane proportionality, and U.S. landfall incidence.  

Figure 3.4 shows the correlation coefficients between all permutations of these three 

timeseries for 1966-2012, with 95% confidence intervals. The correlations of TC count with TC 
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landfalls, hurricane count with hurricane landfalls, and major hurricane count with major 

hurricane landfalls show that there is a statistically significant relationship between count and 

landfalls for all intensity bins. However, r-values ranging from 0.4 to 0.5 mean that only around 

15 to 25% of variance in LFh can be explained by Ch. In comparison, Ph explains 50 to 60% of 

the interannual variance in LFh over 1966-2012, and there is no significance covariance between 

Ch and Ph that would confound this result. Figures 3.5 and 3.6 delineate this finding every more 

clearly by constructing single Poisson regression models of LFh from Ch and Ph, respectively, 

over 1966-2012. The count-based model is statistically significant at nearly a 99% confidence 

level, but explains only 18% of observed variance in LFh; in contrast, the proportionality-based 

model diagnoses just over 50% of interannual variability and is by inspection a much better fit to 

the response variable. This simple test demonstrates why many of the common metrics used to 

diagnose net seasonal activity have little to no value in explaining variance in landfall count: 

Even a perfect prediction of annual TC count is of limited value in quantifying sensible TC risk, 

and, as shown in Table 2.2, GIs are not even close to perfect diagnostic metrics. 

  These results auger poorly for methods that seek to capture TC risk exclusively from 

measures of cumulative seasonal activity, particularly given the sizeable errors inherent to 

diagnostic as well as predictive methodologies [Owens and Landsea, 2003]. As a further 

example of this dichotomous relationship as it relates to global climate, the relationship of Ch, Ph, 

and LFh with six well-known climate indices is explored in Figures 3.7 through 3.12. These six 

indices, each of which has been argued in the literature to have some relationship with Atlantic 

TC activity, are the AMM [Vimont and Kossin, 2007], the Multivariate ENSO Index [MEI; 

Wolter and Timlin, 2011], the QBO [Gray et al., 1993; Camargo, 2010], the NAO [Elsner and 

Kocher, 2000; Frank and Kocher, 2007], the Pacific Decadal Oscillation [PDO; Maue, 2011], 
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and Pacific-North American index [PNA; Klotzbach et al., 2006]. Monthly means for these six 

indices were acquired from the public database at the Earth Systems Research Laboratory for 

years since 1950 [ESRL, 2015], the first year that values for all of the indices are available. 

Per the temporal domain justified by Figure 3.1, the monthly values of the indices were 

averaged over JASO into a single annual value, and each of these timeseries were subsequently 

regressed onto the annual count, proportion making landfall, and landfall count for all TCs, 

hurricanes, and major hurricanes. These regressions include 1966-2012 for count and 

proportionality data and 1950-2012 for the landfall data. Figure 3.7 shows the resulting r-values 

and 95% confidence intervals for the regression of each index onto intensity-binned TC count 

data. Only three of the indices are shown to have a statistically significant relationship with the 

interannual variance in count; AMM, a metric that incorporates many of the TC-relevant 

oscillations in Atlantic SST variability, in both the MDR and mid-latitudes [Kossin and Vimont, 

2007], has a positive relationship with aggregate activity, and the strongest one in absolute terms; 

MEI and NAO have significant negative relationships, in-line with expectations. The remaining 

three indices are not significant and have r-values clustered tightly around zero. 

These six climate indices are also used as a set of possible predictors in forward stepwise 

multiple Poisson regression models for hurricane count, the proportion of hurricanes making 

landfall in the continental U.S., and the count of U.S. hurricane landfalls. These models were 

optimized to achieve the highest possible adjusted R2-value using any log-linear combination of 

the six climate indices, with no interaction or quadratic terms permitted. Once again, p-values 

were calculated using a sign-rank test [Wilks, 2006] against a dummy timeseries consisting of the 

climatological mean of the predictand. For annual hurricane count, AMM and MEI were selected 

from the set to form a two-predictor model. In rough terms, this can be interpreted physically as 
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quantifying the variability in large-scale positive (negative) SST anomaly patterns in the MDR 

for positive (negative) AMM [Vimont and Kossin, 2007], and favorable (unfavorable) vertical 

wind shear conditions in the western Atlantic for negative (positive) MEI values [Vecchi and 

Soden, 2007]. Figure 3.8 shows the resulting model, which is significant at p < 0.001 and 

explains 58% of the observed interannual variance in annual Atlantic hurricane counts over 

1966-2012. The left panel shows that the agreement between the model and observed data is 

good through the period but particularly strong since 1995, which corresponds to the emergence 

of a persistent positive AMM signal [Patricola et al., 2014]. 

Figure 3.9 shows the results of replicating this process, substituting the proportions of 

TCs making U.S. landfall as the predictands. The correlation coefficients between the climate 

indices and TC proportionality diverge dramatically from those calculated with respect to the TC 

counts over the same period. Of the three indices that showed a statistically significant 

relationship with count, AMM and MEI have no relationship with the proportionality terms, and 

NAO has a marginally significant relationship for Ph, but of the opposite sign (positive) when 

compared with Ch. QBO and PNA indices continue to show no significant relationship, with 

PDO showing significance at the p < 0.05 level for major hurricanes. PDO is a kind of “mid-

latitude ENSO” [Mantua and Hare, 2002], so it is possible that the PDO is exercising this 

influence through modulating global mid-latitude and subtropical regions of convection and 

subsidence. The PDO influence scales with intensity as hurricanes and especially strong 

hurricanes are preferentially found at these higher latitudes (relative to all TCs), as well as 

because of the deeper steering layer experienced by intense hurricanes [Velden, 1993]. As shown 

in Figure 3.10, the corresponding stepwise Poisson regression for hurricane proportionality 

selects NAO and PDO as the components of a two-predictor model, which diagnoses about 12% 
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of interannual variance but fails the Wilcoxon sign-rank test for significance between the paired 

model and climatological mean residuals with a p-value of 0.38. 

Finally, the correlation coefficients between the six climate indices and U.S. landfall 

counts are shown in Figure 3.11. By equation (9), this is the weighted superposition of Figures 

3.7 and 3.9, so not surprisingly, the two fields with r-values clustered around zero for count and 

proportion, QBO and PNA, are also not significant for landfall count. The two indices for which 

the sign of the correlation coefficient differed between Figures 3.7 and 3.9, MEI and NAO, also 

do not demonstrate statistical significance in any intensity bin. Only AMM and PDO approach 

significant relationships at a 95% confidence level, and these two climate indices are selected for 

inclusion in the Poisson regression model shown in Figure 3.12. While this model is significant 

with a p-value of around 0.02, it is able to explain less than 10% of the observed variance in LFh 

over 1950-2012. Figure 3.12 shows that while the two-predictor model has some successes, 

including correctly predicting above average hurricane landfall activity in both 2004 and 2005, 

for long stretches in the 1960s and 1970s the model seems to bear little relation to observations. 

In general, climate indices, even ones shown to be closely related to aggregate seasonal activity, 

do a poor job of predicting landfall counts. However, this AMM/PDO model does serve as a 

baseline against which the diagnostic skill of the LDI is objectively measured in chapter five. 

Figures 3.4 through 3.12 demonstrate some important findings regarding the causes and 

nature of TC landfall risk. Breaking annual landfalls down into TC count and the proportion of 

TCs making landfall, count is relatively easier to diagnose or predict effectively, but controls a 

counter-intuitively modest portion of total interannual variance in landfalls. Inversely, the 

proportion of TCs that make landfall controls the relatively larger part of landfall variability, but 

is much more difficult to diagnose. While a simple two-predictor model incorporating well-
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known climate indices captures much of the variance in the former, the same technique offers 

little diagnostic power for the latter. This demonstrates once again that the set of potential 

predictors will need to be expanded in order to capture the maximum interannual variability 

possible in the U.S. hurricane landfall climatological record, potentially including measures of 

mean steering flow and time-averaged vertical motion. The next sections will further investigate 

TC climatology and attempt to better define the form of these potential predictors.  

 

3.3 Spatial Patterns in TC Genesis Climatology 

As variance in aggregate seasonal activity is shown in section 3.2 to differ from variance 

in U.S. landfall risk, it stands to reason that where cyclogenesis occurs is equally or perhaps even 

more important than raw annual TC count to sensible outcomes. The first step to understanding 

how TC genesis patterns can inform the development of the LDI diagnostic model is to take a 

more detailed look at cyclogenesis climatology. The top panel of Figure 3.13 shows the count of 

Atlantic TC genesis events occurring within 750 km over 1966-2012, excluding unnamed 

tropical depressions. This plot shows that the regions where cyclogenesis is most common are 

the MDR in the tropical eastern Atlantic, the Northwestern Caribbean Sea, the Gulf of Mexico, 

and the subtropical western Atlantic. The bottom two panels of Figure 3.13 break this same data 

into in two subsets based on whether or not the TC eventually made landfall in the continental 

U.S. with sustained winds of at least tropical storm intensity (17 ms-1). As shown in the middle 

panel, the highest density of landfalling TC genesis points is in the central Gulf of Mexico, with 

elevated concentrations also extending east of Florida and into the far northern Caribbean. There 

are also densities of 10 to 20 events throughout the western MDR, tapering to just a handful of 

cases in the eastern MDR. The bottom panel of Figure 3.13, showing genesis points of TCs that 
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did not make landfall in the U.S., shows the opposite spatial trend with longitude across the 

MDR, as well as significant numbers of genesis events in portions of the north central and 

northeastern Atlantic where no landfalling TC genesis points have been recorded since 1966.  

These patterns are related to spatial differences in the proportion of TCs that make 

landfall based on genesis location. Figure 3.14 shows the genesis density for all TCs that 

eventually made landfall in the continental U.S. as hurricanes, which on cursory inspection is 

similar to the middle panel of Figure 3.13, albeit with a less extreme maximum in the Gulf of 

Mexico. (Values were only plotted when the number of local genesis events exceeded four to 

prevent unrepresentative data.) This is likely because while TCs developing in the Gulf of 

Mexico are partially surrounded by the U.S. landmass, these systems also may not have enough 

time to reach hurricane intensity before steering winds move them over the coastline. The bottom 

panel of Figure 3.14 divides the local count of cyclogenesis events resulting in U.S. hurricane 

landfall by the count of all genesis events in that location, giving the local percentage of 

developing systems that make landfall as a hurricane.  

The resulting morphology has a wave-like structure, with the highest percentages on the 

order of 30% in the Gulf of Mexico, a minimum in the western Caribbean of around 15% where 

developing systems are more likely to continue west into Central America, a maximum of 

around 25% in the eastern Caribbean, a minimum of 5-10% centered along 55°W, a maximum of 

15-20% along 40°W, and a minimum of less than 10% in the far eastern Atlantic. This pattern 

may relate to the alignment of Atlantic ridges and troughs, in particular the favorable presence of 

a ridge centered in the western Atlantic, which may both catalyze development in the favorable 

synoptic environment to the south of the high and subsequently steer the resulting TC north and 

west into the Gulf of Mexico [Knowles and Leitner, 2007]. This favorable synoptic condition for 
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genesis is shown in Figure 3.15, a composite of normalized 500 hPa geopotential height 

anomalies at the time of initial TC development over 1966-2012 [Hart and Grumm, 2001]. This 

figure shows that the composite TC genesis event preferentially occurs approximately 10-15° to 

the south of a contiguous mid-level height anomaly maximum. As this ridging feature is similar 

in size and scope to the Bermuda high [Kruger and Winston, 1975], Figure 3.15 physically 

connects TC genesis and steering processes to time-averaged positions of ridges and troughs.   

This type of intriguing finer spatial structure can be seen more explicitly in Figure 3.16, 

in which the annual count of local cyclogenesis events over 1966-2012 at each grid point are 

regressed onto the overall annual series of Ch, Ph, and LFh. The resulting correlation coefficients 

are then plotted spatially, with all three panels demonstrating extensive, contiguous regions of 

local p-values < 0.05, denoted in green. Against the null expectation that 5% of the domain 

would be significant at this level by chance alone, all three plots show spatial significance as 

much more than 5% of the areas exceed this confidence threshold [Livezey and Chen, 1982]. The 

top panel, not surprisingly, shows that years in which local cyclogenesis counts are elevated tend 

to be more active in the aggregate as well. Local counts for most of the Atlantic south of 25°N 

have a statistically significant relationship at a 95% confidence level with Ch, with the exception 

of the MDR east of 30°W. The neutral values in the northern Gulf of Mexico and (insignificant) 

negative coefficients in the western subtropical Atlantic suggest that Ch is depressed in years 

characterized by more genesis events from non-tropical origins. Notably, local counts in the 

western Caribbean and MDR between 50°W-35°W are particularly strongly correlated with Ch.  

The middle panel of Figure 3.16, the r-values of regressing local counts onto Ph, reveals a 

very different pattern of spatial correlations. The only regions with positive correlation 

coefficients of significance are the Gulf of Mexico, southwestern Atlantic, and eastern Caribbean 
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Sea, while the western Caribbean and most of the MDR have significantly negative coefficients. 

In general, this shows that the greater the count of TC genesis events removed from the 

continental U.S., the lower the annual percentage that will reach the coast; however, the 

emergence of the spatial periodicity in the western basin again demonstrates the importance of 

the synoptic environment and mid-latitude longwave pattern. The bottom panel shows that only 

the local annual counts of cyclogenesis events in the Gulf of Mexico, the far western Atlantic, 

and the eastern Caribbean Sea have a statistically significant relationship with LFh at a 95% 

confidence level. While the data are noisy due to the relatively short 47 years of reliable 

observations, from a statistical perspective increased occurrence of genesis events in the MDR 

does not demonstrably impact the annual count of hurricanes making landfall in the U.S. 

These figures show that not all TC genesis events contribute equally, or even at all, to the 

expected annual value of LFh. While this result seems counterintuitive, it can be interpreted 

physically in terms of the discrete number of TC “seeds” that enter the Atlantic from the east 

each year, African easterly waves [AEW; Burpee 1972]. AEWs that undergo cyclogenesis in the 

eastern Atlantic tend to intensify further east as well, and thus extend over a deeper tropospheric 

layer than non-developing waves at the same longitude. These developed TCs are thus more 

susceptible to being steered north into the open Atlantic by upper-level troughing than the 

shallower AEWs [Velden, 1993]. Additionally, closed cyclones experience beta drift, an 

intensity-scaling poleward motion that is a dynamic response of a symmetric vortex to the earth’s 

planetary vorticity gradient [Chan and Williams, 1987], while AEWs largely do not due to 

asymmetry. Thus, the positive expectation of additional U.S. landfall risk from the increase in 

TC count for MDR genesis events is balanced by the decreased chance of that TC making 

landfall compared with development further west.  As several other regions have statistically 
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significant relationships between local cyclogenesis and LFh comparable to or exceeding the 

basin as a whole, the consideration of the mechanisms underpinning these finer spatial 

relationships is clearly a necessity to meaningfully diagnose interannual variance in TC risk. 

 

3.4 Relationships between Historical Tracks, Steering Winds, and Landfall Climatology 

As the divergent sensitivity of landfall risk with cyclogenesis location seems to indicate 

the proximate influence of the mid-latitude longwave jet pattern, a logical next step is to directly 

investigate how the tracks and intensity of historical TCs have responded to the aggregated 

influence of steering winds. In order to condense aggregate track and intensity climatology into a 

single metric, the ACE [Camargo and Sobel, 2005] is calculated for all Atlantic TCs with winds 

exceeding 17 ms-1. ACE is a coarse estimation of the kinetic energy expended by a TC windfield 

tcalculated each six hours from the maximum sustained wind (VMax) in the following manner: 

                                  ACE =10
−4

V
max

2∑ .               (10) 

Figure 3.17 plots the total ACE expended within 500 km of each point in the Atlantic Basin over 

1966-2012. As TCs generally move north and west in the Tropics and tend to intensify along 

track, ACE is concentrated in the western half of the Atlantic, especially between 15° and 40°N. 

Some common tracks of TCs can be discerned in Figure 3.17, particularly the climatological 

tendency for intense MDR hurricanes to turn poleward along 60°W.  

A 47-year timeseries of the cumulative annual ACE expended within 500 km of each 

point in the Atlantic was next created, and the series of local annual ACE values was regressed 

onto LFh. Figure 3.18 plots the spatial correlation coefficients that resulted from this process. 

Due to the large increase in data from incorporating not just genesis locations, but intensity-

weighted six-hourly track into the regression, the correlation coefficients plotted in this figure are 
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smoother and less noisy than Figure 3.16.  In general, the major feature of note is a wedge-

shaped region of positive significance beginning roughly at a point near 10°N, 40°W, and 

fanning out from the central Texas coast to New York City, excluding the southern Gulf of 

Mexico. In these regions, more nearby ACE is meaningfully linked to increased annual count of 

U.S. hurricane landfalls, which is not true outside this cone. TC activity in regions east of 40°W, 

north of 40°N, and the southwestern Gulf of Mexico has no or negative connections to LFh, 

which reiterates that the LDI should focus on a tighter spatial domain than the full Atlantic to 

better capture interannual variability in landfall. 

While aggregating the tracks and intensity of TCs reveals useful information about the 

key regions in the Atlantic connected to landfall variance, to better investigate steering winds 

directly, the spatial ACE fields for each TC season were normalized by that year’s total ACE. 

The resulting field captures the fraction of each year’s ACE expended within 500 km of each 

point. This technique allows intraseasonal clustering of TC tracks driven by persistent anomalies 

in steering winds to be directly observed. For example, Figure 3.19 shows the normalized spatial 

ACE values for two years of comparably elevated TC count activity, 2004 and 2010 (see section 

1.4). However, normalized spatial ACE shows energetic expenditures clustered over the Greater 

Antilles and Southeast U.S. in 2004, as opposed to arching from the western MDR to the central 

Atlantic in 2010. Both years exhibit notable clustering behavior in tracks, with up to 12-15% of 

total annual ACE expended within 500 km of certain points on both plots; however, these 

regions of respective clustering are mutually exclusive, with 2004 tracks showing almost no TC 

activity in the areas in which the 2010 cluster is located, and vice versa. 

In order to generalize this specific case, a mean season-normalized spatial ACE field was 

calculated for the nine hurricane seasons over 1966-2012 for which three or more U.S. hurricane 
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landfalls were recorded, as well as for the 13 seasons over the same period in which no U.S. 

landfalls were observed. Figure 3.20 plots the difference field between these two means, with 

areas in which normalized ACE is greater in active seasons in red, and ACE of quiet landfall 

seasons exceeding active years in the blue regions. This figure shows an axis of anomalous 

normalized ACE stretching from the west central MDR, over the Greater Antilles, into the 

eastern Gulf, and branching toward the Carolinas. Likewise, an archetypical track emerges for 

inactive seasons from the area of anomalously low normalized ACE, originating in the eastern 

MDR and extending northwest into the west central Atlantic before turning north and east in the 

mid-latitudes. The contiguous track-like structures that appear in Figure 3.20, also appear to 

resemble one another shifted zonally by about 25°. As Colbert et al. [2013] and Kossin et al. 

[2011] connect longwave ridge and trough positioning to the aggregate seasonal distribution of 

Atlantic TC tracks in a manner analogous to the relationships demonstrated in Figure 3.15, this is 

compelling evidence of the potential landfall diagnostic power of steering winds. 

Figure 3.21 shows the mean JASO 400-850 hPa wind vectors and magnitudes for 1900- 

2012 in the 20CRv2. These tropospheric levels were selected to represent steering flow for all 

hurricanes based on the findings of Velden [1993] as summarized in Figure 1.2. This plot shows 

that climatological steering winds are dominated by tropical easterlies of around 5-7 ms-1 south 

of 20°N, and mid-latitude westerlies north of 30°N, which are stronger than 10 ms-1 north of 

40°N. Between these two regimes, the clockwise windfield circulation in the central Atlantic 

reveals the mean position of the subtropical ridge along roughly 45°W, with a weaker tendency 

for troughing along 70°W. These fields can be compared to the composite storm motion vectors 

and magnitudes for non-landfalling and landfalling TCs over 1966-2012 found in the top and 

bottom panels, respectively, in Figure 3.22. These plots were generated at each 2° gridpoint 
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using the average IBTrACS motion vector for all TCs passing within 500 km, and exclude points 

for which four or fewer events were recorded to reduce noise.  

A major feature of note in Figure 3.22 is the bifurcation in non-landfalling TC motion 

vectors between the those systems passing north and south of the continental U.S., which runs 

generally along the axis of the Greater Antilles. While the TC composite motion vectors do not 

cover the entire basin, the areas of overlap show that landfalling TCs to the south of the 

bifurcation have a more poleward component to their composite heading, while landfalling TCs 

to the north of the split, particularly between 45° and 70°W, are translating much more zonally 

compared to the non-landfalling TCs composite’s meridional motion vectors. This suggests that 

the composite pattern that is most conducive to bringing MDR TCs towards the continental U.S. 

in one in which the subtropical ridge is stronger, further west, and centered at higher latitude than 

the climatological position identified in Figure 3.21.  

 This physical relationship is shown more explicitly in Figure 3.23, which plots the 

difference in zonal (top panel) and meridional (bottom panel) JASO 400-850 hPa mean winds 

between years that recorded three or more U.S. hurricane landfalls (N=31) and years in which no 

hurricanes made U.S. landfall (N=25) over 1900-2012 from the 20CRv2. There are two distinct 

features in the anomalous zonal wind contours. The first feature is the presence of anomalous 

weakening in the climatological tropical easterlies over the Caribbean Sea during active landfall 

years. This likely integrates a couple of salutary (enervating) physical effects on LFh: a 

weakening (strengthening) of easterly steering winds, meaning that Caribbean TCs are less 

(more) likely to be steered into Central America and are more (less) likely to turn north towards 

the U.S., and a reduction (increase) in deleterious westerly zonal vertical shear towards the top of 

the 400-850 hPa layer [Vecchi and Soden 2007]. The second major feature in the zonal wind 
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fields is the extensive region of anomalously easterly zonal winds in the subtropics for the active 

landfall years, strongest west of 60°W. The anomalous windfield is once again consistent with 

the anticyclonic geostrophic flow circulating around a low- and mid-level ridge, suggested by 

this figure to be ideally centered near 40°N, 70°W. This interpretation is further confirmed by the 

pattern of anomalous meridional winds, which are generally weak in the tropics, but more 

poleward (equatorward) west of 70°W and east of 40°W in the subtropics, and equatorward 

(poleward) between 70°W and 40°W during years with many (no) U.S. hurricane landfalls.  The 

location of these anomalous meridional winds again suggest that ridging along approximately 

70°W and troughing along approximately 40°W is an ideal configuration for elevated U.S. 

landfall risk, and likely explains the wavelike spatial structures identified in Figure 3.14. 

The results of chapter three demonstrate that interannual variance in U.S. landfall risk has 

a limited relationship with the annual count of TCs in the Atlantic Basin, and that where those 

systems develop and move are critical in determining the proportion of TCs making landfall. 

These findings contextualize the severe limitations of the GIs concerning the diagnosing of 

interannual variance for LFh. The GIs failed to capture landfalls because they are imperfect 

predictors of count, and even if they were perfect, only around 15-25% of LFh variability is 

explained by Ch. Closer study of TC climatology argues for better performance of diagnostic 

indices with more restrictive domains applied to the predictor fields, in order to focus on the 

regions most closely linked to LFh. Finally, rich and consistent patterns in historical TC genesis 

and track climatology are shown to be linked to steering winds physically connected to time-

averaged morphologies of the longwave pattern over the North America and the Atlantic Basin. 

These results suggest several specific fields to investigate as potential predictors for the incipient 

LDI. These relationships are exploited to generate a diagnostic model for LFh in chapter four.  
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Figure 3.1: U.S. TC landfall events for the years 1900-2012 binned by the semi-monthly period 
of the TC’s center of circulation crossing the coastline. The top panel plots the total number of 
cases for each intensity category and time period, which the bottom panel normalizes the same 
data relative to intensity. 
 
 

 
Figure 3.2: Percentage of total U.S. landfalls for 1900-2012 with the landfall occurrences 
grouped first into nine geographic regions, then broken out by a semi-monthly binning of the 
date of the event for all TCs (top), hurricanes (middle), and major hurricanes (bottom). 
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Figure 3.3: Relative frequency of U.S. hurricane landfalls by two week period of hurricane 
season and spatial region, over 1900-2012.  
 
 

 
 
Figure 3.4: Correlation coefficients between annual Atlantic TC count binned by peak intensity, 
annual U.S. landfall count binned by intensity at landfall, and the annual percentage of TCs in 
each intensity bin making U.S. landfall, with 95% confidence intervals, for 1966-2012. 
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Figure 3.5: Interannual variability of continental U.S. hurricane landfall counts as compared to 
the Atlantic Basin hurricane count climatological record over 1966-2012. At left, the landfall and 
count values with year; at right, a scatterplot of the interannual series of U.S. landfalls and 
hurricane count, with a single Poisson regression model and the associated p-values and adjusted 
R2-value. 
 
 
 

 
 
Figure 3.6: As in Figure 3.5, except comparing interannual variability in continental U.S. 
hurricane landfalls to the proportion of Atlantic Basin hurricanes making landfall in the 
continental U.S. at or exceeding hurricane intensity.  
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Figure 3.7: Correlation coefficients of regressing the JASO average values of selected common 
diagnostic climate indices of aggregate seasonal activity onto the count of Atlantic Basin TCs 
binned by intensity, with 95% confidence intervals, for 1966-2012. 
 
 
 

 
 
Figure 3.8: As in Figure 3.5, but regressing the value of a multiple Poisson regression model 
using JASO averaged AMM and MEI index values onto the Atlantic Basin hurricane count. 
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Figure 3.9: As in Figure 3.6, except regressing the climate index values onto the percentage of 
Atlantic Basin hurricanes making landfall in the continental United States. 
 
 
 

 
 
Figure 3.10: As in Figure 3.5, but regressing the value of a multiple Poisson regression model 
using JASO-averaged NAO and PDO index values onto the percentage of Atlantic Basin 
hurricanes making landfall in the continental United States. 
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Figure 3.11: As in Figure 3.6, except regressing the climate index values onto the annual count 
of Atlantic Basin hurricanes making landfall in the continental United States. 
 
 
 

 
 
Figure 3.12: As in Figure 3.5, but regressing the value of a multiple Poisson regression model 
using JASO-averaged AMM and PDO index values onto the annual count of Atlantic Basin 
hurricanes making landfall in the continental United States. 
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Figure 3.13: Spatial count of all Atlantic Basin TC genesis events occurring within 750 km over 
the period 1966-2012 (top panel), broken out by TCs that did (middle panel) and did not (bottom 
panel) make landfall in the continental U.S. with maximum sustained winds of at least 34 knots.  
 



 
 

77 

 
 

Figure 3.14: Spatial count (top) and percentage (bottom) of Atlantic Basin TC genesis events 
within 750 km that resulted in a hurricane landfall in the continental U.S., for 1966-2012. 
 
 

 
 
Figure 3.15: Composite normalized 500 hPa height anomalies within 30 degrees of first 
IBTrACS position with sustained winds exceeding 17 ms-1, in the Atlantic over 1966-2012. 
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Figure 3.16: Spatial correlation coefficients of regressing annual local cyclogenesis count within 
750 km onto the total Atlantic Basin annual hurricane count (top panel), the total percentage of 
Atlantic Basin hurricanes making landfall in the continental U.S. with maximum sustained winds 
exceeding 63 knots (middle panel), and total U.S. hurricane landfalls (bottom panel), for the 
period 1966-2012. Green contours denote a statistical significance at a 95% confidence level. 
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Figure 3.17: ACE expended within 500 km by Atlantic Basin TCs with maximum sustained 
winds exceeding 17 ms-1, over the period 1966-2012.  
 
 

 
 
Figure 3.18: Spatial correlation coefficients of regressing annual local ACE density within 500 
km onto the total annual count of hurricanes making landfall in the continental United States, 
over the period 1966-2012. Green contours denote a statistical significance at a 95% confidence 
level. 
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Figure 3.19: Seasonally-normalized spatial distribution of ACE for TCs within 500 km with 
maximum sustained winds exceeding 17 ms-1, for the 2004 Atlantic hurricane season (top panel) 
and 2010 Atlantic hurricane season (bottom panel).  
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Figure 3.20: The difference in mean season-normalized ACE spatial distribution within 500 km 
for TCs with maximum sustained winds exceeding 17 ms-1 for all Atlantic Basin hurricane 
seasons over 1966-2012 with three or more landfalls of hurricanes in the continental U.S. (N=9) 
and all hurricane seasons over 1966-2012 with zero landfalls of hurricanes in the continental 
U.S. (N=13).  
 
 

 
 
Figure 3.21: Mean JASO 400-850 hPa steering flow vector and magnitude (contours) in the 
20CRv2, for the period 1900-2012. 
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Figure 3.22: Mean six-hourly motion vector and speed from IBTrACS for TCs that did not make 
landfall in the continental U.S. (top panel) and that did make landfall in the continental U.S.  
(bottom panel). Motion data covers the period 1966-2012 for TCs within 500 km with maximum 
sustained winds exceeding 17 ms-1. 
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Figure 3.23: Magnitude of difference in zonal (top panel) and meridional (bottom panel) mean 
JASO 400-850 hPa steering flow between all hurricane seasons over 1900-2012 with three or 
more continental U.S. hurricane landfalls (N=31) and all hurricane seasons over 1900-2012 with 
zero continental U.S. hurricane landfalls (N=25). 
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CHAPTER FOUR 

CONSTRUCTION AND PERFORMANCE OF THE LANDFALL 

DIAGNOSTIC INDEX 

 Chapter three demonstrated that interannual variance in U.S. hurricane landfall risk does 

have a relationship with the count of TCs that form annually in the Atlantic, but where those 

systems develop and subsequently move are more important to determining sensible outcomes. 

In this section, the findings from those lines of inquiry are applied to develop a statistical 

diagnostic model of U.S. hurricane landfall activity, the LDI. The methodological choices, model 

generation procedure, final form, and objective performance of the model in interannual, 

intraseasonal, and spatial terms are discussed in this chapter. 

 
4.1 Justification of Methodological Choices 

While statistical forecast models of upcoming seasonal U.S. hurricane landfall activity 

have previously been detailed in Lehmiller et al. [1997], Klotzbach and Gray [2003], Saunders 

and Lea [2005], Elsner and Jagger [2006] and others, the LDI is the first rigorous attempt to 

diagnose interannual TC landfall variance. The selected predictand remains the annual rate from 

which the count of hurricane landfalls on the continental U.S. coastline over the period 1900-

2012 (LFh) is drawn. This series only includes cases in which the interpolated IBTrACS 

circulation center crosses the coastline. The distribution of continental U.S. hurricane landfall 

events over 1900-2012 is shown in Figure 4.1. This figure shows that the Poisson distribution 

generated from the climatological mean of approximately 1.7 hurricane landfalls per season is a 

good match for the observed distribution of LFh. As in chapter three, this regression will 

maximize the model’s adjusted R2 value, which penalizes the model for including multiple 

terms, and will be run as a forward model for the purpose of computational efficiency due to the 
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large size of the set of potential predictors.  As shown in chapter two, the TCG notches the best 

performance in landfall terms, and this index is alone among the GIs in using a multiple stepwise 

Poisson regression methodology. The precise number of terms included in the LDI will be 

determined organically from model optimization, but a range of three to five predictors is 

indicated based prior similar studies. This is justified as a check against overfitting of the model 

to observations with the inclusion of excessive terms. 

As shown in chapters two and three, many of the oceanic and atmospheric indices that are 

commonly used as predictors in seasonal TC activity forecasts and diagnostic methods do not 

have a statistically significant relationship with the variance in TC landfall risk, even when used 

as potential predictors in a Poisson regression. Therefore, rather than incorporate climate indices 

such as the AMM, PDO, or MEI, this method will independently derive optimized relationships 

with LFh from three-dimensional historical ocean and atmospheric datasets, specifically the 

ERSST.v3b and 20CRv2 analyses, respectively. While TC-like features have been identified in 

the 20CRv1 in Emanuel [2010] and the 20CRv2 in Truchelut and Hart [2011] and Truchelut et 

al. [2013], this is the first use of the 20CRv2 in diagnosing seasonal TC activity in terms of 

either count or landfall. The inclusion of at least additional 48 years (1900-47) of rich climate 

data relative to other reanalyses and the assimilation of a stable set of surface-based 

observational inputs over the entire temporal domain, as described in section 1.3.1, mean that the 

20CRv2 is able to be used with confidence over the full extent of trustworthy U.S. landfall 

climatology. Thus, it is an apt choice for the development of the LDI.  

With the statistical form of the model and the source of atmospheric and oceanic 

historical data chosen, the next step in building the LDI is to select the fields that will constitute 

the set of potential predictors, from which the stepwise regression will then pick terms for 
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inclusion in the model. In general, the potential predictor set was made maximally broad, 

including as many fields as possible for which a physical argument could be plausibly made to 

connect it with interseasonal variability in LFh, while excluding non-physical relationships or 

fields for which the 20CRv2 is potentially unreliable. Table 4.1 shows the 259 potential fields 

selected, which are grouped by identifying characteristics and briefly described in terms of the 

layers included or calculation methods employed. The potential predictor set includes all the 

direct monthly mean output fields available for the 20CRv2, which are the vertical motion, zonal 

wind, and meridional wind fields indicated in sections 3.3 and 3.4 to potentially have durable 

relationships with LFh, as well as air temperature, geopotential height, and specific humidity 

fields. While the 20CRv2 has 24 vertical levels, the five layers above 100 hPa in these fields 

were excluded due to the underdetermined nature of the middle stratosphere and above generally 

found in reanalysis products [Emanuel, 2010]. Each of the direct output data types contributes a 

field for each level between 1000 and 100 hPa, or 114 of the 259 total potential predictors. 

In addition to the fields drawn directly from monthly mean 20CRv2 output, 145 more 

potential predictors were calculated. There were two distinct rationales for the inclusion of these 

fields in the set of potential predictors. First, any physical metric that was included as a predictor 

field in one of the GIs was calculated for both the field in the GI as well as a number of 

additional variants. Vertical wind shear was calculated for a total of 49 combinations of upper 

and lower levels, relative vorticity was calculated at all 19 vertical layers, and rSST, PI, NSD, 

SLP, and absolute 850 hPa clipped to the threshold value described in McGauley and Nolan 

[2011] were also included. For each of these terms, physical arguments linking the field to 

cyclogenesis or intensity-governing processes can be found in chapter one and the historical 

literature. This type of field constitutes 73 of the 259 total potential predictors.  
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A second reason for the addition of potential predictors is that the in-depth study of TC 

genesis and steering climatology in chapter three indicated that the field may have some 

explanatory power for interannual variance in LFh. Figures 3.21 through 3.23 clearly show the 

historical importance of patterns of steering wind in the western Atlantic, so several different 

fields were developed in an attempt to capture this relationship. First and most simply, layer 

thicknesses were calculated for the same 49 combinations of upper and lower levels for which 

vertical shear was computed, as thickness will reveal the locations of the large-scale ridges and 

troughing that broadly drive TC steering patterns in the Atlantic Basin. Second, noting that the 

zonal wind anomaly pattern in Figure 3.23 shows anomalously westerly winds in the tropics and 

anomalously easterly winds in the subtropics and mid-latitudes for active U.S. hurricane landfall 

seasons, it follows that the value of ∂u/∂y would also be anomalously negative in these years 

over the western Atlantic. This field, hereafter referred to for brevity as zonal shear vorticity, was 

therefore calculated for all 19 vertical levels in the 20CRv2 from 100 hPa and below. 

Additionally, these anomalous vorticity fields may interact with the β-drift observed across 

symmetrical TC vortices, modulating track in a way that could influence aggregated seasonal 

landfall risk [Hart and Evans, 1999]. This concept will be revisited in chapter six.  

While both of these parameterizations of TC steering flow, along with the zonal and 

meridional wind fields themselves, likely capture some information regarding TC interannual 

variability, none of them are localized with respect to the specific morphology of the Atlantic 

and continental U.S. landmass. For instance, as shown in Figure 3.23, in some areas an 

anomalously poleward meridional wind is more conducive to landfall potential, and in others the 

opposite is true. There is no single relationship that holds true between these fields and LFh 

across the entire Atlantic. Therefore, the third additional type of potential predictor field attempts 
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to “localize” the favorability of steering wind based on whether or not the local vector of the 

mean 400-850 hPa flow is directed towards the continental U.S. coastline. Informed by the use of 

six-hourly renanalysis data in McGauley and Nolan [2011], this coast-relative steering term was 

calculated as the percentage of six-hourly JASO time steps at each local Atlantic Basin gridpoint 

in the 20CRv2 for which the steering wind vector falls being vectors directed at the locally 

appropriate combination of Brownsville, Texas, Key West, Florida, and Cape Cod, 

Massachusetts. To account for the effects of β-drift on TC tracks integrated over time, the 

poleward shift in the mean TC motion vector was estimated from Smith [1993] to be: 

V
d
= 0.9r

m
V
m
β  , with β =

2Ω

R
E

cosφ .                   (11,12) 

At 20°N, and for estimates for a low-end hurricane of maximum sustained wind Vm, and Vm 

radius, rm, of 35ms-1 and 50 km, β-drift velocity Vd is approximately 1.25 ms-1. This motion 

correction was applied to each gridpoint in proportion to its distance to the U.S. coastline, to 

better account for the increased integrated influence of β-drift on TC track with distance from the 

U.S. coast. To account for a range of TC sizes and intensities, four varieties of coast-relative 

steering are calculated for values of Vd ranging from 0.5 to 2 ms-1. 

 The resulting proportion of six-hourly reanalysis timesteps for which β-corrected (1 ms-1) 

TC steering vectors are directed towards the U.S. coastline over a temporal domain of 1 July 

through 31 October, 1900-2012, is shown in Figure 4.2. In general, the coast-directed steering 

field resembles the area of statistically significant positive correlation between annual local ACE 

values and LFh in Figure 3.18. The maximum of approximately 0.75 in the northern Gulf of 

Mexico is reasonable given the proximity of U.S. coastline across a wide range of headings, and 

values realistically taper from west-to-east across the Atlantic Basin to around 0.25 in the eastern 

MDR. However, it appears that the swath of most favorable coast-directed steering is somewhat 
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too far north, with unrealistically low values in the Caribbean and along the axis of the Greater 

Antilles where Figure 3.18 shows strong positive correlation, and relatively high values in the 

northeastern MDR where there is no relationship between local ACE and LFh. This localized and 

granular perspective on idealized TC motion joins layer thickness and zonal shear vorticity 

among the final 72 fields added to the potential predictor set based on the results of chapter three. 

Finally, each of the potential predictor field monthly mean values are subsequently 

averaged temporally and spatially into 259 separate annual timeseries covering 1900-2012, 

which are then ready to be used as the set of potential predictors in a stepwise Poisson 

regression. Based on Figures 3.1 and 3.2, each annual value was calculated from an average of 

the fields’ JASO monthly means. Based on the regions of positive correlation between spatial 

ACE and LFh in Figure 3.18 and the locations of the strongest anomalous windfields in Figure 

3.23, an initial spatial domain of 90°-40°W, 10°-40°N is selected, with the potential for 

optimization later in the process. Spatial averaging is necessary in order to objectively fit 

coefficients to predictors of an annual timeseries like LFh, but this choice also reflects that some 

terms of the LDI will likely represent local effects while others, like steering terms, potentially 

will not. Additionally, as demonstrated by Swanson [2008], broad spatial and temporal averaging 

is a robust check against the contaminant of the predictor fields with the signatures of TCs 

themselves. Prior to averaging, a mask was applied to the potential predictor fields to remove 

gridpoints over land or the eastern Pacific Ocean, and a weighting term was applied to correct for 

the decreasing area of grid boxes with latitude. While due to the annualized predictand of the 

regression, LDI is not a primarily spatial GI, spatial fields for LDI are calculated in section 4.3.3. 

However, the primary objective of the LDI is to capture interannual and intraseasonal variance in 

LFh, the procedure for and results of which are the foci of sections 4.2 through 4.3.2. 
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4.2 Model Construction Procedure 

 With methodological choices justified in section 4.1, the 113-year series for the 259 

potential predictors were next regressed onto LFh, a process that will yield the final form of the 

LDI. However, simply allowing automated selection of terms from this set to maximize the 

adjusted R2 value results in model with an excessive number of predictors, no apparent physical 

rationale, and the potential for geometric error growth to wash out any potential diagnostic signal 

[Moore and Kleeman, 1996]. As the goal of LDI is to provide robust insight into the processes 

that influence aggregate TC landfall frequency in the continental U.S. and meaningfully capture 

interannual and intraseasonal variance in LFh, a hybrid model construction procedure is utilized.  

The workflow for this hybrid methodology is shown graphically in Figure 4.3. In this 

procedure, terms are added to the Poisson regression model one at a time and selected manually, 

based on a combination of objective measures of interannual and intraseasonal diagnostic power, 

and the physical and conceptual explicability of the potential predictor’s correlation coefficient. 

In the initial step, the terms are correlated directly with LFh; in subsequent steps, the fields are 

correlated with the residuals between the fitted response variable of the provisional LDI Poisson 

model and LFh. Between each the addition of each term, an intermediate step optimizes the 

explanatory power within the same type of predictor field by performing level differencing or 

averaging operations. The optimized term is then added to provisional LDI, generating a new set 

of residuals. After a term is added to the model, other levels and fields of a similar type are 

removed from the set of potential predictors, and the remaining predictors are regressed onto the 

residuals of the provisional LDI. The process ends when no potential predictors add significant 

interannual diagnostic power, intraseasonal fit, or conceptual rigor to the provisional LDI, which 

then becomes the finalized version of LDI. As a final step, the temporal and spatial domains of 
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the LDI are optimized in terms of diagnostic power from 12 total permutations of included 

monthly means and 324 permutations of latitude and longitude boundaries. 

 Figure 4.4 shows the maximum coefficient of determination within each type of potential 

predictor field at each of the eventual four steps of the LDI generation process. In step one, a 

term from the group of vertical motion predictors is selected, which has the single highest 

diagnostic power at around 22% of interannual variance in LFh explained. This broad temporal 

and spatial averaging of vertical motion is a reflection of the seasonal locations of transverse 

tropical and subtropical circulations [Julian and Chervin, 1978] that both act as a control on and 

are driven by global patterns of tropical convection [Held, 2011]. As the 20CRv2 is properly 

compensated and balanced in mass-flux terms over the domain of the reanalysis [Compo et al., 

2011], vertical motion is therefore a trustworthy environmental control on aggregate TC 

distribution when considered on a seasonal scale [Swanson, 2008]. This term is then optimized, 

and regressed onto LFh to yield a one-term provisional LDI. The remaining potential predictors 

are then regressed onto the provisional LDI residuals. Marginal explanatory power at steps two 

and three drops notably to less than 5% for all fields, but adding optimized terms to the 

provisional model from the meridional wind and shear vorticity predictor subsets add the 

maximum interannual predictive power to the provisional LDI, as well as outperforming the 

coast-relative steering fields at each step. After three iterations, the addition of rSST to the 

provisional LDI is shown on Figure 4.4 to add little marginal interannual diagnostic power, but is 

a justified addition on conceptual grounds as a stable, well-observed surface based field, as well 

as for the dramatic improvement in the intraseasonal fit of the LDI noted with its inclusion.  

With no further gains yielded from the remaining set of potential predictors, the final 

form of LDI is a four-term model including upper-level divergence (derived directly from 
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vertical motion: see section 4.3.1), meridional wind, zonal shear vorticity, and rSST terms. 

Figure 4.5 shows the evolution of the ordinary and adjusted R2 values for the LDI relative to 

interannual and intraseasonal variance in continental U.S. hurricane landfalls with the addition of 

each predictor term. These plots show that rSST adds very little additional interannual diagnostic 

power, with even a slight dip in the observed adjusted R2; however, the inclusion of rSST in the 

LDI results in a nearly 18% increase in observed intraseasonal diagnostic power over a three-

term model. As diagnosing both interannual and intraseasonal variability of U.S. hurricane 

landfalls are goals of this project, and better capturing seasonal variance increases confidence in 

the overall physical reliability of the model, the inclusion of rSST in the LDI is well-justified. 

Overall, LDI explains around 31.5% and 77% of raw interannual and intraseasonal variability, 

respectively, in the observed 1900-2012 record of continental U.S. hurricane landfalls, or 

roughly 30% and 75% on an adjusted basis. The precise form of each of the terms included in 

LDI and the performance of the model will be discussed in greater detail in section 4.3. 

 

4.3 Form and Performance of the Landfall Diagnostic Index 

4.3.1 Landfall Diagnostic Index Form and Constituent Terms  

 In accordance with the methodological assumptions detailed in section 4.1 and the 

procedure described in section 4.2 and shown in Figure 4.3, a four-term LDI is generated. The 

specific form of this diagnostic index is:  

  

LPI = exp[1.059 + 2.57∇h ⋅
 
v 250−100 −1.175v 650−500 − 0.487

∂u
∂y

1000

+ 0.305rSST],     (13) 

•   
∇

h
⋅
 
v 
250−100 is horizontal divergence between 250 and 100 hPa levels, in 10-6 s-1, 

•  v 
650−500 is meridional wind averaged over the 650, 600, 550, and 500 hPa levels, in ms-1,  
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• -∂u
∂y

1000

is the zonal shear vorticity at 1000 hPa, in 10-6 s-1, and  

• rSST is the relative SST in °C after the removal of the tropical mean (20°S-20°N) SST. 

Each of the terms is the JASO mean value of the field, calculated over 10°-38°N, 90°-40°W after 

the application of a spatial mask.  The precise values of the coefficients as well as standard errors 

are found in Table 4.2. Figure 4.6 shows the distribution of residuals between the fitted LDI 

response variable and the observed LFh is approximately normal, with absolute errors of less 

than one landfall event for over 50% of the diagnosed values, and less than 0.5 for over a third of 

the years. One analytical advantage of the Poisson regression model is that the coefficients of the 

terms reveal the sensitivity of the predictand to proportional changes in each physical predictor, 

with a change of one-hundredth of a term unit proportionally shifting the expected number of 

hurricane landfalls by 1%, all other term inputs held constant. As an example, increasing the 

mean JASO rSST over the spatial domain by 0.01°C results in a predicted increase in U.S. 

landfall count of around 0.3%, ceteris paribus.  

Using this feature of Poisson modeling, the relative sensitivity of the predictand to each 

of the four terms can be directly ascertained by normalizing the 113-year annual time series of 

each predictor and then repeating the stepwise Poisson regression with normalized input 

variables. This yields a normalized version of LDI, or LPIσ , of the form: 

          
LPIσ = exp[0.45 + 0.471∇h ⋅

 
v 250−100 − 0.217v 650−500 − 0.103

∂u
∂y

1000

+ 0.064rSST].            (14) 

This process reveals that the LDI-derived expected value of annual U.S. hurricane landfalls is 

most sensitive to variability-normalized changes in upper-level divergence, with a change in 

mean divergence of +0.01σ yielding an 0.47% predicted increase in the annual count of 

hurricane landfalls, holding all other predictors constant. This is approximately two, five, and 
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eight times the normalized sensitivity of expected landfalls to changes in mean meridional wind, 

zonal shear vorticity, and rSST, respectively. This hierarchy in response sensitivity is in 

agreement with the marginal diagnostic power added to the LDI by each of these terms found in 

Figure 4.4. Normalized LDI will be useful in testing the diagnostic methodology in datasets other 

than the 20CRv2 in chapter five. 

 Due to the hybrid model development procedure, in which objective measurements of 

diagnostic power were fused with the conceptual insight and rigor added by manual selection of 

the LDI terms, each of the four predictor fields is closely tied to physical processes that develop, 

steer, and regulate the intensity of TCs in the Atlantic Basin. While chapter six contains more 

extensive conceptual interpretation of each of the terms as well as the model as a whole, the 

rationale of the final form for each of the constituent predictors of the LDI is given here.  

The first term included in the LDI is   ∇h
⋅
 
v 
250−100, the mean JASO upper-level horizontal 

divergence between 250 hPa and 100 hPa over 10°-38°N, 90°-40°W. This term was derived from 

20CRv2 vertical motion fields, in which the highest diagnostic power for LFh of any single 

potential predictor was notched at the 250 hPa level, ω250. This level is roughly at the height of 

the maximum anomalous heating in a mature hurricane [Kidder et al., 2000], or deep tropical 

convection generally. The sign of the correlation coefficient is negative indicating a relationship 

between aggregate upward vertical motion and increased hurricane landfall frequency. However, 

the coefficient of determination for vertical motion at 100 hPa, ω100, was also significant. Even 

in the deep tropics, this level is likely to be above the height of the tropopause [Held, 1982], so it 

is physically consistent that the correlation coefficient between ω100 and LFh is positive. With the 

Boussinesq approximation, the continuity equation is expressed in vertical motion terms as: 

      
∂u

∂x
+
∂v

∂y
+
∂ω

∂p
= 0, or after rearrangement of terms and simplifying, 

  

∇h ⋅
 
v = −

∂ω

∂p
. (15,16) 
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The value of −
∂ω

∂p
 can be estimated from the ω250 and ω100 fields in the 20CRv2 as: 

                                            

  

−
ω
250
−ω

100

250hPa −100hPa
≈ −

∂ω

∂p
250−100

=∇h ⋅
 
v 
250−100

.              (17) 

Therefore, the mean horizontal divergence in s-1 of the 250 hPa to 100 hPa layer,   ∇h
⋅
 
v 
250−100, can 

be computed from the vertical motion fields at the column top and bottom, divided by the 

thickness of the layer. Performing this calculation and then repeating the Poisson regression onto 

LFh showed superior diagnostic power for   ∇h
⋅
 
v 
250−100 relative to the individual level vertical 

motion fields. As shown above in equation (14), LDI demonstrated the greatest normalized 

sensitivity to this predictor, as in absolute terms an increase in mean upper level divergence of 

10-6 s-1 results in an expected increase in U.S. hurricane landfall count of approximately 2.57%. 

 The second term included in the LDI is the average meridional wind between over the 

650, 600, 550, and 500 hPa levels in the 20CRv2, v 
650−500. The explanatory power of all four of 

these individual levels when regressed onto the step one provisional LDI residuals were mutually 

the highest among the remaining potential predictors and were very close to equal, with 

uniformly negative correlation coefficients. Averaging the meridional winds over these levels 

resulted in a slightly higher coefficient of determination than that achieved by any of the 

individual levels, so v 
650−500 was selected as an LDI predictor term. In accordance with Figure 

3.23, decreasing the mean poleward JASO v 
650−500 over the spatial domain by one ms-1 results in 

a predicted increase in landfall activity of 1.18%, as seen in equation (14). 

 The third and fourth terms included in the final version of LDI were single fields directly 

from the set of potential predictors, zonal shear vorticity at 1000 hPa, and rSST. In the case of 

the former, differencing and averaging operations involving other levels of shear vorticity did not 

improve the diagnostic power of the field; in the case of rSST, these optimizations were not 
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attempted, as there was no clear physical rationale for involving another predictor. Zonal shear 

vorticity has a negative correlation coefficient with LFh as indicated by the top panel of Figure 

3.23, with an expected decrease of roughly 0.5% in U.S. hurricane landfalls for each increase in 

mean shear vorticity of 10-6 s-1 over the domain.  

4.3.2 Model Performance on Interannual and Intraseasonal Scales 

 With the final composition of the LDI determined, the performance of the index on 

interannual and intraseasonal scales can be fully assessed. Figure 4.7 plots the annual expected 

value of U.S. hurricane landfall counts from the LDI and the historical record of continental U.S. 

hurricane landfall over 1900-2012. In general, this figure shows that the LDI is able to 

successfully capture a notable portion of the interannual variance of LFh, consistently showing 

skill in diagnosing variability over the full scope of the temporal domain. While the expected 

count of landfalls seldom is below one or above three, as compared to the range of zero to six 

hurricane impacts observed, the LDI typically is able to correctly sort hurricane seasons into less 

active than normal, near normal, or more active than normal terciles. Tables 4.3 and 4.4 show the 

values of the LDI fitted response variable and observed hurricane landfalls for the top and 

bottom 10% of LDI values. These tables show that the index is able to accurately diagnose 

increased landfall activity in hyperactive seasons like 1926, 2004, and 2005, with the mean value 

of the response variable in the upper decile approximately twice the overall mean, in-line with 

observations. The LDI also correctly diagnoses below average seasons, with the fitted response 

mean of the lowest decile less than half of the period average, accurately capturing the 

diminished landfall risk in a set of seasons averaging fewer than 0.7 hurricane landfalls per year. 

The model performance in individual years can be seen more clearly in Figure 4.8, which 

is a scatterplot of the LDI prediction for annual hurricane landfalls against observed values over 
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the full 113-year historical record. The stratification of the observed values by broad ranges of 

LDI expected values is apparent; for instance, in years in which two landfalls are observed, the 

model mostly diagnoses an expected value of between one and 2.5 hurricane impacts. The model 

is able to explain an adjusted 29% of the observed variance in LFh and notches a p-value relative 

to a mean climatology prediction per a Wilcoxon sign-rank test [Wilks, 2006] of much less than 

0.001. As hurricane landfalls are relatively rare events, and chance, noise, and smaller-scale 

processes also affect observed hurricane landfall counts, this degree of diagnostic power from 

reanalysis likely indicates significant skill in capturing much of the proportion of interannual 

variance in LFh that is attributable to large-scale climate and steering processes. 

 Figure 4.9 shows the mean monthly value of LDI, averaged over 1900-2012, as compared 

to the total number of U.S. hurricane landfalls observed during each month over the same period, 

with Figure 4.10 containing this same data in scatterplot form. These figures show that despite 

the coefficients of the LDI terms having been calculated from a Poisson regression of the JASO 

means of the constituent predictor fields into LFh, the LDI nevertheless captures the broad 

features of intraseasonal climatology effectively when these coefficients are used to compute 

monthly index values over the whole year. As in observed hurricane climatology, the peak mean 

value of LDI is recorded in September, with a realistically inactive period stretching from 

December into May. However, in Figure 4.10, the LDI appears to have somewhat of a temporal 

lag during the core of the hurricane season, underpredicting aggregate July and August landfalls 

and somewhat overpredicting September and October. Still, a highly statistically significant 74% 

of the intraseasonal variance in monthly U.S. hurricane landfall counts is captured which is 

notable considering the constituent steering terms of LDI, do not have well-defined seasonal 

cycles resembling that of TCs over the spatial domain. The strong relationship between LDI and 
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monthly landfall totals is a fulfillment of the project goals, in which more focus was placed on 

explaining the causes of interannual variance than the seasonal cycle.  

4.3.3 Spatial Congruity of Localized LDI Values with Climatology 

While the goal of the development of the LDI is to offer insights into the causes, nature, 

and large-scale relationships of interannual and intraseasonal variance in the historical record of 

contintental U.S. hurricane landfalls, confidence in the physical durability of the method will be 

enhanced if the resulting metric also qualitatively resembles the general morphology of 

climatological TC tracks. As the diagnostic index includes predictors meant to parameterize 

large-scale patterns of TC steering, in order to meaningfully assess the spatial performance of the 

LDI, the predictors are split into two groups. The first group, upper-level divergence and rSST, 

are the terms that can be reasonably expected to influence the thermodynamics and circulation of 

individual TCs within a local environment. The second subset, meridional wind and zonal shear 

vorticity, are terms that capture patterns influencing where TCs develop and move in the 

aggregate, but do not exercise local control over TCs in the manner of a constituent component 

of one of the GIs. For this reason, the monthly mean local value of LDI at each gridpoint will be 

calculated using the monthly mean local values of upper-level divergence and rSST, but the LDI 

spatial domain average values for meridional wind and zonal shear vorticity.  

Using this modified process, the local monthly mean LDI values were calculated for all 

1900-2012 July, August, September, and October non-masked gridpoints, from 102°-4°W and 

0°-40°N, for a total of 732 points by 452 months. With no physical full Atlantic spatial metric for 

hurricane landfalls, of interest is simply whether the relative value of the index is elevated in 

regions where TCs typically develop and move, especially those en route to the continental U.S. 

coastline.  Figure 4.11 plots the percentage of the monthly local LDI values at each gridpoint that 
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exceed a threshold of e1.059, or about 2.885. This is the value of the intercept term in the LDI as 

shown in (13), and thus measures whether the cumulative local contribution of the predictor 

terms to the LDI is positive or negative. The figure shows that the regions over which the 

predictor terms are more frequently positive corresponds roughly to a superposition of the 

regions Atlantic TCs develop, as shown in Figure 3.13, and their aggregate tracks, as shown in 

Figure 3.17. The MDR is readily apparent, and other local maxima in the local LDI are found in 

the western Caribbean Sea and off the southeastern U.S. coastline. Notably, local LDI value is 

reduced relative to historical track density in the central subtropical Atlantic, a location where 

TCs are common but from which very few subsequently make U.S. landfall. This result increases 

confidence that the LDI has selected terms that are not only physically related to TC genesis and 

intensification processes, but are the predictors best-suited to discriminating interannual variance 

in LFh. Local LDI is necessarily an imperfect concept, but to first-order, it is able to qualitatively 

diagnose regions over which landfalling TCs preferentially develop and move.  

  Chapter four has rigorously detailed and justified the process through which the LDI 

diagnostic metric of interannual and intraseasonal variance in U.S. hurricane landfall count is 

constructed, as well as describing the origin of and sensitivity of the LDI to each of the four 

included predictor terms. While initial results showing the LDI’s success in capturing 

interannual, intraseasonal, and even spatial variance in historical landfall climatology were 

presented, these measures were mostly relative to in-sample tests susceptible to potential 

overfitting of the model to the predictand values. For this reason, chapter five will verify the 

utility of the LDI by statistically comparing its performance with a battery of other techniques, 

including out-of-sample cross-validation and alternate dataset tests that will probe the utility and 

general applicability of the LDI as a diagnostic index. 
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Table 4.1: Set of potential predictor fields for LFh investigated for use in LDI 
 

Potential predictor 
Number of 

variants 
Layers or variants 

Vertical  
shear 

49 
All permutations of [200, 250, 300, 350, 400, 450, 
500 hPa] - [550, 600, 650, 700, 750, 800, 850 hPa] 

Layer  
thickness 

49 
All permutations of [200, 250, 300, 350, 400, 450, 
500 hPa] - [550, 600, 650, 700, 750, 800, 850 hPa] 

Relative  
vorticity 

19 Each layer between [1000 and 100 hPa] 

Shear  
vorticity 

19 Each layer between [1000 and 100 hPa] 

Zonal  
wind 

19 Each layer between [1000 and 100 hPa] 

Meridional  
wind 

19 Each layer between [1000 and 100 hPa] 

Air  
temperature 

19 Each layer between [1000 and 100 hPa] 

Geopotential  
height 

19 Each layer between [1000 and 100 hPa] 

Specific  
humidity 

19 Each layer between [1000 and 100 hPa] 

Vertical  
motion 

19 Each layer between [1000 and 100 hPa] 

Coast-relative  
steering 

4 Calculated with β-values of = [0.5, 1, 1.5, 2] ms-1 

Relative  
SST 

1 Tropical mean SST calculated over 20°S-20°N 

Potential  
Intensity 

1 As in Bister and Emanuel [1998], Emanuel [2004] 

Net saturation  
depression 

1 As in McGauley and Nolan [2012] 

Sea-level  
pressure 

1 Surface layer 

Clipped absolute 
vorticity 

1 At 850 hPa, as in Tippett et al. [2011] 

 

 

Table 4.2: Estimated coefficients and error statistics of the LDI diagnostic model 
 

Predictor Coefficient estimate Standard error t-statistic p-value 

Upper-level divergence 2.5672 0.47306 5.4267 < 0.001 

Meridional wind -1.1752 0.47557 -2.4718 0.0134 

Zonal shear vorticity -0.5168 0.3871 -1.3352 0.1818 

Relative SST 0.30537 0.37004 0.82522 0.4093 
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Table 4.3: Continental U.S. landfall activity for the upper decile of annual LDI values 
 

Hurricane  
season 

LDI  
response 

Observed U.S.  
hurricane landfalls 

1906 4.14 4 

1926 3.64 4 

1916 3.58 4 

1915 3.53 4 

1964 3.36 4 

1947 3.33 4 

2005 3.24 6 

2004 3.23 6 

1948 3.15 3 

1908 2.98 1 

1955 2.92 3 

Upper decile 
mean 

3.37 3.91 

1900-2012 
average 

1.73 1.73 

 

 

Table 4.4: Continental U.S. landfall activity for the lower decile of annual LDI values 
 

Hurricane  
season 

LDI  
response 

Observed U.S.  
hurricane landfalls 

1994 0.46 0 

1925 0.71 0 

1991 0.73 1 

1922 0.74 0 

1982 0.85 0 

1974 0.88 1 

1914 0.90 0 

1992 0.91 2 

2009 0.93 0 

1957 0.93 1 

1940 0.94 2 

Lower decile 
mean 

0.82 0.64 

1900-2012 
average 

1.73 1.73 
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Figure 4.1: The distribution of annual continental U.S. hurricane landfall counts, 1900-2012, 
with the ideal Poisson distribution for λ =1.725, the mean number of annual landfalls. 

 
 

Figure 4.2: The proportion of JASO six-hourly observations for which the β-corrected mean 400-

850 hPa steering layer is directed at the contential U.S. coast, over the period 1900-2012 in the 
20CRv2. The value of the β correction is a 1 ms-1 poleward adjustment to the observed vector, 

multiplied by an estimate of the amount of time it would take a TC to reach the U.S. coastline 
from that point based on climatological steering winds. 
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Figure 4.3: Flow chart depicting the hybrid manual-automated methodological procedure used to 
construct the LDI from the set of potential predictor annual timeseries. Steps in blue indicate 
those included in initial and term addition loops; steps in red are used to finalize model in the last 
iteration.  

Individually regress potential 
predictors into LFh or provisional 

LDI model residuals!

Manually review results to determine which 
potential predictor has strongest explanatory 

power and conceptual interpretation!

If potential predictor is compelling, generate an 
included predictor term by optimizing field with 

layer averaging or differencing!

Perform stepwise Poisson regression from set 
of included terms to generate provisional LDI 

model; return to step one.!

If no field merits inclusion, 
previous provisional LDI 

becomes final predictor set!

Optimize spatial 
and temporal 

window!
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Figure 4.4: Maximum coefficients of determination within each subset of the LDI potential 
predictors listed in Table 4.1. Predictors selected for inclusion in LDI are in red and listed in 
order of addition to the stepwise model. Coefficients of determination are with respect to LFh 
initially, and subsequently the Poisson model residuals at each step of the regression. 
 
   

 
 
Figure 4.5: Cumulative ordinary and adjusted coefficients of determination for each intermediate 
step in the development of the LDI. At left, the coefficients are calculated relative to the 
interannual variance of LFh, while at right, relative to the intraseasonal variance.   
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Figure 4.6: Distribution of the residuals of the LDI model relative to continental U.S. hurricane 
landfall counts over 1900-2012, with a bin size of 0.5. 
 

 

 
 
Figure 4.7: Interannual variability of the LDI, in red, as compared to the historical record of 
continental U.S. hurricane landfall, in black, over the years 1900-2012. 
 

 

 
 
Figure 4.8: Scatterplot of the interannual series of LDI and U.S. hurricane landfall count over 
1900-2012, with a log-linear line of best fit and model statistics. 
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Figure 4.9: Interseasonal variability of the LDI, in red, as compared to the historical record of 
continental U.S. hurricane landfall, in black, averaged for the seasonal cycle over 1900-2012. 
 

 

 
 
Figure 4.10: Scatterplot of the interannual series of LDI and U.S. hurricane landfall count over 
1900-2012, with a log-linear line of best fit and model statistics. 
 
 

 
 
Figure 4.11: The percentage of monthly values of localized LDI exceeding exp(1), calculated for 
JASO over 1900-2012 (N=452), with spatial domain of the LDI constituent fields in red. 
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CHAPTER FIVE 
 

VERIFICATION OF THE LANDFALL DIAGNOSTIC INDEX 

While the construction procedure, form, and performance of the LDI were described in 

detail in chapter four, it remains for the performance of the model to be thoroughly compared 

with other measures of diagnostic skill. In this chapter, the descriptive power of the LDI 

methodology will be thoroughly validated in statistical terms, assessing both internal and 

external measures of goodness-of-fit in order to demonstrate the procedural validity and 

usefulness of the model. 

 
5.1 Measures of Internal Variance 

While Figure 4.6 showed qualitatively that the residuals between the LDI’s fitted 

response variable and LFh were approximately normally distributed, the internal variance of the 

residuals bears additional scrutiny to ensure that the form of the LDI is well-suited to the 

predictand and that the diagnostic power for most of the elements in the response variable is not 

merely an artifact of overfitting. Figure 5.1 shows the annual series of LDI residuals. As apparent 

from the figure, there is no significant linear trend in the residuals over 1900-2012, although an 

increase in variance is observed in the second half of the domain, increasing from 1.10 in 1900-

1956 to 1.26 in 1957-2012. It is also notable that many of the years with the largest residuals are 

in the last three decades, in particular cases in which the LDI diagnosed fewer storms than were 

observed, such as 1985, 2004, and 2005. 

The satisfactory distribution of the LDI residuals is confirmed by Figure 5.2, which is a 

normal probability plot of the residuals of the response variable against their theoretical quantile, 

assuming that the underlying data is normally distributed [Filliben, 1975]. If this assumption 

holds, the observations should fall along the dashed straight line stretching from the lower left to 
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the upper right corners of the probability plot. In fact, the set of LDI residuals does obey this 

relationship quite closely, especially for residuals between -2 and +1.5. The bending of the curve 

below the idealized quantiles for extreme values is indicative of a longer right tail than left tail in 

the distribution of the residuals, which is also noted in Figure 4.6. This is explicable in terms of 

the phenomenon being diagnosed, as annual hurricane landfalls do not have a defined upper limit 

but cannot fall below than zero. Nevertheless, the placement of most observed values along the 

dashed line validates the assumption of normal distribution of the residuals, meaning the choice 

of a Poisson regression as the form of the LDI and the selection of divergence, meridional wind, 

shear vorticity, and rSST as the included predictors are statistically well-justified. 

An additional internal measurement of the statistical validity of the LDI is leverage, 

which is the extent to which the model’s diagnosis of each year’s hurricane landfall count is 

determined by its own inclusion in the regression, vis-à-vis information provided by the other 

years in the dataset. If the leverage of many observations is high, it may indicate that the model 

is not offering robust insight, but rather is excessively tuned to the precise data used in the 

regression. Figure 5.3 shows a Cook’s distance factorization plot for the LDI-predicted hurricane 

landfall counts, with leverage plotted on the ordinate, residual on the abscissa, and Cook’s 

distance, an aggregate measure of the influence of each observation [Cook, 1977], in contours. 

This figure shows that the leverage of most years is less than 0.05, which means under 5% of the 

input into the year’s expected landfall value is reflexive. The remainder of the leverage values 

range up to 0.13, but the small residuals for these observations mean they do not have an 

inordinate influence on the model coefficients, as measured by Cook’s distance.  

The only true outlier found in the LFh is 1985, in which the large residual and high 

leverage mean that this year disproportionately influences the final form of the model. The tracks 
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and intensity of TCs in the 1985 hurricane season are shown in Figure 5.4. This plot confirms 

that from a historical perspective, 1985 was extraordinarily active in U.S. hurricane landfall 

terms (six) given the overall count of Atlantic TCs (eleven). As shown in Figure 3.6, this 

“efficiency” of converting TCs into U.S. hurricane landfalls, whether due to chance, 

environmental forcing, or likely some combination of the two, is distinctive over the temporal 

domain. Overall, while the inclusion of 1985 in the model skews the coefficients of the LDI per 

Cook’s distance, there is no compelling physical argument to reject the observation outright, and 

indeed as the strongest example of the potential divergence between count and landfall 

predictability, it likely adds information to the statistical model. In general, the normal 

distribution of the residuals, low overall leverage values, and scarcity of influential outliers 

increase confidence in the goodness-of-fit of the LDI. 

 

5.2 Documentation of the Performance Baselines 

  With the encouraging behavior of the internal variance of the model established, the next 

step in demonstrating the general applicability of the LDI is to compare its performance with that 

of alternate techniques by which interannual variance in LFh may be diagnosed. In total, six 

baseline diagnostic methodologies are recruited for this purpose. These methods are described 

individually in section 5.2, and subsequently tested against several variants of LDI in section 5.4.  

5.2.1 Purely Climatological Baselines 

 The simplest way to diagnose U.S. hurricane landfall activity in any particular year is to 

inform the prediction with aggregated knowledge of what has happened in previous years, 

without respect to environmental conditions. This method is analogous to the SHIFOR [Jarvinen 

and Neumann, 1979; Knaff et al., 2003] and CLIPER [Neumann, 1972; Aberson, 1998] 
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climatological prediction methods for the intensity and track, respectively, of individual TCs. 

Three of the six baseline diagnostic techniques against which the performance of the LDI is 

measured are constructed in this manner from the historical record. The first of these methods is 

to simply predict a count of annual hurricane landfalls equal to the mean value observed in the 

historical record. With 195 total hurricane landfall events over 113 years, this equates to a 

projection of 1.7257 hurricane landfalls per year, each year. The climatological mean series 

explains no interannual variance due to its constant value, but it does yield a no-knowledge MSE 

and set of baseline residuals against which LDI variant performance can be measured. 

 A second, slightly more sophisticated application of climatology is to construct a simple 

model of annual U.S. hurricane landfalls based on the linear trend present in the historical data. 

To accomplish this, a slope and intercept were retrieved from a simple linear regression of 

observation year onto LFh, yielding a predicted value for each season. Over the 113-year domain, 

the slope of the historical record is very slightly negative, declining about one two-hundredth of 

a hurricane landfall each year. However, this slope is not significantly different from zero, so 

statistically there is no trend in the data, which is in-line with the conclusions of Landsea [2007]. 

Thus, the linear model is also likely to explain little of the observed variance in LFh. 

 Finally, as some measures of TC activity, such as count, demonstrate semi-predictable 

variance on decadal scales [Kerr, 2000], the potential diagnostic power of proximate landfall 

history is explored by constructing a baseline from trailing averages. Figure 5.5 shows the root 

MSEs and 95% confidence intervals for trailing average models with window lengths ranging 

from one to 110 years. The number of predictions given by the trailing average model steadily 

decreases as the window size increases, accounting for the increasing size of the confidence 

interval from left to right in Figure 5.5. As the plot shows root MSEs level out just below 1.5 
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hurricane landfalls per year, in a manner analogous to the Optimum Climate Normal derivation 

process [Livezey et al., 2007] the length of the climatological window is set to ten years in order 

to maximize the number of clean predictions. The predictions for 1900-1909 in the optimum 

climatology method are filled by taking the maximum length trailing average for that year, with 

predictions after 1909 taken from the mean number of U.S. landfalls in the preceding ten years. 

 The mean, linear trend, and ten-year trailing average climatological baselines are plotted 

on Figures 5.6 as dotted, dashed, and solid black lines, respectively, over 1900-2012. While the 

mean value is constant over the period, the linear trend model declines from two to around 1.5 

landfalls per year in the domain, and the ten-year moving average varies between predictions of 

around one to 2.5 annual U.S. hurricane strikes. These same methods are also plotted over the 

second half of the temporal domain, 1957-2012, in Figure 5.7. In both these figures, even the 

optimized measure of climatology qualitatively appears to capture little of the observed 

interannual variance in LFh (plotted in gray). These relationships will be formally quantified and 

compared with LDI model performance in section 5.4 to diagnose the skill of the LDI. 

5.2.2 Genesis Index Baseline 

 As shown in Table 2.2, the fidelity of the set of extant GIs in diagnosing interannual 

variance in LFh was generally poor, with none of the annual index values having a statistically 

significant relationship with the annual count of U.S. landfalls. Of the five GIs, the best 

performer was the TCG index [Tippett et al., 2011], which was also the only method to employ a 

Poisson regression to objectively determine the model coefficients. To represent the maximum 

diagnostic power among existing GIs, the annual JASO mean TCG index series calculated in 

section 2.3 was regressed onto LFh, giving the expected value of hurricane landfalls over 1900-

2012. As shown in blue in Figures 5.6 and 5.7, these TCG-derived values show relatively little 
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variance about the climatological mean over the domain, and upon visual inspection, the series 

does not appear to be covarying notably with the observed record. 

5.2.3 Climate Index Regression Model Baselines 

 One of the most common techniques used to predict aggregate TC annual outcomes is to 

formulate a regression model using the set of readily available climate indices as predictors. 

While this method is mostly used to predict or diagnose TC counts, as in Landsea et al. [1994], 

Klotzbach and Gray [2003], and Davis et al. [2015], it is equally applicable to diagnosing counts 

of annual U.S. hurricane landfall events.  

 Two separate climate index regression models are constructed as baselines against which 

to measure the LDI’s performance. The first covers the full temporal domain, 1900-2012, over 

which a very limited set of climate indices is available. The three potential predictors for this 

model were extended MEI [Wolter and Timlin, 2011], AMO [Enfield et al., 2001], and station-

based NAO [Jones et al., 1997]. A Poisson regression of the annual JASO averages for these 

indices onto LFh, selected AMO and MEI for inclusion in the model, with the former accounting 

for the majority of the interannual variance explained. The annual expected values for this 

extended climate index model are plotted in green on Figure 5.6. The AMO/MEI model 

diagnosed values show a greater response variable range than any of the climatological baselines 

or TCG, and even capture some of the more active landfall seasons of the 1950s. However, this 

technique often incorrectly diagnoses activity as above or below average, and does not show any 

uptick in expected landfall activity in the most active years of 1985, 2004, and 2005. 

 Most of the timeseries of common climate indices do not begin until 1950 [ESRL, 2015], 

and as these indices are those most closely linked to TC activity in the literature, it is therefore 

useful to derive a separate climate index model for the second half of the historical record, 1957-
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2012. The six indices included in this regression are the AMM, MEI, QBO, NAO, PDO, and 

PNA, which are described fully in section 3.2. Repeating the process detailed there yields a two-

predictor climate index model consisting of AMM and PDO annual values averaged over JASO, 

of which the AMM is the best performing individual term as in Figure 3.11. Shown on Figure 5.7 

plotted in green, the AMM/PDO model is qualitatively able to better capture interannual variance 

in U.S. hurricane landfall count over 1957-2012 than any of the baseline models yet described, 

correctly diagnosing a number of specific inactive and active years, at least in broad terms. 

Based on a cursory look at the data, as it includes terms with bearing on both TC counts and 

aggregate steering patterns [Vimont and Kossin, 2007], the AMM/PDO baseline will be a 

formidable standard of performance for the LDI variants to meet. 

5.2.4 TC Count Baseline 

 Finally, as in Figures 3.3 and 3.4, the count of all TCs occurring in the Atlantic basin 

within each calendar year serves as the basis of the final baseline model. As with the climate 

indices, two separate models will be generated by Poisson regression from this data. The first 

regresses TC count onto U.S. hurricane landfall strikes over the aircraft reconnaissance era years 

of 1957-2012, meaning it is likely that most extant TCs were observed [Vecchi and Knutson, 

2011]; the second model does the same using less reliable annual TC counts extending back to 

1900, over the first half of which it is possible that one to two TCs per years are missing from the 

climatological record [Landsea et al., 2010], as further demonstrated by Truchelut et al. [2013].  

Despite this observational uncertainty, using TC counts remains a powerful predictor 

from a conceptual standpoint, as Atlantic TCs are a necessary but not sufficient condition for 

U.S. hurricane landfalls. Any methodology that is able to outperform the diagnostic power of TC 

count would have to do so by adding information relating to TC steering, genesis location, or 
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intensification processes, which would offer insight into the governing processes that influence 

interannual variance in TC risk. The extended and reconnaissance era TC count model expected 

values for U.S. hurricane landfalls are shown in Figure 5.6 and 5.7, respectively, in red. In Figure 

5.6, extended TC count clearly is the superior diagnostic methodology to the climatology, TCG, 

and climate index methods, appearing to have notable skill. In Figure 3.8, by inspection, it 

performs comparably to the AMM/PDO model, reinforcing that TC count will be a relatively 

difficult performance threshold for a diagnostic model to meet.  

 

5.3 Descriptions and Construction of the Variants of LDI  

 This section will describe the variants of LDI that will be subjected to statistical 

validation against the baselines detailed in section 5.2. These four measures have been chosen to 

demonstrate that the utility of LDI as diagnostic index is physically meaningful and not simply 

an artifact of statistical overfitting or model tuning. The variants will do so by showing general 

applicability of the LDI in a variety of calculation methods and across disparate datasets. 

5.3.1 Full and Out-of-sample LDI 

 The first of these variants is simply the full LDI model as derived in section 4.2 and 

explained in section 4.3.1. The expected value of annual U.S. hurricane impacts diagnosed by the 

LDI can be found in Figures 4.7 and 4.8, in which the model shows significant explanatory 

power for the interannual variance of landfalls. However, despite the careful model construction 

methodology, which prioritized conceptual insight and physical reasoning above raw diagnostic 

power, the full LDI is nevertheless an in-sample model. This means that model performance is 

artificially increased by the Poisson regression having knowledge of the “correct” value for each 

prediction as the model coefficients are being optimized. While Figure 5.3 shows that the extent 
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to which each year’s expected value is determined by its own observation is generally less than 

5%, in-sample predictions by definition make the extent of the LDI’s diagnostic power uncertain. 

 To address this limitation directly, a second version of LDI is constructed for which 

absolutely no information from the year of landfall activity being diagnosed is made available to 

the model. The four physical predictors of this out-of-sample LDI remain the same as for the full, 

in-sample LDI, but the environmental and landfall count observations for the year being 

predicted are removed and the Poisson regression is run for the remaining 112-year series. The 

calculated values of the coefficients are then applied for the predictor values of the held-out year, 

yielding an expected landfall value. While the coefficients are not fixed between the iterations of 

the out-of-sample models, the values generally change less than 10% from the full LDI 

coefficients shown in section 4.3. This process is repeated for all 113 years in LFh, resulting in 

the exogenous series of predicted landfall counts over 1900-2012 shown in Figure 5.8. Visual 

inspection shows fidelity to the historical record and a close resemblance to the in-sample 

predictions in Figure 4.7, with few evident changes in expected hurricane landfall counts. This 

stability of the out-of-sample LDI performance is an encouraging indication that the diagnostic 

power of the LDI does not arise from overfitting, further confirming the results of Figure 5.3. 

5.3.2 “TC-removed” Variant of LDI  

 Another potentially confounding consideration is that rather than capturing variance in 

the large-scale processes that influence TC development and steering, the diagnostic power of 

the LDI originates from being tuned to the TC signatures in the 20CR themselves, an idea 

discussed at length in Swanson [2008]. It should be noted that the construction procedure of the 

model contains numerous protections against this, such as including averaging the environmental 

predictor values over a four-month period and broad spatial domain in order to moderate extreme 
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local values, and including terms like mean meridional wind that are little influenced by 

individual TCs. However, quantifying the contribution of TC signatures in the 20CRv2 to the 

LDI predictors will nevertheless increase confidence in the integrity of the final results.  

For this reason, annual series for each of the LDI predictors were constructed that attempt 

to remove the influence of individual TCs. Using six-hourly IBTrACS positions of TCs with 

maximum sustained winds exceeding 17 ms-1, all predictor values within 500 km of the gridpoint 

nearest to the center of circulation were replaced with climatological mean values in six-hourly 

20CRv2 data. These six-hourly reanalysis fields were subsequently summed and averaged over 

the 1 July through 31 October period and LDI spatial domain to create “TC-removed” annual 

series for each predictor. These series were normalized and plugged into the LDIσ formulation 

shown in equation (14) to yield an annual diagnosis of U.S. hurricane landfall count.  

There are several drawbacks to this approach, including the likely errors and 

incompleteness of the historical track record prior to satellites and reconnaissance aircraft, and 

the fact that removing the rising vertical motion associated with the TC but not the remote 

peripheral subsidence elsewhere in the spatial domain results in an uncompensated field from a 

mass-balance perspective, as shown by Schenkel and Hart [2011] and Hart et al. [2008]. This 

second consideration is problematic as it may result in an undue penalty for elevated TC activity 

in the mean upper-level divergence field by equations (15-17). The data replacement radius was 

kept fairly tight about the center of circulation to minimize this mass imbalance. Figure 5.8 

shows the expected U.S. landfall counts calculated by the TC-removed variant of LDI compared 

with observed climatology. This series still shows significant interannual variability and 

resembles the in-sample LDI predictions from Figure 4.7, albeit with notably reduced response 

variable values in some of the more active hurricane seasons.   
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5.3.3 NCEP/NCAR Reanalysis Variant of LDI 

 The final variant of LDI tests the applicability of the methodology in other datasets than 

the 20CRv2 by calculating expected landfall counts using predictor values calculated from the 

NCEP/NCAR Reanalysis [Kalnay et al., 1996]. NCEP/NCAR is selected for this purpose as it 

has the longest temporal domain of any of the reanalyses described in section 1.3.1, beginning in 

1948. However, due to known inaccuracies in the first decade of the NCEP/NCAR reanalysis 

[Bromwich and Fogt, 2004], the domain for this test will be limited to the second half of LFh, 

1957-2012. Even compensating for this weakness, the NCEP/NCAR reanalysis is likely on 

average more accurate than the 20CRv2 due to the increase in the types of observations 

assimilated into the model, even if the approach is not homogenous over the temporal domain. 

As the vertical and horizontal resolution of the NCEP/NCAR reanalysis is slightly coarser than 

20CRv2, in some cases calculating the NCEP/NCAR predictor fields involved substituting the 

nearest available level or gridpoint for the specific formulation of LDI used in the full model.  

 With these substitutions and modifications, the annual series predictor fields were 

calculated over JASO, normalized, and plugged into LDIσ, with the resulting expected landfall 

values shown in Figure 5.11. While still showing notable success in active years such as 1995 

and 2005, the overall appearance of the NCEP/NCAR LDI response variable is noisier than the 

other LDI variants. This is likely due to the increased degrees of freedom from multiple sources 

of observational data in the NCEP/NCAR reanalysis compared to the 20CRv2, as well as due to 

the resolution and the lack of the precise levels included in the LDI. Additionally, unlike the 

uniform density of surface pressure observations assimilated into the 20CRv2 over its full 

temporal domain, the NCEP/NCAR is highly dependent on upper-level rawinsonde observations 

that are scarce in the first half of the reanalysis [Kistler et al., 2001], as well as rare to non-
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existent over ocean basins. This introduced observational basis, as well as underdetermined state 

of upper-tropospheric fields over the ocean, likely accounts for the qualitative assessment of 

performance differences between the NCEP/NCAR and 20CRv2 LDI; however, these traits also 

allow the NCEP/NCAR reanalysis to act as a semi-independent check on the methodology itself. 

 

5.4 Verification of the Statistical Skill of the LDI and Variants  

 This section will objectively compare the diagnostic power of the LDI variants described 

in section 5.3 against the performance baseline methods detailed in section 5.2. The main tools 

used in this statistical verification process are the coefficients of determination (R2 values) taken 

directly from the respective Poisson regression outputs, MSEs calculated from the difference 

between the models’ response rate probabilistic distibutions and the observational record of U.S. 

hurricane landfalls [Willmott, 1981], and the p-values determined by a Wilcoxon sign-rank test 

between the population of residuals proceeding from the LDI variants against those from the 

baseline methods. The permutations of the sign-rank test of all LDI variants relative to all 

baselines will reveal which sets of residuals are statistically distinguishable from one another, 

and thus which diagnostic techniques show skill against alternative methods.  

5.4.1 Verification over the 1900-2012 Domain 

 Over the full 1900-2012 temporal domain of LFh, the LDI variants for which expected 

landfall count series were created include the full in-sample LDI, the out-of-sample LDI, and the 

TC-removed LDI. These methods will be tested in this section against the following baseline 

methodologies: climatological mean, linear trend, ten-year trailing average, TCG, AMO/MEI 

climate index, and TC count models. Results of the cross-verifications are shown by R2 values 

and sign-rank test in Figures 5.11 and 5.12, and in terms of MSE in Figure 5.13 and Table 5.1. 
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In Figure 5.13, the MSEs for the response rate from each of these LDI variant and 

baseline method models over 1900-2012 are shown in blue. This figure, as well as Table 5.1 

showing the exact MSE, demonstrates that each of the diagnosed landfall counts for the LDI 

variants have a lower MSE relative to the historical record over 1900-2012 than any of the 

baseline methodologies. As expected, the best predictions are recorded by the full, in-sample 

LDI, which notches an MSE of around 3.14 hurricane landfalls per year, and errors increase only 

slightly for the out-of-sample LDI to just under 3.24 hurricanes per year. This stability in 

performance when all information from the target year is withheld from the model is indicative 

of the durable diagnostic power of the LDI, rather than any indication of statistical overfitting. 

The LDI variant in which individual TCs are expunged still yields an MSE of 3.41 U.S. landfalls 

per season. In contrast, the three climatological baselines yield MSEs of between 3.75 and 4.0, 

with the ten-year moving average the poorest performer of the three. A slight improvement is 

noted for the TCG and AMO/MEI index models, which have MSEs of 3.65-3.7. The best 

performer among the baseline methods, with a MSE of 3.45, is the expected value of U.S. 

landfalls obtained from knowledge of the annual TC count. However, even having a “perfect” 

count of annual TCs results in a higher MSE than the LDI variant for which TC signatures have 

been, to first-order, removed. This is again indicative of the ability of LDI to capture annual 

variability in TC motion- and intensity-influencing synoptic parameters. 

 The coefficients of determination, otherwise stated as the percentage of interannual 

variance in LFh explained by the response variables, are plotted for the 1900-2012 models in 

Figure 5.11. For the LDI variants, the coefficients of determination are shown as colored bars, 

while the baseline methods are plotted in black. If by the sign-rank test, the mean value of the 

residuals of the LDI variant is significantly different from that of a particular baseline method, 
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the space above the bar for that baseline method is marked with an asterisk corresponding to the 

color of the LDI variant bar. For example, the presence of red and blue asterisks above each 

black bar in Figure 5.11 means that both the in- and out-of-sample LDIs show significant 

diagnostic skill at a 95% confidence level against all six of the performance benchmark methods. 

It should be noted that by Wilks [2006], the sign-rank test is the proper statistical method to 

establish that the population means are significantly different, rather than qualitatively judging 

from the apparent overlap of the MSE confidence intervals shown in Figure 5.11. 

 As seen in Figure 5.11, the percentage of interannual variance explained by each of LDI 

variants again exceeds that of all the baseline methods, with the in-sample, out-of-sample, and 

TC-removed LDIs diagnosing about 31.5%, 26.5% and 18% of the variance in LFh over 1900-

2012. The highest coefficient of determination among the baselines is less than 12% for TC 

count, tapering to 5% for the AMO/MEI climate index model, around 3.5% for the TCG index 

model, and less than 1% for any of the climatological methods. As stated above, in-sample and 

out-of-sample LDI show significant skill against all the baseline methods, and the TC-removed 

LDI shows significant skill relative to the mean climatology, linear fit, ten-year moving average, 

and TCG index model methods at a 95% confidence level. These results support the utility of the 

LDI technique, and are further assessed in section 5.5. 

 

5.4.2 Verification over the 1957-2012 Domain 

 For the 1957-2012 subset, which covers the better-observed second half of the full LFh 

series, the LDI variants for which expected landfall count series were created are the full in-

sample LDI, the out-of-sample LDI, TC-removed LDI, and NCEP/NCAR LDI. These variants of 
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LDI will be tested against the following baseline methodologies: climatological mean, linear 

trend, ten-year trailing average, TCG index, AMM/PDO climate index, and TC count models.  

The MSEs for the response rate variable from each of these LDI variant and baseline 

method models are shown in green in Figure 5.13 as well as listed in Table 5.1. Note that the 

1957-2012 data includes the NCEP/NCAR series, as well as the more sophisticated version of 

the climate index model. In general, most of the 1957-2012 MSEs exceed the comparable values 

for the 1900-2012 models, likely due to greater variance in the second half of LFh relative to the 

first. Nevertheless, Figure 5.13 shows that each of LDI variants has a lower MSE relative to any 

of the 1957-2012 baseline methodologies. The best predictions for the latter half of LFh are 

recorded by the in-sample LDI, with an MSE around 3.304 U.S. hurricane landfalls per year, as 

well as the TC-removed variant, nearly the same at 3.305. The fact that errors do not increase in 

the second half of the domain with the removal of TC signatures is strong evidence that the 

model’s diagnostic power does not arise from tuning to TC landfall events themselves.  

Otherwise, errors increase for the out-of-sample and NCEP/NCAR LDI to approximately 

3.42, and 3.47 landfalls per year, respectively. In comparison, the three climatological baselines 

and TCG index have MSEs of 3.95-4.15, with the ten-year moving average remaining the worst 

predictor. The best performers among the baseline methods are the predictors based on TC count 

and AMM/PDO index values, both notching MSEs around 3.50 hurricane landfalls per year over 

1957-2012. Still, even these values are higher than the errors recorded for the relatively weakest 

NCEP/NCAR LDI variant. These MSEs can also be compared with the results from Elsner and 

Jagger [2006]. The best-performing model variant from this work has a minimum MSE of a 

statistically significant 3.410 compared to 3.493 for corresponding climatology. As these results 

are for a predictive methodology over 1851-2004, it is not surprising that the scaled MSE 
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reduction relative to climatology for the LDI (3.24 vs. 3.78), as a diagnostic method over 1900-

2012, would exceed that presented in Elsner and Jagger [2006]. 

The coefficients of determination are plotted for the four 1957-2012 LDI variants (color) 

and six baseline methods (black) in Figure 5.12. Once again, if the residuals of each LDI variant 

are significantly different from a particular baseline method per a sign-rank test, that baseline 

method bar is marked with an asterisk corresponding to the color of the significant LDI variant, 

including maroon for the NCEP/NCAR LDI. This figure shows that the percentage of 

interannual variance explained by any of the LDI variants remains greater than all the baseline 

methods, with the in-sample, out-of-sample, TC-removed, and NCEP/NCAR LDIs diagnosing 

about 43.5%, 31%, 23%, and 16% of observed variance over 1957-2012. The coefficient of 

determination among the baselines is less than 1.5% for the climatological and TCG index 

methods, and approximately 14% for the AMM/PDO index and TC count methods, a notable 

improvement over 1900-2012 for both techniques. Due to this bimodal distribution in baseline 

diagnostic power, there is no gradation in significance findings across the LDI variants, with all 

four variants demonstrating significant diagnostic skill relative to the mean climatology, linear 

fit, ten-year moving average, and TCG index model methods. However, none of the variants are 

significant against the climate index or TC count models. As the diagnostic power of the in-

sample and out-of-sample LDIs are more than double that of the climate index and TC count 

baselines, this is likely due to the relatively lower number of observations (N=56 years). 

 

5.5 Summary 

The results of calculating MSEs and coefficients of determination against LFh over 1900-

2012 and 1957-2012 for four LDI variants and six baseline methods, as well as performing sign-
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rank tests for difference in means between each of the variants and baselines, roundly 

demonstrates the statistical significance of the LDI’s diagnostic abilities and validates the model 

methodology. The explanatory power of the in-sample LDI for U.S. hurricane landfall annual 

count is around three times that of the best-performing baseline methods, with the out-of-sample 

LDI recording coefficients of determination more than twice as high as any baseline in both time 

periods. When individual TCs are removed from the 20CRv2, arguably excessively penalizing 

the model, normalized LDI still outperforms all baselines and demonstrates skill against 

climatological models and the best-performing GIs. Even when the LDI is exported into a 

coarser and more observationally-based reanalysis dataset, the response variable still 

outperforms all of the diagnostic baselines over 1957-2012 and is statistically skilled against 

both climatology and the TCG index. 

      In particular, the significance of the out-of-sample model against all baselines 

demonstrates that the LDI methodology is a better-suited technique for diagnosing the 

interannual variance of U.S. hurricane landfall count than any extant benchmark, including an 

optimized Poisson regression of climate indices. Furthermore, the stability between the 

performance of the in-sample and out-of-sample LDI models increases the confidence that the 

observed explanatory power does not arise from statistical overfitting, but rather is a robust result 

of capturing some of the annual variability in the processes that influence aggregate patterns of 

TC genesis, intensification, and motion. With the statistical rigor and significant diagnostic skill 

of the LDI well-demonstrated in chapter five, chapter six will contextualize and assess these 

results in terms of physical concepts, in order to more fully explain the observed diagnostic 

power and attempt to offer some physical insight into the sources of interannual variance in U.S. 

hurricane landfall counts.  
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Table 5.1: MSEs of LDI variant and baseline methodologies over 1900-2012 and 1957-2012 
 

 
 
 
 
 
 
 
 

 
 

Time 
period 

10-year 
moving 
average 

TCG 
index 

AMO/ 
MEI 

model 

AMM/ 
PDO 
model 

TC 
count 

1900- 
2012 

3.966 3.707 3.653 - 3.542 

1957- 
2012 

4.127 4.051 - 3.500 3.511 

 
 

 
 

 
 
Figure 5.1: Stem plot of residuals between LDI diagnostic model fitted response variable and 
annual count of U.S. hurricane landfalls over 1900-2012. 

 

Time 
period 

In-
sample 

LDI 

Out-of- 
sample 

LDI 

TC-
removed 

LDI 

NCEP/ 
NCAR 

LDI 

Climato- 
logical 
mean 

Linear 
trend 
model 

1900-
2012 

3.136 3.236 3.412 - 3.783 3.766 

1957-
2012 

3.304 3.416 3.306 3.466 4.090 3.952 
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Figure 5.2: Normal probability plot for residuals between LDI diagnostic model and annual 
count of U.S. hurricane landfalls over 1900-2012. 
 
 

 
 
Figure 5.3: Model fit diagnostic measures of LDI relative U.S. landfall hurricane count over 
1900-2012, including implied leverage (ordinate), model residuals (abscissa), and Cook’s 
distance (contours). The most extreme outlier, 1985, is labeled. 
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Figure 5.4: Track map of named TCs during the 1985 Atlantic hurricane season. Source: NOAA. 
 
 

 
 
Figure 5.5: Root MSE for the climatological trailing average predictions of annual U.S. hurricane 
landfall activity for window lengths ranging from 1 to 110 years, over 1900-2012, with 95% 
confidence interval in gray.  
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Figure 5.6: The historical record of and predicted count for annual U.S. hurricane landfall events 
generated from the climatological mean over 1900-2012, the linear trend over 1900-2012, the 
optimum ten-year trailing average climatology, the TCG index value from Tippett et al. [2011], a 
two-predictor climate index model consisting of AMO and MEI, and the annual count of TCs. 
 
 
 

 
 
Figure 5.7: As in Figure 5.6, except restricted to the second half of the temporal domain, the 
years 1957-2012. Additionally, the two-predictor climate index model is calculated from a 
multiple Poisson regression of JASO mean AMM and PDO values rather than AMO and MEI as 
in the 1900-2012 version of the climate index model. 
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Figure 5.8: Interannual variability of the out-of-sample variant of LDI with the historical record 
of continental U.S. hurricane landfall over the years 1900-2012. 
 
 

 
 
Figure 5.9: As in Figure 5.8, except LDI calculated after “removal” of known TCs from 20CRv2. 
 
 

 
 
Figure 5.10: As in Figure 5.8, except LDI values calculated in the NCEP/NCAR Re-analysis 
[Kalnay et al., 1996] rather than the 20CRv2, over the years 1957-2012. 
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Figure 5.11: The percentage of the interannual variance in U.S. hurricane landfalls explained by 
the LDI predictor variants (colored bars) and baseline methods (black bars) over 1900-2012. 
Asterisks indicate a significant difference at the 95% confidence level (single-tailed p < 0.05) 
between the absolute residuals of the given baseline and those of the full LDI (red), out-of-
sample LDI (blue), and TC-removed LDI (green), as calculated by a Wilcoxon sign-rank test. 
 
 

 
 
Figure 5.12: As in Figure 5.11, except for 1957-2012, replacing the AMO/MEI climate baseline 
with an AMM/PDO model, and adding NCEP/NCAR LDI (maroon) to the model variants. 
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Figure 5.13: MSEs for diagnosed annual U.S. hurricane landfall counts over 1900-2012 and 
1957-2012 constructed from LDI, out-of-sample LDI, TC-removed LDI, NCEP/NCAR LDI 
(1957-2012 only), climatological mean, linear trend, 10-year trailing average climatology, TCG 
index values, AMO/MEI climate index model (1900-2012 only), AMM/PDO climate index 
model (1957-2012 only), and TC count methodologies. 
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CHAPTER SIX 
 

ANALYSIS AND PHYSICAL INTERPRETATION OF THE LANDFALL 

DIAGNOSTIC INDEX 

 Chapters four and five make a thorough case that LDI is a superior means of diagnosing 

interannual variability in U.S. hurricane landfalls compared to alternate methods, as well as 

rigorously justifying and detailing the construction and composition of the model. As the LDI 

was designed to offer conceptual insight into the causes and nature of TC risk in the Atlantic, this 

chapter will explore the physical interpretation of each predictor term included in the model, in 

order to better understand the relationship of landfall variance with global climate patterns. 

 

6.1 LDI Model Sensitivity to Predictor Terms 

 The four predictors included in the final version of LDI are upper-level divergence over 

the 100 hPa to 250 hPa layer, mean meridional wind over the 500 to 650 hPa layer, the zonal 

component of shear vorticity at 1000 hPa, and SST relative to the tropical mean. While section 

4.2 details how and why each of these model components were selected, and the performance of 

the LDI as a whole is detailed in chapters four and five, the role of each predictor in shaping the 

diagnostic values has yet to be fully investigated. To begin, Figure 6.1 shows the correlation 

coefficients between the included predictors and the predictands at each of the four stages of 

derivation of the LDI. As detailed previously, this predictand is initially LFh and subsequently 

the set of residuals between the provisional LDI and LFh after the addition of the first, second, 

and third predictor terms.  This figure is analogous to Figure 4.4, but differs in that while that 

plot shows the maximum correlation coefficient between the predictand and any predictor within 

a particular category, Figure 6.1 shows the coefficients between only the specific optimized 

predictors included in the final version of LDI and the predictands. 
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 As expected from the coefficient of determination curve shown in Figure 4.5, upper-level 

divergence has the strongest single correlation coefficient at around 0.45 with LFh, and the 

coefficient values of the terms at inclusion in the model steadily decrease. (As explained in 

section 4.2, the inclusion of rSST despite its weak correlation can be justified in terms of 

increasing the LDI’s observational stability and dramatically improving seasonal cycle fidelity.) 

However, there are several features evident in Figure 6.1. First, once a term has been included in 

the LDI, there is no correlation between the predictor and the residuals, even after the addition of 

more terms. Secondly, the impact of adding terms to the provisional LDI has varying effects on 

the correlation coefficients of the remaining terms with the residuals. For instance, the absolute 

value of the coefficients of the meridional wind and zonal shear vorticity terms increase and 

become statistically significant upon the removal of the upper-level divergence signal from LFh, 

but the rSST relationship weakens and is no longer significant. The physical reasoning 

underpinning these behaviors is explained in section 6.2. 

 The similarities in behavior of the steering terms can also be seen in the annual 

contributions of each predictor to the LDI fitted response variable. In order to quantify the 

impact of each term in each year, climatological mean values replace the predictor observations 

one at a time in the normalized LDI equation (14). Because the climatological mean value in 

terms of normalized anomalies is zero and e
0=1, this is logically equivalent by exponential 

identities to multiplying the remaining terms in equation (14) by unity, which effectively 

removes the effect of the selected predictor from the LDI. The difference between the hurricane 

landfall count prediction with all the predictors and the prediction in which the selected term is 

held out is the annual impact of the inclusion of that term. This process is repeated for all four 
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predictors and all 113 years in the series to yield the annual influence of each predictor term on 

the in-sample LDI. 

 These four series are plotted in Figure 6.2, which is divided into the first (1900-1956) and 

second half (1957-2012) of the temporal domain for clarity. From this figure, it is clear that the 

annual contribution of upper-level divergence term has, on average, the highest variability and 

amplitude, followed by meridional wind, with zonal shear vorticity and rSST varying much less 

about the mean. Quantitatively, the average absolute annual contribution of the terms is a change 

of about 0.67, 0.29, 0.13, and 0.09 U.S. hurricane landfalls per year for divergence, meridional 

wind, shear vorticity, and rSST, respectively. The scales of the contributions agree well with the 

relative magnitude of the normalized LDI coefficients discussed in section 4.3.1. Another 

notable feature of Figure 6.2 is that the annual contributions of upper-level divergence and 

meridional wind often seem to be of the opposite sign, but scale proportionately in amplitude. 

Table 6.1, the co-variance matrix for all LDI predictors, shows that these two terms have a 

significant relationship. As the Poisson regression coefficient for divergence in the LDI equation 

is positive while the meridional wind is negative, it therefore makes sense that the annual 

contributions of the two terms would negatively co-vary. This relationship also hints at physical 

relationships between the predictor terms and TC landfall climatology that merit further 

exploration. 

         

6.2 Spatial Relationships of Predictor Terms 

6.2.1 Qualitative Assessment of Predictor Morphology 

 The results of section 6.1 point to intriguing relationships between the predictors and 

annual variance in the historical record of TC landfalls as well as among the terms themselves. 
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As in section 2.2, the first step in understanding these relationships is to look at the mean and 

variance climatology of each of the four LDI predictor terms. Thus, the local JASO average 

values for upper-level divergence, meridional wind, zonal shear vorticity, and rSST in the North 

Atlantic Basin over 1900-2012 are plotted in Figure 6.3, and the standard deviations at each 

point over the same years are plotted in Figure 6.4. In all the subplots, the spatial mask for land 

areas and the eastern Pacific is applied, and the black box denotes the region of the Atlantic over 

which the annual value of each predictor term is averaged for the LDI.  

 The spatial mean and variance terms, in concert, reveal the key locations within the 

domain that exercise greater influence on the variance of the annual value for each predictor 

term. For upper-level divergence, Figures 6.3 and 6.4 show that a time-averaged band of positive 

divergence is located over the Intertropical Convergence Zone in the eastern MDR, which 

extends west through the Caribbean Sea. In the mid-latitudes, upper-level convergence (negative 

divergence) is noted in the subtropical eastern Atlantic, and a region of positive divergence 

stretches from just south of the Carolinas, north and east into the central Atlantic. The standard 

deviation largely scales with the mean of upper-level divergence, with much more variability 

south of 25°N than north of it due to the preferential location of the Intertropical Convergence 

Zone and ascending branch of the Hadley Cell [Dima and Wallace, 2003]. Therefore, the low-

latitude sections of the spatial domain mostly drive the annual series of the divergence predictor 

term. Likewise, rSST records the highest local mean values in the southern and western sections 

of the domain, with fairly constant variance across the region. Thus for rSST, the most important 

observations are those stretching from the western MDR into the southern Gulf of Mexico. 

 In contrast, the mean and standard deviation plots for the steering terms generally show 

that their annual series are dominated by variability in the mid-latitudes and subtropics. The 
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mean values of meridional wind clearly show a couplet of southerly winds in the western 

Atlantic and northerly winds in the eastern Atlantic indicating the presence of time-averaged 

mid-latitude ridging centered along 40°W. Absolute means are lower at low latitude, with the 

exception of a local maximum in the eastern Caribbean Sea. Figure 6.4 shows that the standard 

deviation of local meridional wind scales nearly monotonically with latitude, and is around five 

times greater in magnitude in the northern third of the domain compared to the southern third. 

The combination of higher absolute mean values and much greater interannual variance signify 

that the predictor series for meridional wind is driven dominantly by the observed values in the 

subtropics and mid-latitudes. The data for zonal shear vorticity are noisier, but generally show 

higher absolute mean values in the western sections of the Atlantic and elevated variance 

stretching from the southeast corner of the domain towards the Carolinas. Overall, Figures 6.3 

and 6.4 reveal that the spatial patterns of mean and standard deviation, and thus the regions that 

drive the diagnostic power for LFh demonstrated by the LDI, split the predictor terms into more 

low-latitude and more mid-latitude based groups. This type of bifurcation will be investigated in 

the individual spatial relationships of the LDI predictors with various aspects of TC climatology.    

6.2.2 Quantitative Assessment of Upper-level Divergence Relationships with Climatology 

 The next step in seeking physical insight into the diagnostic power of the LDI is to 

explore the spatial relationship of each predictor with the historical record of U.S. hurricane 

landfalls and TC count. This is undertaken by regressing the local annual JASO value of each of 

the four LDI predictors onto the extended TC count series, extended percentage of Atlantic TCs 

making landfall as hurricanes, and the predictand series upon the predictor’s inclusion in LDI, 

over 1900-2012. For instance, spatial correlation coefficients for divergence onto LFh, and local 

meridional wind onto the provisional LDI residuals after the addition of divergence to the model, 
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are plotted in the top panels of Figures 6.5 and 6.6, respectively. In each subplot, regions for 

statistically significant relationships at a 95% confidence level are contoured in green, and the 

spatial domain of the LDI is once again denoted by a black box. 

 The spatial correlation coefficients of mean local JASO upper-level divergence with LFh 

(top), TC count (middle), and percentage of TCs making landfall as hurricanes (bottom) over 

1900-2012 are shown in Figure 6.5. These plots show that upper-level divergence has a robust 

covariance with annual U.S. hurricane landfall count over much of the LDI spatial domain, 

demonstrating a positive and spatially significant relationship in a broad area stretching from the 

western MDR, through the Caribbean Sea, and into the southeastern Gulf of Mexico as well as 

east of Florida [Livezey and Chen, 1982]. Corresponding to the axis of the Greater Antilles, this 

shows that upper-level divergence over the general track of TCs approaching the U.S. Southeast 

(as in Figure 3.18) is associated with more annual U.S. hurricane landfalls. Importantly, these 

correlation coefficients are both structurally contiguous and strongest at a distance from the U.S., 

which means that the diagnostic power of upper-level divergence is not simply a spurious artifact 

of counting hurricane signatures in the model crossing the coastline, in which case the most 

strongly positive correlations would be expected on the immediate Gulf and Southeast coasts.  

 Upper-level divergence shows a significant positive relationship with TC count over 

roughly the same area, and at low-latitude has a weaker but still intermittently significant 

positive relationship with the percentage of landfalls. However, the percentage fields have a 

region of significant positive correlations in the subtropics along 40°W, where the TC count 

correlation field is weakly negative. As Figure 6.3 shows the presence of time-averaged ridging 

in this area, which by continuity would be associated with upper-level convergence, this 

relationship again signals that the percentage of TCs that make landfall in the U.S. as hurricanes 
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is enhanced when this ridge is not present. Together, these also fields show that while upper-

level divergence likely sways landfall count though modulating where and how many TCs 

develop, as well as influencing the intensity of TCs moving across the western Atlantic, it is also 

linked to broader steering patterns. These spatial correlations physically explain the observed 

covariance between the upper-level divergence and meridional wind predictor terms in Table 6.1. 

6.2.3 Quantitative Assessment of Mean Meridional Wind Relationships with Climatology 

The spatial correlation coefficients of mean local JASO meridional wind with the 

residuals of provisional LDI after the addition of upper-level divergence to the model (top), 

annual TC count (middle), and percentage of TCs making landfall in the U.S. as hurricanes 

(bottom) over 1900-2012 are shown in Figure 6.6. These plots reveal a strong split between the 

annual average meridional wind pattern favoring higher TC counts, and that favoring higher 

percentages of TCs making landfall in the U.S. as hurricanes.  The middle panel of Figure 6.6 

shows that poleward average winds north of 20°N in the spatial domain are significantly 

correlated with annual Atlantic TC count; however, equatorward winds in this same region are 

significantly correlated with higher landfall proportionality. When the upper-level divergence 

signal is removed and meridional wind is spatially correlated with the provisional LDI residuals, 

nearly the entire spatial domain shows a negative relationship (northerly winds favoring positive 

residuals), and the region of significance in the mid-latitudes centered on 60°W expands.  

Physically, this can be interpreted in the following way from Figures 6.5 and 6.6: upper-

level divergence along the axis of the Greater Antilles is a positive for TC count and to a lesser 

extent landfall proportionality, which leads to a tendency for southerly winds at middle and 

upper levels aloft to the north of the divergence. These southerly winds are hence positively 

related to TC count, but induce a mean steering pattern that is more poleward along 60°W and 
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thus less favorable to U.S. landfalls. Correcting for divergence reveals a couplet of positive and 

negative correlations with the residuals centered along 70°W north of 30°N, indicative of the 

presence of a deep-layer time-averaged ridge centered in this vicinity. These relationships are the 

first evidence that there may be a trade-off between the circulation pattern most favorable for TC 

development and the pattern most favorable for U.S. hurricane landfalls [Kossin et al., 2010]. 

This concept will be considered further in sections 6.3 and 6.4. 

6.2.4 Quantitative Assessment of Zonal Shear Vorticity Relationships with Climatology 

The spatial correlation coefficients of mean local JASO zonal shear vorticity with the 

residuals of provisional LDI after the addition of meridional wind to the model (top), annual TC 

count (middle), and percentage of TCs making landfall in the U.S. as hurricanes (bottom) over 

1900-2012 are shown in Figure 6.7. In general, these spatial correlation coefficients are noisier 

than divergence and meridional wind because the zonal shear vorticity at 1000 hPa is not an 

average of multiple vertical levels, and as a near-surface parameter, it is more susceptible to 

orographic disruption and frictional boundary layer interactions [Pierrehumbert and Wyman, 

1985]. Even with these considerations, the local correlation fields for TC count and landfall 

proportionality are of opposite signs across much of the subtropics and mid-latitudes, where the 

relationships are sporadically significant.  

However, after the removal of upper-level divergence and mid-level meridional wind 

signals, the spatial correlation coefficients with the residuals (top panel) are cleaner, showing 

intermittently significant negative local correlations in a band from the east-central portions of 

the spatial domain, running north of the Greater Antilles and across central Florida into the 

eastern Gulf of Mexico. These negative values of zonal shear vorticity agree spatially with the 

transitional region shown in Figure 3.23 between the westerly low-level zonal wind anomalies in 
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the Caribbean Sea and easterly low-level zonal wind anomalies in the western Atlantic that are 

associated with elevated U.S. hurricane landfall activity. Physically, these results are in-line with 

the conclusions of Wang et al. [1997] and Hart and Evans [1999], modeling studies that 

determined that environmental cyclonic (anticyclonic) shear enhances (suppresses) β-drift in TCs 

by rotating the axisymmetric β-gyres in mature TCs. For westward-propagating Atlantic TCs, 

negative values of shear vorticity will therefore counteract the tendency for poleward motion to 

be imparted to TCs by β-drift, increasing U.S. landfall risks by diminishing the potential for the 

TC recurvature into the open Atlantic via mid-latitude trough interactions [Hanley et al., 2001].   

6.2.5 Quantitative Assessment of Relative SST Relationships with Climatology 

Finally, the spatial correlation coefficients of mean local JASO rSST with the residuals of 

provisional LDI after the addition of zonal shear vorticity to the model (top), annual TC count 

(middle), and percentage of TCs making landfall in the U.S. as hurricanes (bottom) over 1900-

2012 are shown in Figure 6.8. These plots show that rSST, as a single-term encapsulation of both 

the thermodynamic contribution of oceanic heat and vertical shear effects linked to distant ENSO 

variability, has a very strong and statistically significant positive local relationship with annual 

TC count over the entire Atlantic south of 20°N. However, it has a mixed and non-significant 

spatial relationship with landfall proportionality. Once the upper-level divergence, mid-level 

meridional wind, and lower-level zonal shear vorticity signals are removed, the correlation 

coefficients of rSST with the residuals is generally weakly positive in the spatial domain, except 

in the immediate vicinity of Florida.  The statistically significant covariance of rSST and upper-

level divergence as shown in Table 6.1 explains the weak relationship between local rSST and 

the residuals, despite the strong connection to TC count, which validates the primacy of rSST in 

count diagnostic and forecasting methodologies. 
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6.3 Physical Interpretation of LDI Predictors 

6.3.1 Objective Grouping of Predictor Terms 

 The spatial relationships of the LDI predictors with TC and landfall climatology are 

additional evidence for dividing the predictors into two distinct groups of terms: thermodynamic 

terms, which primarily impact the favorability of the synoptic environment for individual TCs, 

and steering terms, which affect where TCs will move in the aggregate. The first of these groups, 

the thermodynamic terms, include upper-level divergence and rSST. These terms share a number 

of commonalities, including having positive coefficients in the in-sample LDI, low-latitude 

variability driving most of the interannual change in the predictor series, a stronger local 

correlation with TC count than landfall proportionality, and a physical link with storm-scale 

convective, energetic, and circulation processes [Tang, 2010; Emanuel, 1987], though some 

remote effects are likely contained in this group as well [Vecchi and Soden, 2007; Vecchi et al., 

2008]. The second group, steering terms, have negative predictor coefficients in the LDI, key 

variability concentrated in the mid-latitudes, and stronger local relationships with landfall 

proportionality than count after removing the upper-level divergence term. This dichotomy is not 

perfect as the upper-level divergence term was argued to have some influence on steering 

patterns in section 6.2.3, but it is useful as a first-order approximation. 

6.3.2 Predictor Term Group Contributions to LDI 

 This two-group heuristic is then applied to the single-term removal method used to assess 

the contribution of each predictor to the in-sample LDI in Figure 6.2. The process described in 

section 6.1 is repeated, with the modification of replacing the observed values for both of either 

the thermodynamic influence or the steering terms with climatological mean values of zero in the 

normalized LDI equation. In this way, the change between the annual count of U.S. hurricane 
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landfalls diagnosed by the full model and the model excluding the two predictor terms is the 

contribution of the group to the LDI for that year. The results of this test, presented analogously 

to Figure 6.2, are shown in Figure 6.9, with the first half of the temporal domain plotted in the 

top panel and the second half in the bottom panel. 

 Overall, Figure 6.9 shows annual contributions that are consistent with Figure 6.2, with 

the thermodynamic term closely resembling upper-level divergence and the steering term 

broadly similar to meridional wind. As in the earlier figure, the average absolute contribution of 

the thermodynamic terms to the LDI diagnosed values is about twice as great as the steering 

terms, with annual mean changes of approximately 0.70 and 0.32, respectively. While the 

thermodynamic term, as stated previously, does have a relationship with patterns that drive 

steering currents in the Atlantic, its influence on TC count and intensification processes is clear 

in this figure, as many of the recent individual years with the highest local influence 

contributions to the LDI were also extremely active. The three seasons in the satellite era with 

the highest local influence contributions are the hyperactive seasons of 1995, 2004 and 2005, in 

which eleven, nine, and fifteen hurricanes were recorded, while recent minima of 1993, 1994, 

and 2009 were quiet years together averaging fewer than three and a half hurricanes per year.  

 Similarly, the impact of the steering terms in influencing the spatial distribution of TC 

activity within each year is also evident. Over the satellite era years for which trustworthy TC 

track data is available, the highest positive contribution of the steering term to the LDI is found 

in 1985, while the most negative contribution is the 2011 value. The spatial distribution of 

seasonally-normalized ACE within 500 km for the 1985 hurricane season is shown in Figure 

6.10, and the spatial distribution of ACE for 2011 is plotted in Figure 6.11. The spatial ACE 

distribution between these two hurricane seasons is remarkably dissimilar. In 1985, intensity-
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weighted TC activity is highly concentrated in the eastern Gulf of Mexico and western Atlantic 

Basin near the U.S. Southeast, and a remarkable six hurricane landfalls were observed given the 

development of just seven total hurricanes. In 2011, TC activity was highly concentrated in the 

subtropical central Atlantic along 60°W, with a secondary maximum in the western Caribbean 

and Bay of Campeche. Despite nineteen named TCs and seven hurricanes, only one hurricane 

landfall occurred in the continental U.S. Therefore, the steering term is also a key determinant of 

seasonal outcomes from a landfall perspective.  

 Another notable feature of Figure 6.9 is that the two groups of terms again appear to co-

vary negatively, as did divergence and meridional wind in Figure 6.2. This tendency is 

particularly evident in the first half of the temporal domain, but continues to be observed in 

recent years like 2008 and 2011. To probe the relationship of the thermodynamic terms and 

steering terms directly, the contribution to LDI from each group is shown as a scatter plot in 

Figure 6.12, with the contribution from the thermodynamic terms on the x-axis and the 

contribution from the steering terms on the y-axis. The negative relationship between the two 

groups is clear from inspection, with a correlation coefficient of -0.46 and a corresponding p-

value of less than 0.001.  

Figure 6.12 also shows the number of observations, mean count of annual U.S. hurricane 

landfalls, and mean annual Atlantic hurricane counts within each quadrant of the plot. While 

two-thirds of the years are clustered in quadrants II and IV, the observed mean values of count 

and hurricane landfalls agree with expectations. In quadrant I, where thermodynamic influences 

and steering are both favorable, the highest hurricane and hurricane landfall counts are noted; in 

quadrant II, in which thermodynamic influence is negative but the steering contribution is 

positive, relative to quadrant III around 25% more landfalls are noted for the same count of 
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Atlantic hurricanes; in quadrant III, in which the contributions of thermodynamic influences and 

steering are both negative, the fewest hurricanes and hurricane landfalls occur on average; and in 

quadrant IV, favorable thermodynamic influences but negative steering contributions lead to 

roughly the same count of hurricanes but 35% fewer average landfalls relative to quadrant I.  

While this technique is a coarse means of sorting annual outcomes, the statistically 

significant negative relationship between the thermodynamic and steering term contributions to 

LDI is another piece of evidence indicative of the potential trade-off between maximally 

favorable conditions for TC count and intensification and a maximally favorable steering pattern 

to deliver TCs to the U.S. coastline. This trade-off can be more directly observed in Figures 6.13 

and 6.14, which plot a spatial composite of JASO 500 hPa geopotential heights and vertical 

motion fields, respectively, of the years located in quadrants I (N=11), II (N=28), and IV (N=27) 

of Figure 6.12 that have an absolute offset of at least 0.1 from the axes. (This approach excludes 

quadrant III, as these events are observed to cluster close to the origin.) In Figure 6.13, quadrants 

I and II, which share positive steering term contribution values, both demonstrate positive height 

anomalies and thus anomalous ridging over the eastern U.S. and western Atlantic basin, while 

diverging on the strength of the negative height anomalies in the eastern Atlantic and global 

tropics. In contrast, quadrant IV, with a negative steering term value, shows a preference for 

anomalous troughing along 70°W and anomalous ridging in the east Atlantic, with a global 

anomaly pattern nearly diametrically opposite to that shown in the quadrant II composite.  

A similar split along the lines of thermodynamic term contributions is noted in Figure 

6.14, with upward vertical motion anomalies in the Atlantic basin characterizing positive 

thermodynamic contributions in quadrants I and IV; however, these contributions are stronger 

and more concentrated in the regions linked to U.S. landfall activity by Figures 3.18 and 3.20 in 
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quadrant I, where the steering term is also positive. Quadrant II, with a negative thermodynamic 

term, shows generally anomalously sinking vertical motion over the central and western Atlantic, 

which may be connected via transverse circulations to anomalous rising motion in the eastern 

Pacific [Kushnir, 2002]. In general, this consistency and contiguity in the spatial manifestation of 

key synoptic variables between the quadrant composites, as bifurcated by the thermodynamic 

and steering terms, increases the confidence that the grouping of LDI terms offers meaningful 

physical insight into variance in Atlantic TC landfalls.  

6.3.3 Relationship of Predictor Groups with Global Circulation Patterns 

 With these characteristics and conceptual interpretations of the LDI predictor terms in 

mind, the model results will be next be explicitly considered in the larger context of patterns of 

global circulation. The contributions to in-sample LDI of each group of predictor terms as 

described in section 6.3.2 is a useful lens into the workings of the model, and the annual series of 

contributions from the thermodynamic and steering groups will therefore serve as predictands in 

spatial regressions designed to elucidate their connection with global-scale climate mechanisms. 

The first of these, a plot of the local correlation coefficients of regressing JASO mean 500 hPa 

vertical motion onto the annual series of thermodynamic contributions to LDI over 1900-2012, is 

shown in Figure 6.15 for the entire globe between 25°S and 75°N. The 500 hPa level was 

selected for this purpose because vertical motion at this mid-tropospheric level is broadly 

representative of whether the column is characterized by rising or sinking air. In this figure, 

regions of statistical significance at a 95% confidence level are again contoured in green, and 

regions of positive (negative) correlation in red (blue) indicate a relationship between local 

subsidence (rising motion) and positive contributions of the thermodynamic term to the in-

sample LDI fitted response variable.  
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Not surprisingly, Figure 6.15 shows that the combination of warmer rSSTs and positive 

upper-level divergence averaged over the spatial domain of the LDI has a significant relationship 

with local upward vertical motion in the western subtropical Atlantic, northern Caribbean Sea, 

and Gulf of Mexico. This tendency can be understood in terms of the components of the 

thermodynamic term, as both enhanced buoyancy in the low- and mid-levels driven by latent 

heat transfer from positive SST anomalies and continuity-driven lift associated with the 

dynamical forcing of upper-level divergence favor upward vertical motion in the mid-

troposphere. While not statistically significant east of 60°W, the annual contribution of the 

thermodynamic terms are positively associated with anomalous rising motion across the tropical 

Atlantic and equatorial Africa, which is generally associated with the warm phase of the AMM 

[Vimont and Kossin, 2007], shown in Figure 3.7 to have a strong positive relationship with TC 

count over 1966-2012. As the AMM has also been shown to exercise a control on genesis 

location and net energy dissipation over the lifetime of TCs [Kossin and Vimont, 2007], and is 

maintained by a wind stress feedback primarily north of the Intertropical Convergence Zone in 

the eastern Atlantic [Smirnov and Vimont, 2010], it is likely that the thermodynamic term is 

capturing some of the variance in this climate mode, as well as ENSO [Patricola et al., 2014]. 

Figure 6.15 also reveals other large-scale regions with statistically significant 

relationships between time-averaged local vertical motion and the annual contribution of the 

thermodynamic term to the LDI. While there are sporadic regions of significance over Europe, 

Africa, and Asia, the highest correlation coefficients and most structurally contiguous 

relationships are found over North America and the northern Pacific Ocean. Time-averaged areas 

of downward vertical motion are located over northeastern North America and the subtropical 

and mid-latitude sections of the central and eastern Pacific Ocean, with time-averaged upward 
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motion centered over far eastern Alaska. The signature of rising motion over northwestern 

Canada and particularly strong subsidence over the central subtropical Pacific is associated with 

the cold phase of the Pacific Decadal Oscillation [Hare, 1996; Mantua and Hare, 2002]. 

Although these spatial correlations are not an exact match for the leading variance mode of the 

PDO [Newman et al., 2015] shown for reference in Figure 6.16, accounting for the only weakly 

negative relationship between TC count and PDO seen in Figure 3.7 over 1966-2012, overall the 

thermodynamic term is most strongly related to a particular alignment of vertical motion patterns 

that reflect time-averaged meridional and transverse circulations in the subtropics and mid-

latitudes mostly upstream and poleward from the tropical Atlantic. 

This methodology is then repeated, substituting the annual contribution of the steering 

term group to LDI as the predictand onto which local values of 500 hPa geopotential height 

across the global tropics and Northern Hemisphere are regressed.  Figure 6.17 shows the 

resulting spatial correlation coefficients, with regions of significance at a 95% confidence level 

contoured in green, and regions of positive (negative) correlation in red (blue) indicating a 

relationship between local above (below) average 500 hPa geopotential heights and positive 

contributions of the steering term to the LDI. There is a statistically significant relationship 

between positive values of the steering terms group and time-averaged ridging over southeastern 

North America and troughing (or a cut-off low) in the subtropical Atlantic along roughly 40°W. 

This alignment is consistent with the climatological studies found in Figures 3.22, 6.6, and 6.7.  

However, the steering term is also strongly correlated with the continental long-wave jet 

stream pattern in the mid-latitudes over much of the Northern Hemisphere. Spatially contiguous 

regions of robust statistical significance extend from Alaska, across North America and Europe, 

and into western Asia, alternating between ridging and troughing with a half-period of 
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approximately 60°, or a global wavenumber of three. Interestingly, these regions of significance 

extend both east and west poleward of the tropical Atlantic, indicating the importance of both 

downstream and upstream blocking to Atlantic TC steering regimes. Over the Atlantic and 

Europe, the spatial pattern of the correlations is reminiscent of the positive phase of NAO 

[Barnston and Livezey 1987], though it is not an exact match for the leading mode of NAO 

variability. This again demonstrates the coarseness of climate indices as tools to probe variance 

in annual landfalls [Elsner and Jagger, 2006], which accounts for the modest positive 

relationship between NAO and landfall proportionality shown in Figure 3.9.   

Intriguingly, the upstream influences most associated with enhanced Atlantic steering 

regime favorability are nearly in diametrical opposition to those associated with favorable 

thermodynamic term values. This dichotomy is particularly evident over central North America 

and the northern Pacific Ocean, where mid-level troughing and Gulf of Alaska ridging are 

correlated with positive steering term contributions to LDI. These are time-averaged long-wave 

features typical of the warm phase of the PDO, as indicated by Figures 3.8 and 3.10 and the 

positive coefficient of the PDO term of in the climate index baseline model in chapter five. 

While the overlap of the regions of opposing significance between Figures 6.15 and 6.17 is not 

exact, particularly in eastern North America, it does suggest a physical root in global scale 

climate processes for the tension evident between favorable thermodynamic and steering 

influences shown in Figure 6.12. Overall, the spatial correlation coefficients between time-

averaged local geopotential heights in the mid-latitudes both downstream and upstream of the 

tropical Atlantic demonstrate a strong link between the favorability of the steering group and 

global long-wave circulation patterns, which fluctuate on timescales of around a week and are 

difficult to predict in the absence of a powerful climate driver [Franzke and Woollings, 2011]. 
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6.4 Discussion and Summary 

 Grouping of the four predictor terms included in the final version of the LDI proved to be 

not only physically justified, but also a revealing lens into the causes and nature of interannual 

variability of U.S. hurricane landfall activity. The first group of terms, those having a 

thermodynamic influence on storm-scale convective process and individual TCs, include upper-

level divergence and rSST as averaged over the LDI spatial and temporal domains. These terms 

are shown to have a relationship with TC genesis, longevity, and intensification processes along 

individual storm tracks by contributing sensible and latent heat energy at the base of the column 

and providing necessary ventilation at the top of the tropospheric column to support sustained 

and organized upward vertical motion [Tang and Emanuel, 2012]. The thermodynamic terms 

have a weaker, but non-trivial connection to TC steering processes. In contrast, meridional wind 

and zonal shear vorticity collectively form the steering terms, which were shown in this chapter 

play little role in modulating the thermodynamic environment of individual systems, but control 

where TCs develop and move in an aggregate sense [Velden, 1993]. 

 Both of these term groups make significant contributions to the annual diagnosis of 

annual U.S. landfall activity put forth by the full LDI model over 1900-2012. While the average 

absolute magnitude of the thermodynamic contribution is greater than the steering group, 

potentially due to the thermodynamic group still having a relationship with steering and a lack of 

stability in the long-wave jet stream pattern in some years, the annual contributions of the two 

groups are shown to negatively co-vary with statistical significance. These relationships are also 

demonstrated to be meaningful in grouping Atlantic hurricane seasons with similar sensible 

outcomes in terms of both overall activity and track clustering. 
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These results are subsequently able to directly address a key question initially raised by 

the climatological studies in chapter three, which is how Atlantic TC count could have such a 

counterintuitively limited relationship with U.S. hurricane landfall activity. As shown in Figures 

6.15 and 6.17, the spatial relationships of the disparate predictor groups with global circulation 

patterns co-operate favorably over very limited areas, and are in opposition to one another over 

much of North America and the Pacific Ocean north of 20°N. In particular, the PDO is shown to 

work at cross-purposes with regard to thermodynamic and steering group favorability. While the 

atmospheric bridging and time-averaged transverse and meridional circulations that link negative 

ENSO to cold phase PDO and warm phase AMM [Lau and Nath 1996; Liu and Alexander 2007] 

are those aligned with more favorable thermodynamic values in the Atlantic, it is the 

geopotential height signature of warm phase PDO that teleconnects via a wavenumber three mid-

latitude jet stream pattern to the most favorable configuration of TC steering winds in the 

Atlantic Basin. In this way, the core problem of seasonal forecasting or diagnosing of TC 

landfall activity is contextualized in terms of modes of global circulation. Not only are hurricane 

landfalls inherently discrete and rare events driven partly by chance and mesoscale processes, but 

there also appears to be at least somewhat of a physical trade-off between increased overall TC 

activity and favorable steering currents in the Atlantic basin. As the superposition of two factors 

that co-vary negatively, it is this finely balanced internal tension that leads to the historical 

difficulty in understanding interannual variance in historical U.S. hurricane landfall activity.  

 
 
Table 6.1: Co-variance matrix values for the LDI predictors, with bold indicating p < 0.05. 
 

Predictors Relative SST Zonal shear vorticity Meridional wind 

Upper-level divergence 0.2754 0.1154 0.5288 

Meridional wind 0.0935 0.0601  

Zonal shear vorticity -0.1695 
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Figure 6.1: Correlation coefficents of regressing the exact form of the LDI predictors onto LFh 
and provisional LDI residuals after the addition of upper-level divergence, merdional wind, and 
zonal shear vorticity, with 95% confidence intervals. 
 
 

 
 
Figure 6.2: Marginal annual change to the value of the LDI fitted response variable with the 
inclusion of the observed historical annual value of each of the predictors, over 1900-2012. 
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Figure 6.3: Local climatological mean values for the JASO average in the 20CRv2 of each of the 
four LDI predictor terms, including upper-level divergence (upper left), meridional wind (upper 
right), zonal shear vorticity (lower left), and rSST (lower right), over 1900-2012. The area of 
spatial averaging of the LDI predictor terms is delineated by the black box. 
 
 
 

 
 
Figure 6.4: As Figure 6.3, except plotting the JASO standard deviation values for each LDI 
predictor term. 
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Figure 6.5: Local spatial correlation coefficients of the upper-level divergence LDI predictor 
with annual U.S. hurricane landfall count (upper), annual Atlantic TC count (middle), and the 
annual percentage of TCs making landfall in the U.S. as a hurricane (lower). Regions of 
statistical significance at a 95% confidence threshold are contoured in green, and the area of 
spatial averaging of the predictor term is delineated by the black box. 
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Figure 6.6: As in Figure 6.5, except correlations are performed for the meridional wind LDI 
predictor. Additionally, the upper panel shows the correlation coefficients for regressing local 
meridional wind values onto the residuals of the provisional LDI after the addition of the upper-
level divergence term.  
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Figure 6.7: As in Figure 6.5, except correlations are performed for the zonal shear vorticity LDI 
predictor. Additionally, the upper panel shows the correlation coefficients for regressing local 
zonal shear vorticity values onto the residuals of the provisional LDI after the addition of the 
meridional wind term.  
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Figure 6.8: As in Figure 6.5, except correlations are performed for the rSST LDI predictor term. 
Additionally, the upper panel shows the correlation coefficients for regressing local rSST values 
onto the residuals of the provisional LDI after the addition of the zonal shear vorticity term.  
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Figure 6.9: Marginal annual change to the value of the LDI response variable with the inclusion 
of the historical annual values for each of the two predictor term groups, the thermodynamic 
terms and steering terms, relative to the climatological mean values over 1900-2012. 
 
 

 
 
Figure 6.10: The spatial distribution of seasonally-normalized ACE within 500 km for the 1985 
Atlantic Basin hurricane season. 
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Figure 6.11: As Figure 6.10, for the 2011 Atlantic Basin hurricane season. 
 
 

 
 
Figure 6.12: Scatter plot of the annual marginal prediction influence values over 1900-2012 from 
Figure 6.9, with the thermodynamic group contribution on the ordinate and the steering group 
contribution the ordinate. The means of annual U.S. hurricane landfalls and Atlantic hurricane 
count within each quadrant, along with the number of observations, are also shown. 
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Figure 6.13: Composite normalized JASO 500 hPa geopotential heights of the years found in 
quadrants I (top), II (middle), and IV (bottom) in Figure 6.12. 
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Figure 6.14: Composite normalized JASO 500 hPa vertical motion of the years found in 
quadrants I (top), II (middle), and IV (bottom) in Figure 6.12. 
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Figure 6.15: Spatial correlation coefficients from the regression of local JASO mean 500 hPa 
vertical motion values from the 20CRv2 onto the series of the annual contribution of the 
thermodynamic terms of the LDI to the full in-sample model’s fitted response series, over 1900-
2012.  Regions of statistical significance at a 95% confidence threshold are contoured in green.  

 
 

 
 
Figure 6.16: SST, SLP, and surface wind stress anomalies associated with PDO warm phase. 
Source: Mantua and Hare [2002]. 
 
 

 
 
Figure 6.17: As Figure 6.15, but regressing local JASO mean 500 hPa pressure level heights onto 
the annual contribution of the steering terms to the in-sample LDI fitted response series. 
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CHAPTER SEVEN 

CONCLUSION AND FUTURE WORK 

The results presented in chapter six demonstrate that the Landfall Diagnostic Index (LDI) 

has a conceptual framework robust enough to offer new insight into the shortcomings of past 

attempts to anticipate and understand hurricane landfall variability in the North Atlantic Basin. In 

order to place these and other findings of this study in context, this chapter will offer a brief 

summary of the salient points of the project as a whole and synthesize its major results. Finally, 

it will conclude with some thoughts on potential future improvements, extensions, and 

applications of the LDI technique that may yield a broader perspective on the predictability and 

nature of tropical cyclone (TC) landfall risks in the Atlantic basin, as well as globally. 

 

7.1 Summary 

This project sought to develop an empirical and objective method to capture annual U.S. 

hurricane landfall activity over the full extent of the reliable climatological record, 1900-2012, 

using an index that incorporates optimized relationships with fields derived from the 

NOAA/CIRES 20th Century Reanalysis. This goal was undertaken with the idea of not only 

representing the maximum interannual and intraseasonal variance in the landfall record possible, 

but doing so in a way that would be physically relevant to the fundamental TC genesis, steering, 

and intensity governing processes involved. To that end, this project commenced by reviewing 

the wide range of efforts in the existing literature to either predict or diagnose annual Atlantic TC 

counts, which were more numerous than similar studies for landfall records, despite the 

economic and societal immediacy of TC impacts on landmasses. With no previous diagnostic 
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studies of U.S. hurricane landfall climatology variance, the utility gap in existing seasonal 

techniques provided a clear rationale for the development of an index that could potentially give 

insight into the environmental linkages of TC risk or be used as an objective measurement of 

landfall rate changes over time in dynamic climate models, among other applications. 

An objective intercomparison of the performance of modern genesis indices subsequently 

revealed that while many of these techniques do a reasonable job of capturing the interannual 

and seasonal cycle variance in annual Atlantic TC counts, none of the indices capture more than 

3% of the historical variability in U.S. hurricane landfalls. However, careful study of the genesis 

indices and their constituent components revealed important lessons regarding the construction 

of TC diagnostic models, as well as indicated which physical fields were more closely linked to 

landfall activity. Further study of U.S. landfall climatology demonstrated that TC count explains 

a significant but a surprisingly small 15-20% of the variance in hurricane landfalls. Larger 

differences in the expected chance of a TC making landfall were noted based on where it formed, 

as well as the environmental steering current regime in the Atlantic when it developed.  

These initial investigations demonstrated the need for a Landfall Diagnostic Index, which 

was generated using a hybridized Poisson regression technique. Model terms were added to the 

LDI one-at-a-time, selected from a broad set of potential predictors informed by past genesis 

index and climatological genesis and steering flow studies. Objective tests of diagnostic power 

were used to pick predictors from this set, with the added term then optimized prior to the next 

iterative step in model construction. The hybrid methodology fused the objectivity and statistical 

propriety of Poisson modeling with the conceptual rigor and physical explicability of manual 

predictor selection, while simultaneously serving as a strong check against overfitting. 

Incorporating upper-level divergence, mean meridional wind, zonal shear vorticity, and relative 
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sea surface temperature predictor terms, the final form of LDI subsequently explained around a 

statistically significant 30% of the interannual variance in historical hurricane landfalls. This 

diagnostic power was demonstrated in a thorough cross-validation process to exceed that of all 

climatological methods, even far surpassing the landfall diagnostic power of annual TC count.  

Following statistical validation, potential physical interpretations of the output and 

constituent terms of LDI were provided. Dividing the final predictors into a thermodynamic 

group (upper-level divergence and relative sea surface temperature) and a steering group 

(meridional wind and zonal shear vorticity) based on observed commonalities, each group was 

shown to contribute in a significant way to the diagnostic power of the model. However, the 

annual contributions to LDI of the two groups negatively co-varied (r=-0.46), an intriguing 

finding further borne out by their linkages with opposing climate modes. The thermodynamic 

and steering groups were shown to have significant relationships with historical TC count and 

track clustering, respectively, but also seemed to destructively interfere with one another.  

Several core takeaway points emerge from this review of the development, construction, 

and interpretation of LDI. First, the counterintuitively limited relationship between TC count and 

U.S. landfalls is a key result, as it implies that any predictive or diagnostic effort focused on 

measures of TC quantity, no matter how skilled, will be unable to effectively capture landfall 

variance. Secondly, the importance of the upper-level divergence term underscores the strong 

influence of global patterns of transverse and meridional circulations in discriminating favored 

locations of TC genesis location, intensity, and even track. While metrics such as Atlantic 

Meridional Mode capture some of this variability as it pertains to TCs, these concepts likely 

could be fruitfully revisited in light of the divergent behavior of count and landfall.  Finally, the 

conflicting ideal synoptic configuration of the thermodynamic and steering terms, particularly 
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manifesting in the diametric opposition of preferred Pacific Decadal Oscillation phase, is 

indicative of a potentially fundamental internal tension in the mechanisms underpinning 

continental U.S. hurricane landfall. While further study is certainly needed, this finding may help 

to explain the inherent difficulty in forecasting or diagnosing annual landfall activity. 

 

7.2 Future Work 

The intriguing conceptual connections made in the process of building and analyzing 

LDI, indicate many potential directions for further improvement and expansion of this initial 

effort to diagnose landfall climatology. One clear direction is to extend this diagnostic 

methodology globally, to other ocean basins in which TC landfalls commonly occur. While the 

coefficient values or even exact predictors could change, the hybrid model methodology itself is 

flexible enough to be easily adaptable to TC development regions other than the North Atlantic. 

Another possible idea would be to make the index truly localized, rather than dependent on 

extensive spatial and temporal averaging of predictors. While initial efforts towards this goal, 

like coast-directed steering fields, met with limited success, a fully spatial landfall index along 

the lines of the genesis indices could be a powerful analytical tool to further understand the 

historical evolution of landfall risk, particularly relating to individual events or localized regions. 

Finally, the tension between thermodynamic and steering landfall favorability raises the question 

of what environment is truly ideal for maximizing or minimizing the risk of U.S. hurricane 

landfall.  The concept of a “maximum” in LDI that resolves the balance of these influences 

merits further investigation, particularly as ascertaining such a synoptic pattern would lend 

further insight into both historical hurricane seasons as well as potentially indicating periods of 

real-time elevated landfall risk without respect to any particular TC. 
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APPENDIX A 

INDEX OF ABBREVIATIONS 

20CR: 20th Century Reanalysis 

20CRv2: 20th Century Reanalysis, version 2 

ACE: Accumulated Cyclone Energy 

AMM: Atlantic Meridional Mode 

AMO: Atlantic Multi-decadal Oscillation 

CGI: Cyclone genesis index 

Ch: Annual series of Atlantic Basin hurricane count, 1966-2012 

CHLOE: Climatological Hurricane Landfall Odds Estimator 

EMDR: Extended main development region 

ENSO: El Niño/Southern Oscillation  

ERSST.v3b: Extended Reconstructed Sea Surface Temperatures, version 3b 

GFI: Genesis Frequency Index 

GP: Genesis Potential 

GPI: Genesis Potential Index 

IBTrACS: International Best Track Archive for Climate Stewardship 

JASO: July, August, September, and October 

LFh: Annual series of continental U.S. hurricane landfalls, 1900-2012 

LDI: Landfall Diagnostic Index 

MDR: Main development region 

MEI: Multivariate ENSO Index 

MSE: Mean squared error 
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NAO: North Atlantic Oscillation 

NCEP/NCAR: National Centers for Environmental Prediction/National Center for Atmospheric 
Research 
 
NOAA: National Oceanographic and Atmospheric Administration 

NSD: Net saturation depression 

PDO: Pacific Decadal Oscillation 

Ph: Annual series of the proportion of Atlantic hurricanes making landfall at hurricane intensity 
in the continental U.S., 1900-2012 
 
PI: Potential intensity 

PNA: Pacific-North American oscillation 

QBO: Quasi-biennial Oscillation 

RH: Relative humidity 

rSST: Relative sea surface temperature 

SLP: Sea-level pressure 

SST: Sea surface temperature 

TC: Tropical cyclone 

TCG: Tropical Cyclone Genesis (index) 

VP: Velocity potential 
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