
ABSTRACT 

TORRES-VAZQUEZ, ANA PATRICIA. Evaluating the Effects of a Warming Climate on the 

Spatiotemporal Characteristics of Tropical Cyclones. (Under the direction of Dr. Gary 

Lackmann). 

 

Prior research suggests that a warming climate could have a significant impact on tropical 

cyclone (TC) activity worldwide. There is some agreement in previous studies regarding 

potential decreases in TC frequency and increases in storm intensity in the future. However, it is 

still unclear how climate change could impact the seasonality and geographical location of TC 

activity. In the past, efforts to unravel these questions have been hindered by the coarse 

resolution of most global climate models (GCM).  Our study aims to quantify those 

spatiotemporal changes in TC activity over the Northern Hemisphere by (a) using a TC genesis 

index to examine future changes in the favorable conditions for cyclogenesis in coarse resolution 

GCM data, and by (b) using high resolution (15-km), TC resolving model simulations run using 

the Model for Prediction Across Scales (MPAS). To evaluate the conditions in the coarse 

resolution data, we applied the Genesis Potential Index (GPI) to 18 ensemble members from four 

models of the historical and Representative Concentration Pathway 8.5 (RCP 8.5) experiments 

from the Coupled Model Intercomparison Project Phase 5 (CMIP5). When evaluating the 

changes in the high resolution data, we calculated characteristics such as TC genesis frequency 

and intensity, seasonal march and duration, and the locations and density of TC genesis, lifetime 

maximum intensity (LMI) and lysis. The GPI was also applied to the high resolution MPAS 

simulations to evaluate its performance when compared to the resolved TCs in MPAS.  

We found significant decreases in the potential for cyclogenesis in the 18-member future 

CMIP5 ensemble mean over the tropics between June and November. Applying the GPI to the 

MPAS data resulted in similar findings. However, when studying the simulated TCs we found a 



projected increase in future MPAS TC genesis over the subtropical regions of the Northern 

Hemisphere and over the Eastern Pacific tropics. While these results were temporally isolated 

and regionally variable, which lessens our confidence in the results, the discrepancies between 

the TC frequency increases and the projected decreases in future GPI suggest potential issues 

with the GPI’s functional relationships, or with the model’s ability to spin up tropical cyclones 

under unfavorable environmental conditions.  

We also found that the TC seasons in the Western Pacific and North Atlantic basins may 

change with future warming, with the Western Pacific season becoming shorter and the North 

Atlantic season expanding, both by one month. Furthermore, a poleward shift in the locations of 

TC genesis and LMI was detected over the North Atlantic basin.  
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1. Introduction 

1.1 Motivation 

 Tropical cyclones (TCs) – warm-cored cyclones that form over tropical waters and are 

accompanied by extreme precipitation and wind speeds – are some of the most destructive 

natural phenomena worldwide, causing billions in property loss and damages (e.g., Emanuel, 

2005). Currently, TC activity is modulated by variations in large-scale environmental factors – 

like sea surface temperature (SST) and vertical wind shear (DeMaria, 1996) – which help 

determine when and where cyclones can form and grow (Gray, 1975).  While these factors are 

not sufficient to prescribe cyclogenesis (TCs will form in the presence of existing systems of 

organized convection, which are themselves governed by a host of other factors), our 

understanding shows that over the Northern Hemisphere the large-scale environmental 

conditions favor most TC activity to occur over the tropics (5°-23.5° N) between June and 

November. However, storms that occur well outside these prescribed thresholds, like Hurricane 

Alex – which made landfall over the Azores Islands in the North Atlantic Ocean as a Category 1 

Hurricane in January 2016 – and Hurricane Ophelia –  which formed far north and east of the 

Atlantic Main Development Region and went on to make landfall over Ireland in October 2017 – 

pose questions as to what environmental conditions can make such events possible, how those 

environmental conditions might change in the upcoming decades, and ultimately, how likely 

these abnormal events could be in the future.  

 Research over the past two decades suggests that a warming climate could have a significant 

impact on future TC activity worldwide (see Knutson et al., 2010; Walsh et al., 2016), leading to 

a decrease in TC frequency and an increase in TC intensity. Additional research has revealed 

potential changes to the seasonality and regional location of activity over the Western Pacific and 
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North Atlantic Oceans (e.g Kossin, 2008; Kossin et al. 2014; Kossin et al. 2016). The findings 

are notable when considering the limitations that come with the coarse resolution of most global 

circulation models (GCM) that are used in climate projection. GCMs adequately represent large-

scale environmental features in current (and presumably future) climate simulations but are 

generally unable to accurately simulate tropical cyclones owing to their coarse resolution. Some 

studies embrace these limitations by using proxy methods like dynamical downscaling and TC 

genesis indices to determine the future potential for TC activity. These methods provide some 

insight into potential future activity but have inherent disadvantages that potentially introduce 

more error and uncertainty into an already complex analysis task.  

 Through the present study, we aim to quantify any potential changes in TC seasonality and 

location by using both GCM output along with a set of high resolution, TC resolving model 

simulations. Using model simulations that adequately resolve tropical cyclones allows for a close 

examination of any differences in the seasonality and location for TC characteristics such as 

genesis and lysis, while also determining the driving factors behind these potential changes. We 

will also assess the performance of a genesis index when compared to discrete genesis events in 

current and future climate simulations. Such validation can improve confidence in the use of 

such tools. 

1.1 Background 

Numerous studies have investigated the changes in TC activity over the past three decades 

with the intent to identify any trends that could indicate significant differences and to discover 

the potential link between those variations and a warming climate. The primary focus of many 

climate change studies has been to identify potential large-scale changes in global climates due 

to anthropogenic forcings. However, linking such large-scale environmental differences to 



   

3 

 

synoptic-scale, quasi-stochastic phenomena like tropical cyclones is not a trivial pursuit. Firstly, 

TC activity on a year-to-year or even decade-to-decade scale is responsive to different modes of 

natural variability (e.g. the El Niño-Southern Oscillation (ENSO), the Madden Julian Oscillation 

(MJO), the North Atlantic Oscillation (NAO), among others). As such, studies that look at the 

impacts of externally forced climate change on weather phenomena during the last few decades 

must tease out the influences of these intrinsic modes of variability from the anthropogenic 

forcings in the data. Additionally, past and future gridded climate data is mostly coarse in 

resolution and spans too short a period to confidently assign significance to any trends. Because 

of this, many scientists in the field use proxy measurements, datasets, and indicators to attribute 

climate change impacts to TC activity, which in turn can hinder these attempts at attribution. 

The following sections describe the research attempts to pinpoint these influences and 

identify significant changes in TC activity due to climate change. Special attention is paid to 

studies that examine changes in the seasonality and regional extent of TC activity, and to the 

methods used in these studies.  

1.1.1 Frequency and Intensity 

Recent research suggests that a warming climate could have a significant impact on (TC) 

activity worldwide. Knutson et al. (2010) and Walsh et al. (2016) compiled all the relevant 

results into two review articles in which they describe the consensus that exists regarding 

potential decreases in TC frequency and increases in storm intensity in the future. Knutson found 

that most studies looking at future projections indicated that climate change would cause the 

globally averaged intensity of TCs to increase by 2-11% by 2100, while the globally averaged 

frequency of TC activity would decrease by 6-34%. Additionally, they found that higher-

resolution modeling studies project an increase in the frequency of more intense cyclones and 
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increases in precipitation associated with TCs of about 20%.  The Walsh review article presents 

more recent studies on the topic and generally supports the Knutson findings of a decrease in TC 

activity and an increase in TC intensity.  

More recent studies have found evidence that contradicts the established consensus.  

Emanuel (2013) applied his seeding and downscaling technique (Emanuel et al., 2008) to a set of 

six climate models from the Coupled Model Intercomparison Project, Phase 5 (CMIP5) 

Representative Concentration Pathway 8.5 (RCP 8.5; the most extreme future emissions 

scenario) experiment and found a globally averaged increase in TC activity, along with an 

increase in the globally averaged Genesis Potential Intensity (GPI). Bhatia et al. (2018) also 

found basin-specific increases in TC frequency when using a high-resolution atmosphere-ocean 

coupled climate model forced with RCP 4.5 future forcings (a more moderate representative 

pathway than RCP 8.5).  

The projected increase in TC intensity is mostly attributed to the warmer SSTs (Emanuel, 

2005). Unfortunately, no such consensus exists when trying to identify the causes for the 

projected TC frequency decreases. Some studies attribute this decrease to increases in the mid-

tropospheric entropy deficit (Mallard et al., 2013b, Camargo et al., 2014). The entropy deficit – 

the amount by which entropy must be increased to achieve saturation without changing the 

environmental temperature and pressure – is projected to increase following the Clausius-

Clapeyron relationship, which would inhibit mid-tropospheric saturation and cyclogenesis. 

Others attribute the decrease to changes in the magnitude and location of favorable vertical wind 

shear (Vecchi and Soden, 2007a), upper-tropospheric warming (Hill and Lackmann, 2011), 

increased vertical stability (Oouchi et al., 2006) and/or weakened vertical motion in the tropics 

(Held and Zhao, 2011). To confuse matters further, these results vary per basin and have only 
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been evaluated for the tropical cyclone season, not for off-season months and subtropical 

regions.  

Based on this discussion, it is apparent that more research is needed to corroborate the TC 

frequency and intensity projections, and to clarify the potential driving influences behind these 

changes. This study will tackle these questions within the context of how the seasonality and 

geographical extent of TCs might change with a warming climate, as presented in Section 1.3.  

1.1.2 Seasonality and Geographical Extent 

 There remains a lack of consensus regarding how climate change could impact TC 

seasonality and geographical activity. Kossin (2008) found some tendencies towards more early 

and late season storms in the TC observations over the North Atlantic basin over the last 30 

years.  Dwyer et al. (2015) suggested that this trend could be linked to increased TC frequency 

over the past decade in the basin, and not directly caused by warming temperatures. Landsea et 

al. (2010) describe similar results, showing that the recent increases recorded over the North 

Atlantic are a product of the increment in the recording of shorter-lived storms.  In their study, 

Dwyer also found conflicting results when looking at twenty-first-century projections of TC 

season length; some datasets pointed towards a lengthening of the season, while others implied 

the season would become shorter. Results per basin were also very varied, with no clear 

consensus for significant changes over any of the basins.  

 Additionally, Kossin et al. (2014) found that the average location where a storm achieves its 

Lifetime Maximum Intensity (LMI) in the Western Pacific basin has migrated poleward over the 

last thirty years, which they attribute to changes in the mean vertical wind shear and PI. Daloz 

and Camargo (2017) support these finds; they found that the TC genesis locations over the 

Pacific Ocean have also exhibited a significant poleward migration over the last two decades, 
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along with a shift of the favorable values of vertical wind shear, potential intensity (PI; Bister 

and Emanuel, 2002), skin temperature and specific humidity at 500 hPa. Kossin et al. (2016) 

extended their study of the LMI poleward migration into the twenty-first century using an 

ensemble of models from CMIP5 and found a continuing future poleward migration of TC 

activity over the Pacific Ocean not associated with the known modes of variability in the basin. 

Sharmila and Walsh (2018) suggest that this poleward shift in favorable environmental 

conditions could be linked to changes in the Hadley Cell circulation, such as the recent upper-

level weakening of the rising branch of the cell over the deep tropics, or the poleward shift of the 

meridional extent of the cell. 

 Despite the growing body of work focused on answering this question, the exact mechanisms 

responsible for this behavior remain unclear. The studies discussed above propose a host of 

potential culprits for the poleward shift in activity over the Western Pacific but reach no 

consensus. In an effort to bring some clarity to the issue, Shen et al. (2018) conducted idealized 

experiments on the Weather and Forecasting Model (WRF) where they isolated the impacts of 

increased SST from the influence of natural modes of variability on tropical cyclone activity and 

found that the poleward migration can be explained by the increases in SST, which are driven in 

part by anthropogenic climate change. Despite these efforts, the question remains unanswered, 

and further complicated by recent findings indicating a reversal of this poleward migration in 

recent years. Sun et al. (2018) found that the observed poleward migration is mostly found 

during the “rapid warming” period of the last 30 years (1980-1999), whereas a reversal in the 

poleward shift has been observed during the “slow warming” period (1999-2016), which they 

attribute to changes in the regional relative SST patterns over the tropical Western Pacific, 

between 20–40°N, 140–160°E. 
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 These results highlight the need for further research to answer these two questions. Despite 

the years of research and study, there remains a need to provide clear and concise answers to the 

questions of how a warming climate could impact TC seasonality and geographical activity. The 

methods proposed in Chapter 2 provide a clear plan of action to tackle these questions.  

1.1.3 TC Genesis Indices and Climate Change 

Previous studies have applied tropical cyclone genesis indices to study the relationship 

between the large-scale environment and TC activity. TC genesis indices take in environmental 

variables known to favor cyclogenesis – like warm SSTs and low vertical wind shear – and 

output a measure of the potential for cyclogenesis over a given area and time period.  

Because such a tool is used in the analysis of this study, it is important to discuss the results 

obtained in past studies. Most of those studies focused on identifying trends and changes in 

twentieth-century data, and their results have validated the use of TC genesis indices to obtain 

reasonable current TC climatologies. For example, Camargo et al. (2007a, 2007b) assessed the 

overall performance of the Genesis Potential Index (GPI; Emanuel and Nolan, 2004) when 

applied to reanalysis and twentieth-century GCM data and determined that the GPI was able to 

adequately replicate annual TC climatologies in each basin and adequately represent the impacts 

of the ENSO on tropical cyclone activity. However, they noted that the GPI values and regional 

extent were larger for all GCMs when compared to observations. The differences in magnitude 

were found to be highly dependent on the convective schemes used in the models (Emanuel et 

al., 2008; Yokoi et al., 2009). Zhao and Held (2012) found further sensitivity in the ability of 

GCMs to capture TCs caused by changes in the horizontal cumulus mixing rate and the strength 

of the damping of the divergent component of the horizontal flow.  Menkes et al. (2012) 

compared the GPI’s performance to several other indices when applied to multiple reanalysis 
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datasets and determined that the variability associated to using different indices is larger than that 

associated to using different reanalysis datasets. They also advised caution when using genesis 

indices and making definitive conclusions based on their results.  

Several studies have applied TC genesis indices to different climates, but they have yielded 

contradictory results. Korty et al. (2012) used an adapted version of the GPI that includes the 

entropy deficit in lieu of relative humidity (Emanuel, 2010) to assess TC activity in GCM 

simulations of the Last Glacial Maximum. They compared those results to pre-industrial GPI 

results and found that, despite the cooler temperatures of the period, many of the conditions that 

are favorable for TC genesis did not decrease; in fact, the entropy deficit and PI became more 

favorable for genesis wherever the SSTs decreased by less than 2°C. Emanuel et al. (2013) used 

the same adapted GPI and found that the global average GPI increased between 1950-2100, a 

result that contradicts most studies in the field. Camargo (2013) used the original GPI on 

historical and future CMIP5 model outputs and found: a) little relationship between projected 

GPI values and resolved TCs in the data, and b) future increases in GPI over the Northern 

Hemisphere tropics. Camargo et al. (2014) developed their own TC genesis index and applied it 

to future 50 km HiRAM model simulations. They found a global reduction in TC activity as 

described by their index and an increase in the identified genesis events as simulated by the 

model. This discrepancy was further tested by making changes to the coefficients and 

dependencies in their genesis index, which revealed that the inclusion of saturation deficit in the 

index improves the index performance but does not lead to a direct agreement between the two 

measures. Ultimately, they suggested that the discrepancies could have something to do with the 

way each model simulates TCs (echoing the findings of Camargo (2013)) but did not provide a 

pathway to a) find evidence of this, or b) improve our methods of evaluating the performance of 
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genesis indices. Additionally, Dwyer et at. (2015) used the same genesis index and applied it to 

several CMIP5 current and future climate simulations. They also found a global TC reduction in 

the future, along with a potential reduction in TC season length over some of the basins. These 

results varied depending on the model and method used for seasonal calculations.  

The discussions above showcase some of the advantages and limitations of using changes in 

large-scale environmental features to diagnose changes in TC activity. Ultimately, they showcase 

the need for more research to determine how a warming climate could impact TC activity in the 

future.  

 

1.2 Science Questions 

This study aims to determine if and how climate warming could impact the seasonality and 

geographical location of TC activity over the Western and Eastern Pacific and the North Atlantic 

basins. To shed some light on this issue, the study will attempt to answer the following 

questions: 

- Will the large-scale environmental conditions conducive to TC genesis experience a 

change in seasonality and geographical extent due to a warming climate? Will these 

changes be reflected in the GPI values and patterns? 

- How will climate change impact the seasonality and geographical locations of discrete 

tracked TC characteristics such as genesis and lysis time? Will the changes in TC genesis 

and lysis occurrence reflect a lengthening or shrinking of the TC season, as suggested by 

Kossin (2008)? Furthermore, will the changes in geographical location show a poleward 

shift, as described in Kossin et al. (2014)? 

- Will climate change impact the translation speeds of tropical cyclones? Will they become 

slower, as Kossin (2018) proposes? 
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- Are the MPAS GPI changes consistent with the changes in TC genesis density? 

To begin answering these questions, the GPI was applied to reanalysis and coarse-resolution 

CMIP5 data to identify and analyze potential changes in the large-scale environment. The GPI 

was also applied to high-resolution climate simulations that can represent TCs to evaluate the 

skill of the GPI in identifying areas that are favorable to cyclogenesis. This was done by 

comparing the GPI values to tracked TC genesis events in the data. Additional discrete TC 

characteristics, like TC genesis, lysis, intensity, translation speeds, etc., were calculated and used 

to identify and analyze potential changes in TC seasonality and geographical location.  

1.3 Thesis Outline 

 

Chapter 2 details the data and analysis and statistical methods and tools used for analysis in 

this study. Chapter 3 describes the biases and potential future changes in the seasonal large-scale 

environment as projected by GCMs. Chapter 4 presents an analysis of future changes in seasonal 

GPI in each model. Chapter 5 examines the changes in discrete TC characteristics like genesis 

and lysis time and location as calculated from the TC tracking results. Chapter 6 includes a 

summary of results, concluding remarks, and ideas for future work.   
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2. Methods 

The data and model details for this study are described in the following sections, followed by 

a discussion on the tools and algorithms used to analyze data. Finally, an explanation of the 

statistical methods used in this study is presented.   

2.1 Ocean Basin Definitions 

This study focused on studying potential future changes in TC activity over the Western 

Pacific, Eastern Pacific, the Gulf of Mexico and the North Atlantic basins. As of yet, there is no 

uniform set of basin definitions in the literature, with most variations changing the longitudinal 

extent of each basin (see Camargo et al., 2007b; Emanuel, 2010; Menkes et al., 2012; Bruyere et 

al., 2012; Camargo et al., 2014; Guilford et al., 2017). Nevertheless, some of these studies agree 

on the importance of studying activity in defined Main Development Regions (MDRs), although 

there is no clear consensus regarding the objective geographical extent of MDRs across the globe 

(see Bruyere et al, 2012; Colbert et al., 2013; Mallard et al., 2013).  Additionally, the findings in 

Kossin et al. (2014) and Daloz and Camargo (2017) have highlighted the need to understand 

changes in activity over the higher latitudes in each basin (the “subtropical regions” (23.5° – 35° 

N), or STRs).   

It is evident that an objectively determined set of basin definitions is necessary to facilitate 

homogeneity in the reporting and comparisons of basin-specific results. However, such an effort 

is beyond the scope of this study. For this study, the basin definitions were adapted from the 

studies discussed above and are described in Figure 2.1 and Table 2.1.  
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2.2 Data 

2.2.1 International Best Track Archive for Climate Stewardship (IBTrACS) 

Best-track data detailing TC observations like position and intensity were obtained from 

the International Best Track Archive for Climate Stewardship (IBTrACS) version 03r091 for the 

period 1980-2005 (Knapp et al., 2010). Best-track data are compiled from observations and from 

post-event numerical analysis of all available data (including reanalysis data) to guarantee the 

best possible information regarding TC position and intensity. The IBTrACS database compiles 

best-track data from several regional observational centers which use different methods and 

measures for storm characteristics like maximum sustained 10-meter winds (some agencies 

average this metric over 1,2 and 10 minutes).  These discrepancies can introduce error into best 

track data calculations.  Additionally, multiple regional centers can report on any singular given 

storm, introducing duplicates into the mix. Torn and Snyder (2012) found inconsistencies in the 

reporting of TC location and intensity by the National Hurricane Center (NHC) itself. To avoid 

the impact of inconsistent and conflicting data, this study used the data collected from a subset of 

regional observational centers whose reporting methods are sanctioned by the World 

Meteorological Organization (WMO).  

For the purposes of this study, genesis was identified as the first instance along each 

cyclone’s lifetime when the 10-meter wind speeds exceeded 17 m/s. The period of 1980-2005 

was selected for two reasons: (1) the reliability of data once the satellite era came about (circa 

1980); and (2) to facilitate comparisons with current climate CMIP5 data used in this study 

(described in Section 2.3.3), which cuts off after 2005. When making comparisons to the current 

climate MPAS simulations (described in Section 2.3.4), IBTrACS data for the same years of the 

                                                 
1 Available from https://www.ncdc.noaa.gov/ibtracs/index.php?name=wmo-data 
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simulations were used to better approximate the response of observed TC activity to the 

influences of the El Niño-Southern Oscillation (ENSO) and other long-term weather phenomena. 

2.2.2  ERA-Interim 

Monthly means for multiple large-scale environmental parameters were obtained from the 

European Centre for Medium-Range Weather Forecasts (ECMWF) Interim reanalysis (ERA-

Interim, Dee et al. 2011)2. These data have a horizontal grid spacing of 0.75° latitude × 0.75° 

longitude and 37 vertical levels and was used as a gridded observational proxy to use in 

comparisons with the GCM output. When comparing ERA-Interim data to the CMIP5 current 

climate models, the monthly means between 1980-2005 were used, for reasons detailed in 

Section 2.2.3. A selection of 10 years (Table 2.2) was used when comparing it to the MPAS 

current climate simulations (see Section 2.2.4). These 10 years were selected for their ENSO, as 

detailed further in Michaelis et al. (2018, submitted).  

There are many known errors associated with reanalysis datasets, especially in the 

representation of radiative quantities (Reichler and Kim, 2008). Nevertheless, while Murakami 

(2010) found that most reanalysis datasets (including the ERA-Interim) underestimate the 

number and intensity of TCs, they also found that most reanalysis datasets adequately represent 

the spatial extent of TC activity and the relationship between the maximum surface wind speeds 

and the mean sea level pressure.  

2.2.3 Coupled Model Intercomparison Project Phase 5 (CMIP5) 

Monthly mean data from four models and their ensembles from the Coupled Model 

Intercomparison Project (CMIP) phase 5 (CMIP5; Taylor et al. 2012) were used to analyze the 

possible 21st century changes in the favorability of the environment to support tropical 

                                                 
2 Downloaded from the Research Data Archive at the National Center for Atmospheric Research, Computational 

and Information Systems Laboratory. https://doi.org/10.5065/D6CR5RD9 
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cyclogenesis: the National Center for Atmospheric Research (NCAR) CCSM4, the Met Office 

Hadley Center HadGEM2-ES, the Max Planck Institute for Meteorology MPI-ESM-LR, and the 

Centre National de Recherches Meteorologiques CNRM-CM53. These models were selected for 

three reasons: (1) they had higher resolutions than most other CMIP5 model members (see Table 

2.3); (2) they had current climate data spanning the period chosen for this study; (3) they had 

future climate data spanning the period 2080-2105.  These monthly means were chosen from the 

historical (“current climate”) and Representative Concentration Pathway 8.5 (RCP 8.5, “future 

climate”) experiments. The RCP 8.5 considers high future energetic demands, increases in 

population, and few to no climate change policies being implemented globally. As such, it 

corresponds to the highest greenhouse gas emissions simulated by the Intergovernmental Panel 

on Climate Change (IPCC; Van Vuuren et al., 2011).  

There are 18 ensembles available for the four CMIP5 models used here (six for the 

CCSM4, five for the CNRM-CM5, four for the HadGEM2-ES, and three for the MPI-ESM-LR, 

see Table 2.3 for additional details), all run with slightly different initial climate states and thus 

providing slightly different results for all environmental variables. These ensemble members 

were used to construct model-specific ensemble means to ensure little influence on results from 

individual member biases. These model-specific ensemble means were then averaged to create 

individual model average representations, which were then averaged together to create the multi-

model ensemble means.  

2.2.4 Model for Predictions Across Scales (MPAS) 

High resolution “current climate” and “future climate” simulations were performed by 

Michaelis et al. (2018, submitted) using the Model for Prediction Across Scales (MPAS; 

                                                 
3 Data obtained from the Earth System Grid Federation (ESGF) Department of Energy data node at the Lawrence 

Livermore National Laboratory; https://esgf-node.llnl.gov/search/cmip5/ 
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Skamarock et al., 2012). In their study, Michaelis ran ten “current climate” simulations and ten 

“future climate” simulations using ERA-Interim initial conditions based on 10 years that span the 

spectrum of El Nino-Southern Oscillation (ENSO) behavior (1988, 1992, 1994, 1997, 2001, 

2005, 2010, 2011, 2013, and 2015). The future climate initial conditions were modified to mimic 

the IPCC RCP 8.5 scenario by applying GCM-derived SST and temperature difference fields and 

increasing the CO2.  Each simulation has six-hourly outputs and spans 14.5 months in duration, 

with the first 2.5 months eliminated as spin-up.  These simulations have 15 km (0.125°) 

horizontal grid spacing over the Northern Hemisphere and can simulate distinct and intense 

tropical cyclones. For this study, the six-hourly outputs were used to find and track tropical 

cyclones, while monthly means were calculated to find the genesis potential in each region (see 

Section 2.3.1).  

Further details regarding model set-up and the climate simulations can be found in Michaelis 

et al. (2018, submitted).  

2.3 TC Tools and Algorithms  

2.3.1 Genesis Potential Index (GPI) 

The first documented genesis index was developed by Gray (1975). His genesis potential 

(GP) index used sea surface temperature (SST), mid-level relative humidity, vertical wind shear, 

and low-level vorticity to diagnose potential TC activity. Since then, several indices have been 

created using different functional relationships between these quantities, and they have been 

customized to address activity in different basins (DeMaria et al., 2001; Royer et al., 1998; Sall 

et al., 2006; Bye and Keay, 2008; Kotal et al., 2009; Murakami and Wang, 2010; Emanuel, 2010; 

Tippett et al., 2011; Bruyère et al., 2012; Holland and Bruyère, 2014; Tang and Camargo, 2014). 

Many of these have replaced the dependence on SST in the GP, thus making their indices more 
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practical for climate change studies. Of these indices, the two versions of the Genesis Potential 

Index (GPI; Emanuel and Nolan, 2004; Emanuel, 2010) are the most widely used in the literature 

for future climate change studies. The earlier version of the GPI replaced the GP SST parameter 

with potential intensity, while the newer, adapted version of the GPI replaced relative humidity 

with saturation deficit. These changes allow the index to more adequately simulate future 

conditions without they thermodynamic constraints that correspond to current climatologies.  

In this study, the 2010 version of the GPI was calculated for all ERA-Interim, CMIP5, and 

MPAS monthly mean values as follows: 

GPI =
min([|η|,4x10−5])3max(PI−35,0)2

χ
4
3(25+Vshear)

4
, 4                                    (1) 

where η is the 850 hPa absolute vorticity, constrained to a maximum value of 4x10−5 s-1 as in 

Tippett et al. (2011),  Vshear is the magnitude of the 850 hPa – 200 hPa vertical wind shear and 

PI is the potential intensity. The PI is expressed in m/s and defined as: 

                 PI = √
Ck

Cd

SST−T0

T0
(k0

∗ − k),                                                     (2) 

where Ck and Cd are the exchange coefficients for enthalpy and drag (𝐶𝑘 𝐶𝑑 = 0.9)⁄ , T0 is the 

temperature at the convective outflow level and (k0
∗ − k) is the difference between the saturation 

specific enthalpy at sea surface and that of the overlying marine boundary layer. (𝑆𝑆𝑇 −𝑇0 𝑇0)⁄  

represents the thermodynamic efficiency of a given area, while (k0
∗ − k) characterizes the 

thermodynamic disequilibrium of a column. The PI represents the maximum potential wind 

speeds attainable by a TC given specific SST and atmospheric thermodynamic conditions, and it 

                                                 
4 Original version of this equation found in Emanuel (2010), adjustments to the absolute vorticity term taken from 

Tippet et al. (2011). 
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can be related to the potential for convection to reach the upper troposphere. In this study, PI is 

calculated in each grid column using a Matlab algorithm provided by Kerry Emanuel5.  

The χ parameter is defined as  

                    χ =
χmid

χflux
=

sb−sm

s0
∗ −sb

,                                                       (3) 

where sm is the moist entropy of the middle troposphere, sb is that of the boundary layer, and s0* 

is the saturation moist entropy of the sea surface. This parameter represents the ratio between the 

entropy deficit at the mid-tropospheric layer (χmid) and the enthalpy fluxes at the boundary layer 

(χflux); for a storm to form and thrive, χflux must be larger than χmid.  In this study, χmid was 

adapted following Rappin et al. (2010), which established that sb ≈ s*m, and so 

 χmid can be redefined as: 

χmid =Lv
qm
∗ −qm

Tm
.                                                       (4) 

The units for the GPI are 1 𝑚2 ∙ 𝑠⁄ , or GPI per meter squared per second. To facilitate 

comparisons between GPI results and discrete TC counts, these units were converted to 1 ⁄

1°x1°box ∙ month. The GPI values were then multiplied by normalization factors to approximate 

the average number of TCs per basin per year (26 for the Western Pacific, 17 for the Eastern 

Pacific, and 4 for the Gulf of Mexico and 9 for the North Atlantic), yielding units of 

𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑇𝐶𝑔𝑒𝑛𝑒𝑠𝑖𝑠 ⁄ 1°𝑥1°𝑏𝑜𝑥 ∙ 𝑚𝑜𝑛𝑡ℎ. This has been done at the global scale by 

multiple studies (e.g. Korty et al., 2012; Daloz and Camargo, 2017), but applying basin-specific 

normalization factors as done here was recommended by Menkes et al. (2012). A qualitative 

comparison between the un-normalized and the normalized quantities for current and future 

                                                 
5 Available at ftp://texmex.mit.edu/pub/emanuel/TCMAX/pcmin.m 
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climate GPIs shows that calculating the normalization factors using current climatology does not 

impact the patterns or relative magnitudes of normalized future GPI. 

It is important to note that the GPI is not to be used to determine and forecast direct genesis 

occurrences. Genesis indices often ignore stochastic processes crucial to cyclogenesis (e.g. the 

presence of an incipient tropical system), and the relationships between the input parameters and 

the results are often not linear in nature. This led Menkes et al. (2012) to advise caution when 

making conclusions based on these indices.  In this study, the index was interpreted as an 

indicator for the maximum potential number of genesis events in the given area and period, and 

the conclusions made regarding potential TC genesis numbers are understood to be rough 

estimates.   

2.3.2 Storm Tracker 

Most of the studies that explore TC activity employ a variety of TC detection methods to 

identify and classify TCs in reanalysis and GCM data output. These detection algorithms rely on 

a variety of threshold criteria to differentiate tropical cyclones from other cyclonic and large-

scale environmental features like mid-latitude cyclones. In the past, each study has defined the 

set of threshold criteria that would work best for their dataset and/or research purposes. This has 

resulted in a lack of uniform and objective methods to detect TCs, which in turn has hindered the 

ability to reliably and directly draw comparisons and conclusions between the results from 

different studies.  

Some attempts have been made to reduce this level of subjectivity in detecting and tracking 

algorithms. Walsh et al. (2007) found that many studies would use a wide range of wind speed 

thresholds at different atmospheric levels as cut-offs that would define a TC because many 

coarse-resolution GCM outputs cannot accurately represent observed TC wind speeds. To 
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introduce some objectivity to this wind threshold selection process, they developed a functional 

relationship between the wind speed threshold and the grid resolution of a given data set: the 

coarser the resolution the lower the wind speed threshold, and vice versa. In doing this, Walsh 

provided those in this field with a tool that can help homogenize the TC detection process.  

In this study, TCs in the MPAS simulations were tracked using the TempestExtremes 

tracking algorithm (Ullrich & Zarzycki, 2017; Zarzycki & Ullrich, 2017) to recreate present and 

future TC climatology. The algorithm detects potential storms by: 

- Identifying sea level pressure (SLP) minima that are surrounded by a closed contour of 

SLP 2 hPa greater than the corresponding minima within a 2° radius 

- Applying a geopotential thickness maximum at the 400-hPa level to the identified loci of 

SLP minima. The geopotential maximum must be spatially aligned with the SLP 

minimum (within 1° radius) and be enclosed by a closed contour of thickness 15 m 

smaller than the geopotential thickness maximum.  

Once these storm centers were parsed, they were stitched together into storm tracks. To be 

considered a TC track, the storm centers must not travel more than 6° in a 6-hour period, genesis 

must have occurred southward of 45°N, and the track must have a lifetime of 48+ hours. This 

method of tracking does not rely on wind speeds to characterize storms and ultimately avoids the 

limitations identified by Walsh et al. (2007). 

2.4 Regridding 

The ERA-Interim, CMIP5, and MPAS monthly mean environmental parameters and GPI 

results were interpolated to a 2°x 2° latitude-longitude grid to facilitate comparisons. However, 

the native resolution was kept when making comparisons between the MPAS “current climate” 
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and “future climate” GPI results, and when applying the TempestExtremes tracker, to retain fine 

resolution details that could be meaningful to the analysis.  

2.5 Statistical Significance Testing  

Statistical significance testing was used in this study to establish if the future changes 

measured in the data could be explained by natural variability or if they could be caused by 

external forcings.  

Given the multi-ensemble nature of the CMIP5 data used in this study, testing the CMIP5 

results for statistical significance required combining two statistical analysis techniques. The first 

step used to analyze the multi-ensemble CMIP5 data was to determine the level of agreement 

between all ensemble members regarding the sign of the results (i.e. how many members agree 

about an increase or a decrease in a given quantity) By doing so, ensemble members that were 

found to skew the ensemble-mean results could be documented as such, and those results that 

were projected by most of the members could be identified as meaningful outcomes. The second 

step in this process was to check if the instances where the ensemble members agreed on the 

changes were within the range of natural variability. A version of this two-step method of 

statistical analysis was adopted in the 2013 IPCC Climate Change Synthesis for Policymakers, 

where they establish significance when 90% of the models agree on the sign of the change and 

when “the projected change is large compared to natural internal variability”. Korty et al. (2012) 

also applied a version of the model agreement methodology by defining that a change in their 

results was “significant” if five of the seven models used (or 71%) agree on the sign of the 

change.  

In this study, ensemble member agreement is found when 14 out of the 18 (or 77%) members 

agree on the sign of a given result. Then, to determine if the results fall within the range of 
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natural variability, confidence intervals are constructed for current climate data using the 

bootstrap technique. The bootstrapping method estimates statistical parameters (like population 

means and confidence intervals) by resampling a data sample with replacement. Here, the 

monthly mean current climate datasets (ERA-Interim/current climate CMIP5 ensemble mean) 

were resampled n = 1000 iterations with replacement and 95% confidence intervals (CI) were 

constructed from these resampled data. The mean GCM current and future climate means were 

then compared to these CIs, and any results that fell outside the confidence intervals were outside 

the realm of natural variability. Such results were identified with black stippling.  

The bootstrap and confidence interval technique was also applied to evaluate the MPAS 

simulation results. Results that fell outside of the range of natural variability were identified with 

black stippling.  

 

 

 

 

 

 

 

 

 

 

 

 

 



   

22 

 

 

 
Latitudes Longitudes 

Western North Pacific 
- MDR 
- STR 

- 
5°  – 23.4 ° N 
23.5°  – 35° N 

105°  – 180 ° E 

Eastern North Pacific 
- MDR 
- STR 

- 
5°  – 23.4 ° N 
23.5°  – 35° N 

180°  – 260 ° E 

North Atlantic 
- MDR 
- STR 

- 
5°  – 23.4 ° N 
23.5°  – 35° N 

280°  – 340 ° E 

Gulf of Mexico 15°  – 31 ° N 260°  – 280 ° E 
 

 

 

Model Acronym Atmospheric horizontal resolution (lat x lon) 

CCSM4 0.945° x 1.25 ° 

CNRM-CM5 1.40° x 1.40° 

MPI-ESM-LR 1.8683° x 1.875° 

HadGEM2-ES 1.25° x 1.875° 

 

 

 

 

 

 

 

 

Table 2.1: Latitudinal and longitudinal basin definitions used in this study.  

Table 2.2: CMIP5 models used in this study and their horizontal resolutions.  
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Model Members 

CCSM4 r1i1p1 
r2i1p1 
r3i1p1 
r4i1p1 
r5i1p1 
r6i1p1 

CNRM-CM5 r1i1p1 
r2i1p1 
r4i1p1 
r6i1p1 
r10i1p1 

MPI-ESM-LR r1i1p1 
r2i1p1 
r3i1p1 

HadGEM2-ES r1i1p1 
r2i1p1 
r3i1p1 
r4i1p1 

Table 2.3: CMIP5 members used 

to construct the ensemble means. 

Figure 2.1: Basin definitions used in this study. Areas labeled “MDR” are considered “Main 

Development Regions”, while areas labeled “STR” are “subtropical regions”. 
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3. Evaluation of the Simulated Large-Scale Environmental Features 

The following section describes the state of the large-scale conditions favorable for tropical 

cyclogenesis in the three datasets described in Chapter 2. In Section 3.1, comparisons are made 

between reanalyses and the current climate CMIP5 and MPAS simulations to document any 

differences in the present-day GCM model outputs. The current and future large-scale conditions 

in the CMIP5 and MPAS simulations are then compared in Section 3.2 to evaluate any potential 

future changes in the large-scale global climatology of these genesis factors.   

3.1 Current Climate 

Current climate GCM simulations are meant to faithfully represent current climatology in 

order to facilitate representative future climate comparisons. While an exact representation of the 

large-scale environment would be ideal, variations between the reanalysis data and the GCM 

simulations are to be expected given the modeling setup for each GCM and the difference in 

realizations. In this section, these variations are discussed and documented. 

3.1.1 ERA-Interim vs CMIP5 differences 

Figure 3.1 presents the monthly ERA-Interim 1980-2005 average values of sea surface 

temperatures (Fig.3.1a), 600 hPa temperature (Fig. 3.1b), 600 hPa mixing ratio (Fig.3.1c), PI 

(Fig. 3.1d), thermodynamic efficiency (Fig. 3.1e), thermodynamic disequilibrium (Fig. 3.1f), 

saturation deficit χ (as defined in Section 2.3, Eq. 3; Fig. 3.1g) and vertical wind shear (Fig. 3.1h) 

during the TC season. Figures 3.2 and 3.3 present the average values for the same variables 

during the three-month periods before (March-April-May, or MAM) and after (December-

January-February, or DJF) the TC season, respectively. These parameters were chosen due to 

their understood roles as favorable conditions for TC cyclogenesis, and their direct role in 

controlling the Genesis Potential Index (GPI). Additional parameters of interest are discussed as 

necessary. 
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Figures 3.4, 3.5 and 3.6 present the monthly average values for the same respective periods 

of time as shown for the ERA-Interim, but for the 18-member ensemble mean CMIP5 current 

climate simulations. A brief qualitative comparison between the two datasets for each period 

demonstrates that the CMIP5 ensemble mean adequately capture the general patterns of each 

variable, with slight differences in areal extent and magnitude. A closer examination into the 

quantitative differences for each period between the reanalysis values and the CMIP5 current 

climate simulations is shown in Figures 3.7 (TC season), 3.8 (MAM) and 3.9 (DJF). Positive 

differences (in red) indicate that the CMIP5 ensemble mean representation is larger than the 

reanalysis, while negative differences (in blue) illustrate that the CMIP5 ensemble-mean 

underestimates the values. As discussed in Section 2.5, the stippling indicates that 14 out of the 

18 ensemble members agreed on the sign of the differences between the two data sets and that 

the results were outside the range of natural variability. In this study, this level of significance is 

understood to imply that the differences are significant or meaningful.  

In Figure 3.7, significant negative differences in SST (Fig. 3.7a), PI (Fig. 3.7d), 

thermodynamic efficiency (Fig. 3.7e) and thermodynamic disequilibrium (Fig. 3.7f) appear over 

the Gulf Stream. Additional negative differences in the thermodynamic efficiency during the TC 

season can be found over the Western Pacific and areas of the Atlantic Main Development 

Region by as much as 6%. These results reveal the contributions of the thermodynamic 

efficiency and disequilibrium towards the potential intensity field. This relationship holds true in 

current and future CMIP5 and MPAS simulations. Additionally, there are significantly cooler 

mid-level temperatures (Fig. 3.7b) over the Central Pacific and the Caribbean. These differences 

are minor in magnitude (comprising less than 8% increase/decrease overall) and in areal extent, 
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showing that the TC season CMIP5 current climate ensemble mean provides an adequate 

representation of the large-scale environment as compared to reanalysis data.  

More considerable differences were found during the off-season periods, as seen in Figures 

3.8 and 3.9, which expose differences in the thermodynamic variables over the North Atlantic 

and Pacific Oceans. During the MAM period, the Gulf Stream differences in SST, PI, 

thermodynamic efficiency and disequilibrium persist. Furthermore, the SSTs (Fig. 3.8a) are 

meaningfully cooler over portions of the North Atlantic, while the significant mid-level cool bias 

(Fig. 3.8b) extends over the North Atlantic Main Development Region and into the Caribbean 

and the Gulf of Mexico and over areas of the Western and Eastern Pacific Main Development 

Regions. These cooler patterns impact the thermodynamic efficiency (Fig. 3.8e) over the same 

areas. Similar patterns emerge during the DJF period (see Figure 3.9).  

3.1.2 ERA-Interim vs MPAS differences  

The discussion in the previous section highlights the susceptibility of the CMIP5 current 

climate ensemble members to represent thermodynamic quantities differently. Comparable 

behavior can be found when comparing the MPAS current climate simulations to the ERA-

Interim reanalysis. The 10-year seasonal averages6 for the TC season, DJF period, and MAM 

period (Figures 3.13, 3.14 and 3.15 respectively) show matching areal patterns to the ERA-

Interim 10-year monthly means (Figures 3.10, 3.11 and 3.12).  Note that Figs. 3.10-3.12 are 

similar, but not identical to Figs. 3.1-3.3, owing to a different averaging period to match the 

MPAS simulations. 

 Figure 3.16 provides a closer look at the difference fields during the TC season. The 

stippling indicates that the values are outside natural variability, and thus significant. The SSTs 

                                                 
6 As described in Chapter 2, the MPAS simulation years are 1988, 1992, 1994, 1997, 2001, 2005, 2010, 2011, 2013, 

and 2015. 
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(Fig. 3.16a) show marginal differences, mostly associated to SST differences during the earlier 

years of the MPAS simulations (1988, 1992, 1994, 1997, 2001 and 2005), when the SST initial 

conditions used in the MPAS model set-up were not taken directly from the ERA-Interim, but 

from the Operational Sea Surface Temperature and Sea Ice Analysis (OSTIA) records, which 

have higher resolution and more noise in the data. The latter years in the MPAS simulations 

(2010, 2011, 2013, and 2015) have SST initial conditions taken directly from ERA-Interim, and 

so all are identical to the reanalysis SST fields.  

Mid-tropospheric temperatures (Figure 3.16b) over Atlantic and Pacific tropics were found to 

be significantly cooler than reanalysis values. The potential intensity and the thermodynamic 

disequilibrium exhibit significantly different values (Figure 3.16d, e, f), with 15% greater PI 

values over the Eastern Pacific and North Atlantic subtropics, and lower values over parts of the 

Western Pacific MDR. Furthermore, the thermodynamic efficiency (Fig. 3.16e) is larger over the 

Western Pacific tropics and the North Atlantic subtropics. Additionally, the saturation deficit 

parameter χ (Figure 3.16g) is 20-30% smaller along areas of the Pacific and Atlantic tropics, and 

the vertical wind shear is significantly different over parts of the Eastern Pacific tropics, the 

North Atlantic MDR and far north in the Western Pacific subtropics.  

Similar significant differences are evident during the DJF (Figure 3.17) and MAM (Figure 

3.18) periods. The significant differences in the mid-level temperatures (Figs. 3.17b, 3.18b), 

potential intensity (Figs. 3.17d, 3.18d) are more widely spread over the Pacific and North 

Atlantic regions, as are the differences in the thermodynamic efficiency (Fig. 3.17e, 3.18e), 

thermodynamic disequilibrium (Fig. 3.17f, 3.18f), and saturation deficit (Fig. 3.17g, 3.18g). 

Furthermore, during the DJF period, MPAS simulated a significant poleward shift of larger 
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vertical wind shear (Fig. 3.17h) over the Western Pacific subtropics, which in turn resulted in 

more favorable shear conditions over the Pacific Ocean basin. 

Clearly, the CMIP5 ensembles and MPAS struggled to accurately represent current climate 

large-scale environmental patterns. These differences underscore the work still needed in 

improving model physics and initial and boundary condition set-up to adequately simulate 

current climatology. They also underscore the complexities of interpreting and analyzing future 

changes as described by GCMs. Normally, current and future climate representations would be 

compared, and the measured differences would be assumed to apply to current climatology. 

However, if the current climate representation is not capturing the observed climatology, then 

any directly extrapolated conclusions from the GCM comparison to the observed climatology 

break down. Nevertheless, having documented the differences in the datasets helps glean useful 

insights from the current vs future climate model comparisons. Those insights are discussed in 

the next section, and in Chapter 4 and 5.  

3.2 Future Climate 

The underlying modeling frameworks used by GCMs to simulate the current climate are also 

used to model future climate conditions, in conjunction with atmospheric thermodynamic and 

composition alterations that help approximate the future climate projections. Hence, the main 

mechanisms related to the documented variations discussed in the previous section may also be 

in action in the future climate simulations, making any comparisons between current and future 

climate conditions proportional. The following section describes how the future realizations vary 

from their current climate counterparts.  

 

 



   

29 

 

3.2.1 CMIP5 differences 

Figures 3.19, 3.20 and 3.21 reveal the future differences in the large-scale environmental 

conditions projected by the 2080-2105 18-member CMIP5 ensemble means for the TC season, 

the DJF period and the MAM period, respectively. As in Section 3.1.1, Positive differences (in 

red) indicate that the future CMIP5 ensemble mean representation is larger than the current 

climate ensemble mean, while negative differences (in blue) illustrate that the futureCMIP5 

ensemble-mean values are smaller than current climatology. Furthermore, the stippling indicates 

that 14 out of the 18 ensemble members agreed on the sign of the differences between the two 

data sets and that the results were outside the range of natural variability. This level of agreement 

is understood to imply significance in the results.  

Given the warming forcings applied to the CMIP5 future simulations, certain increases in the 

thermodynamics of the large-scale environment are expected. For example, the SSTs (Figures 

3.19a, 3.20a, and 3.21a), and mid-level temperatures (Figures 3.19b, 3.20b, and 3.21b) are 

significantly warmer over the whole domain for all seasons. The mid-level mixing ratios (Figures 

3.19c, 3.20c, and 3.21c) are also projected to undergo significant increases over portions of the 

Pacific and Atlantic basins for all seasons. Additionally, the saturation deficit parameter χ is 

projected to significantly increase over large portions of the Atlantic and Pacific basins during 

the off-season months (Figure 3.20g, and 3.21g). Quantities like the potential intensity and the 

vertical wind shear show future changes during all periods, but these differences are not 

significant or meaningful given the definitions for significance in this study.  

Overall, the future climate CMIP5 ensemble mean environmental parameters do not reveal a 

significant change in the regionality of the favorable conditions for cyclogenesis. The significant 

increases in parameters like SST and mid-level temperature and mixing ratio are wide-ranging, 
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and the poleward shift in the 26.5 ℃ threshold is evident during all seasons (see Fig. 3.25). This 

threshold has been questioned by McTaggart-Cowan et al. (2015), who establish that the 

threshold is valid for TCs that form through traditional cyclogenesis paths, but that a more robust 

parameter, the 22.5°C maximum threshold of the coupling index (which is computed as the 

difference between upper- and lower-level equivalent potential temperatures) is a more suitable, 

especially in cyclogenesis cases where tropical transition is involved. Such cases are not directly 

studied in this study. Work examining tropical transition in future climate models, and the 

usefulness of the proposed parameter in future climate simulations remains a topic for future 

research.  

The future shift in some of the favorable conditions discussed here could have implications 

on the magnitude and extent of the GPI, a possibility that is further explored in Chapter 4. There 

are some additional off-season significant increases in the saturation deficit parameter (Fig. 

3.20g, 3.21g) which could impact the potential for cyclogenesis by making TC activity less 

likely. This possibility is also explored further in Chapter 4. 

3.2.2 MPAS differences 

Similar thermodynamic future changes to those documented in Section 3.2.1 were found in 

the MPAS simulations. Figures 3.22, 3.23 and 3.24 reveal the future differences projected by 10-

year-average future climate MPAS simulations for the TC season, the DJF period and the MAM 

period, respectively. As in Section 3.1.2, the stippling indicates that the values are outside natural 

variability and thus significant.  

As with the CMIP5 future changes, future thermodynamic changes in the MPAS simulations 

are to be expected given the predetermined global warming and CO2 forcings applied during the 

model setup. For example, the SSTs (Figures 3.22a, 3.23a, and 3.24a) and mid-level 
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temperatures (Figures 3.22b, 3.23b, and 3.24b) are significantly warmer over most regions for 

the three seasons. Figure 3.26 shows the clear poleward shift in the 25.6℃ contour thresholds for 

ERA-Interim (solid line), the current MPAS simulation (dashed line) and the future climate 

simulation (dotted line) for the TC season (Fig. 3.26a), the MAM period (Fig. 3.26b) and the 

DJF period (Fig. 3.26c). The mid-level mixing ratios (Figures 3.22c, 3.23c, and 3.24c) are also 

simulated to increase significantly over portions of the subtropical and main development 

regions of the Pacific and Atlantic oceans for all seasons (most notable during the TC season). 

These changes are globally and temporally uniform and do not reveal a significant regional 

change in favorable conditions. 

Other significant future changes include a projected increase in the saturation deficit 

parameter χ during the DJF and MAM periods over the subtropical portions of the Atlantic basin, 

and over tropical and subtropical areas in the Pacific Ocean. (Figure 3.23g, and 3.24g), and an 

increase in PI over the North Atlantic subtropics during the TC season (Fig. 3.22d). Additionally, 

the thermodynamic efficiency is simulated to experience a small (albeit significant) decrease 

over the Atlantic and Pacific tropics during the off-season months (Figure 3.23e, and 3.24e). 

Unexpected changes were discovered when looking at the vertical wind shear during the DJF 

period when a significant poleward shift of large shear values was observed alongside a 

significant decrease in shear over the Western Pacific MDR (3.24h). 

These changes reveal potential significant regional and seasonal changes in vertical wind 

shear and potential intensity.  During the TC season, the vertical wind shear is shown to decrease 

over the subtropics and increase over the tropics (Fig. 3.22h), which, in combination with 

increases and decreases in the potential intensity over each respective area might make 

cyclogenesis more likely over the subtropics and less likely over the tropics in the North Atlantic 
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and Western Pacific basins.  During the DJF period, the vertical wind shear is projected to 

decrease over the Western Pacific Main Development Region (Fig. 3.24h), which could make 

late offseason activity more probable.  

Ultimately, the documented regional and seasonal changes in the future CMIP5 and MPAS 

simulations might impact TC cyclogenesis in several ways. While warmer sea surface and mid-

level temperatures and the larger mixing ratios and potential intensity could make cyclogenesis 

more likely (and potentially more intense), the larger saturation deficit parameter χ values could 

counteract these effects, leading to longer TC incubation periods and potentially crippling 

cyclogenesis in the future. The significant shifts in vertical wind shear observed in the MPAS 

simulations could also make conditions more or less favorable when combined with the other 

changes discussed here, particularly over the North Atlantic and Western Pacific, where 

favorable conditions shifted towards the subtropics during the TC season and became more 

favorable over the tropics during the DJF period. However, given the considerable vertical wind 

shear differences between the current climate MPAS simulations and reanalysis, any attributions 

made from the future climate insights discussed in this section must be made carefully. These 

potential impacts and attributions are examined further in Chapters 4 and 5, by analyzing the GPI 

results and storm track characteristics.   
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4. Evaluation of the Genesis Potential Index 

In the following chapter, the Genesis Potential Index (GPI) results are analyzed. Section 4.1 

provides a comparison between the IBTrACS climatology and its reanalysis proxy, the ERA-

Interim GPI. Section 4.2 describes the functional relationships between the different large-scale 

environmental factors and the GPI. In Section 4.3, the GPI results for the CMIP5 model output 

are presented. Finally, Section 4.4 shows the GPI results for the MPAS model output.  

4.1 Seasonal IBTrACS Climatology 

Figure 4.1 compares the locations of all TC genesis events that occurred during the period 

1980-2005 (dotted, in black) to the spatial extent of the ERA-Interim monthly mean GPI 

(shaded) for the TC season (Fig. 4.1a), March-April-May (MAM) period (Fig.4.1b) and the 

December-January-February (DJF) period (Fig. 4.1c). Examining this comparison helps evaluate 

how the ERA-Interim GPI captured the place and time of favorable conditions for TC genesis. 

The three panels in Figure 4.1 illustrate that the GPI covers most areas where cyclogenesis 

was observed during the three periods. However, it failed to predict genesis potential during the 

TC season over portions of the eastern North Atlantic (missing 10 out of 1275 genesis events, or 

0.78%), and near the Gulf Stream during the MAM period. Nevertheless, the areal extent of the 

GPI during the TC season is very similar to GPI patterns described in other studies (e.g. 

Emanuel, 2010; Daloz and Camargo, 2017, etc), showing that the ERA-Interim GPI in this study 

adequately captured the spatial extent over which TCs were observed to form between 1980-

2005.  

To further evaluate how the ERA-Interim GPI performs when compared to the IBTrACS 

climatology, the monthly IBTrACS TC genesis events per region were compared to the 

normalized area-average ERA-Interim GPI per month over the same regions (Figure 4.2). The 
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GPI values shown here do not possess the same units as the IBTrACS climatology (as discussed 

in Chapter 2, the GPI units are 𝑚𝑎𝑥𝑖𝑚𝑢𝑚𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑇𝐶𝑔𝑒𝑛𝑒𝑠𝑖𝑠 ⁄ 1°𝑥1°𝑏𝑜𝑥 ∙

𝑚𝑜𝑛𝑡ℎ), and thus by design are slightly different to observations. Nevertheless, the comparison 

between the two allows for some estimation of the ERA-Interim GPI’s quantitative performance.   

The ERA-Interim GPI’s performance varies by region (the regions used here are described 

further in Section 2.1 and Figure 2.1). It does fairly over the Western and Eastern Pacific Main 

Development Regions (MDR; Fig. 4.2a, c), and over the North Atlantic MDR (Fig. 4.2e). In the 

three MDRs, the main distributions and peak periods of activity are well represented. The results 

over the other regions in this study are not as favorable. The ERA-Interim GPI underestimates 

peak TC activity over the North Atlantic Subtropical Regions (STRs; 4.2f) and the Gulf of 

Mexico (Fig. 4.2). These differences may be due to the normalization and averaging processes 

applied to make this comparison possible, or due to less favorable conditions as presented by 

ERA-Interim. Over the Eastern and Western Pacific STR (Fig. 4.2b, d), relatively few storms 

formed between 1908-2005 (3 in the Eastern Pacific STR, 71 in the Western Pacific STR), and 

they formed during a shorter period of time than the climatological TC seasons for each region. 

This led to a large discrepancy between the observations and the GPI projections, which spread 

activity out throughout the year. 

These results draw attention to an interesting predicament. The GPI is mathematically 

converted and normalized to assimilate the observed TC climatology, but by design tends to 

overestimate the number of potential storms that can form. As such, GPI values that are larger 

than observations are reasonable and easily explainable; maybe the regions had potential for 

more storms but the systems of organized convection necessary for cyclogenesis were not 

present. However, smaller GPI values can be indicative of actual differences in how ERA-
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Interim represents the 1980-2005 climatology. Given the lack of available global observational 

data to corroborate these potential ERA-Interim differences, it is difficult to make definitive 

quantitative comparisons (as done in Section 3 with the reanalysis and current climate GCM 

output). Nevertheless, the analysis presented in this section provides useful insight into the 

performance of the GPI and the ERA-Interim when compared to TC climatology. As seen here, 

the ERA-Interim GPI does not project values that are too far outside observations, and thus it 

proves valuable for the analyses developed in this study. 

4.2 Analysis of Parameter Joint Probability Density Functions 

Chapter 2 presented a mathematical explanation of how the GPI and its parameters are 

related. As described by the GPI equation (Eq. 1), the GPI increases as the absolute vorticity and 

PI increase, while the opposite is true for wind shear and the saturation deficit parameter. 

However, given the highly non-linear nature of the equation and the multiple calculations 

involved, a clearer image of how the individual parameters impact the GPI is needed. Such an 

analysis provides valuable insight which can help explain potential future changes in the 

seasonality and geographical distribution of the GPI. Camargo et al. (2007a) studied these 

relationships by computing joint probability density functions (PDFs) for each of the factors and 

the GPI. Joint PDFs help describe the simultaneous behavior of two variables by estimating the 

shared distribution space between the density distributions of the two variables under study. For 

this study, seasonal joint PDFs were computed for all grid points that contained a GPI value in 

the domain of study. 

Figure 4.3 presents the joint PDFs comparing the raw unconverted and unnormalized ERA-

Interim GPI values to the absolute vorticity (Fig. 4.3a); PI (Fig. 4.3b); vertical wind shear (Fig. 

4.3c); and the saturation deficit parameter χ (Fig. 4.3d) during the TC season. The PDF values 
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were normalized to fit a 0-1 log scale to facilitate analysis. The darker red colors indicate a larger 

density of parameter to GPI values.  

 The joint PDFs for the TC season show that the largest concentration of larger GPI values is 

obtained when PI is maximized, and when wind shear and saturation deficit are small (although 

not necessarily at their smallest). In both the vertical wind shear and the saturation deficit joint 

PDFs, there are few data points where the parameter is smallest (i.e. when wind shear is less than 

5 m/s and saturation deficit is less than 0.2), which suggests that such low wind shear or 

saturation deficit values do not necessarily result in high GPI, or indeed in any GPI at all. A 

closer look at the saturation deficit joint PDF shows that the GPI is mostly maximized when the 

saturation deficit lies within a small favorable threshold (between 0.5-0.7).  A potential reason 

for this behavior could be that the saturation deficit values are smaller when the surface and 

lower atmospheric temperatures are cooler and the mixing ratios drier, and these conditions 

themselves are not favorable for TC cyclogenesis. Camargo et al. (2007a) found similar 

behaviors when using an older version of the GPI. 

The absolute vorticity in this study is artificially capped at 4e-5 s-1 to avoid the influence of 

large-vorticity midlatitude weather phenomena on the GPI calculations and to prevent TCs 

themselves (in the case of the MPAS simulations) from biasing the signal. Thus, the absolute 

vorticity joint PDF (Fig. 4.3a) reveals that the largest density of PDF can be found when the 

vorticity is at its (capped) largest. However, large values of absolute vorticity are also associated 

with smaller values of GPI, including near-zero GPI values (bottom right corner). This behavior 

might suggest that even when absolute vorticity is large, the potential for cyclogenesis remains 

small if the other factors are not optimal. This is also evident, albeit to a smaller degree, when 

looking for the largest concentration GPI values in the joint PDFs for all other parameters. 
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Despite the shape of the distributions for these factors, many of the largest PDF values are near 

the GPI = 0 line. This implies that while these four parameters can compensate for one another 

(hence the large distributions previously discussed), no one parameter can lead to high 

cyclogenesis potential all by itself.  

Figures 4.4 and 4.5 present the joint PDFs for the same parameters during the MAM and DJF 

periods, respectively. The off-season joint PDFs for all parameters are smaller, although they do 

resemble the shape of the TC season distributions. Notably, all the joint PDFs have most of the 

high-density values near the GPI = 0 line. These results highlight the detrimental impacts of the 

compensatory nature of these parameters when calculating the off-season GPI. Even if other 

parameters favor cyclogenesis, high wind shear or low PI values could result in low GPI during 

the off-season months. Nevertheless, there are some instances where larger values of GPI are 

favored, most related to larger values of PI and smaller values of vertical wind shear (see Fig 

4.4b,c, 4.5b,c). The orange values near the 80 m/s (75 m/s) mark in Fig 4.4b (Fig 4.5b) show that 

there are cases where large PI during the off-season period can result in non-zero GPI. A similar 

signal can be detected for the vertical wind shear (Fig. 4.4c, 4.5c) near the 10 m/s, where darker 

orange values hint at potential non-zero GPI. This could signify that when PI is larger and 

vertical wind shear is smaller between December and May, there can be some potential for TC 

activity. 

4.3 Current Climate GPI 

As in Chapter 3 with the study of the large-scale environmental features, and as in Section 

4.1 when comparing reanalysis GPI to IBTrACS climatology, it is important to document how 

the current climate model GPI values differ from the reanalysis GPI to establish how 

representative the simulations are of the current conditions. While some degree of difference is 
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to be expected, drastic differences in the model simulation results must be cataloged. The 

following section presents these comparisons.  

4.3.1 ERA-Interim vs CMIP5 GPI 

As described in Chapter 2, the GPI was calculated for all current climate ensemble members 

and averaged to facilitate comparisons with the ERA-Interim GPI results. Figure 4.6 illustrates 

the comparison between the TC season ERA-Interim GPI (Fig. 4.6a), the CMIP5 18-member 

ensemble mean GPI (Fig. 4.6b) and their differences (Fig. 4.6c). Figures 4.7 and 4.8 show the 

same comparisons, but for the MAM and DJF periods, respectively. Any stippling would 

indicate that 14 out of the 18 ensemble members agreed on the sign of the differences between 

the two data sets and that the results were outside the range of natural variability and significant.  

During the TC season, conditions in the current climate CMIP5 ensemble mean are more 

favorable over the Pacific tropics and less favorable over the Western Pacific and North Atlantic 

STRs and over the Gulf of Mexico. However, the lack of stippling indicates that the differences 

where members agree are not outside the range of natural variability. Similar non-significant 

results can be found during the MAM and DJF periods. This would suggest that the current 

climate CMIP5 ensemble mean aptly captures GPI activity and that the changes in Figs. 4.6-8 are 

within the range of internal natural variability. 

4.3.2 ERA-Interim vs MPAS GPI 

The differences between the ERA-Interim GPI and the current climate MPAS GPI were 

found to be more significant than their CMIP5 counterparts. In Figure 4.9, the comparison 

between the 10-year average ERA-Interim GPI (Fig. 4.9a), the 10-year average current climate 

MPAS GPI (Fig. 4.9b) and their differences (Fig. 4.9c) for the TC season is illustrated.  Figures 

4.10 and 4.11 presented the same comparisons, but for the MAM and DJF periods, respectively. 
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As in Chapter 3, the stippling indicates that the values are outside natural variability and thus 

significant.   

Despite adequately representing the general features of the TC season GPI patterns (large 

maximum over the Western Pacific, south of Mexico over the Eastern Pacific, and north of the 

Caribbean), the MPAS current climate GPI simulation differs significantly over portions of the 

Pacific and North Atlantic Ocean. Over the Pacific Ocean, MPAS simulates GPI values that are 

significantly larger well into the Central Pacific region. Over the North Atlantic, MPAS GPI is 

overactive over the Atlantic subtropics and over the eastern Caribbean, hugging the northeastern 

coast of South America. Activity in the Gulf of Mexico is underrepresented, but these results fall 

the range of natural variability described by the years of record for MPAS.  

During the off-season periods, the MPAS current climate simulations overestimate activity 

over all regions in this study. The most evident differences can be seen during the DJF period 

(Fig. 4.11), where increases in GPI are outside the range of natural variability over the Western 

and Eastern Pacific, the Gulf of Mexico, the Caribbean and most of the North Atlantic Ocean. 

During the MAM period (Fig. 4.10), the GPI increases are most significant over the North 

Atlantic Ocean, portions of the Gulf of Mexico and the Eastern Pacific, and over the Western 

Pacific subtropics.  

These results may be explained by looking at the differences in the large-scale environmental 

parameters in Section 3.1.2 (see Figs. 3.16-18). The increases in GPI in the MPAS current 

climate simulations over the Western and Central Pacific could be explained by the increased 

mixing ratio in the region and the decreases in vertical wind shear and saturation deficit. The 

substantial differences over the Gulf of Mexico could be linked to cooler and drier mid-level 

conditions. In the Atlantic Ocean and the Eastern Pacific, decreases in GPI might be caused by 
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the increased vertical wind shear simulated by MPAS, while the increases in GPI may be tied to 

moister mid-level conditions and significantly smaller saturation deficit values.  

4.3.3 Current Climate GPI Comparisons Summary 

 This section documented the differences in seasonal GPI between the ERA-Interim and the 

current climate CMIP5 and MPAS simulations. The current climate CMIP5 ensemble mean GPI 

was generally larger over the Pacific basin tropics and smaller over the Pacific subtropics, while 

the opposite was true for the North Atlantic basin. Nevertheless, these differences were within 

the range of natural variability and thus not significantly different. The CMIP5 differences were 

also regionally different to the differences found between ERA-Interim and MPAS, where the 

GPI was found to be significantly overestimated during the offseason periods for most regions, 

and over the Central Pacific and North Atlantic subtropics and the southeastern Caribbean during 

the TC season. Camargo et al. (2013) also found larger GCM GPI values in their study and found 

them related to larger relative humidity in the mid-levels of the atmosphere. This study found no 

uniform mid-level humidity bias. Instead, the overestimated GCM GPI values found in this study 

are associated to a combination of localized larger PI, mid-level mixing ratio and smaller vertical 

wind shear and saturation deficit values (see Figs. 3.7,8,9,16,17,18).  

4.4 Future Climate GPI 

4.4.1 CMIP5 GPI Comparisons 

The future climate CMIP5 ensemble mean shows the tropical Pacific GPI significantly 

decreasing when compared to the current climate GPI. This can be seen in Figure 4.12, which 

reveals the future changes in GPI as projected by the 2080-2105 CMIP5 future climate ensemble 

mean. The stippling along the Pacific basin implies that 14 out of the 18 ensemble members 

agree that the GPI will decrease in this area and that the confidence interval significance test 
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found that those changes were outside the natural variability of the current climate CMIP5 

simulation. Significant decreases in GPI are also found over parts of the Gulf of Mexico.  

Figures 4.13 and 4.14 reveal the future changes during the MAM and DJF periods, 

respectively. During the MAM period, significant GPI decreases are simulated over the Gulf 

Stream and the Gulf of Mexico, as well as over portions of Central Pacific and between the 

South China Sea and the Western Pacific (Fig. 4.13c). During the DJF period (Fig 4.14c) 

significant future decreases to the GPI are estimated over portions of the North Atlantic MDR.  

These changes would result in fewer off-season storms in the future over that region. There are 

additional non-significant increases (as defined using the confidence interval method for 

identifying values inside/outside of the range of natural variability) over the Pacific tropics, the 

Caribbean and portions of the North Atlantic, all related to decreased vertical wind shear and 

increased potential intensity over the regions (see Fig. 3.21), but given the lack of a significant 

signal over these regions, these changes may be connected to natural variability.   

The decreases over the Gulf of Mexico and the North Atlantic subtropics during the three 

seasons could be directly associated with significant increases in saturation deficit over the same 

area (Fig. 3.19g, 3.20g, 3.21g).  The decreases over the Western Pacific tropics are not linked to 

any significant changes discussed in Chapter 3. However, further analysis reveals that the sea 

level pressure for the TC season future climate CMIP5 ensemble mean are higher than its current 

climate counterpart over the same region, (see Figure 4.15). These differences might not be 

evidence of actual changes in the large-scale environment, but proof that there were fewer low-

pressure systems (like TCs) in that region of the future climate CMIP5 ensemble mean 

simulation. 
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4.4.2 Future Climate MPAS GPI Comparisons 

 The future climate MPAS simulations show few significant changes in genesis potential 

during the TC season (Figure 4.16) and the MAM period (Figure 4.17), as illustrated by the dark 

stippling which indicates that the values are outside the range of natural variability. The 

significant changes during the TC season are found over the Gulf of Mexico, where conditions 

are projected to become less favorable. These changes may be linked to significant increases in 

the saturation deficit parameter, as seen in Figure 3.22g. The additional non-significant changes 

are related to decreased PI and increased vertical wind shear over the areas (see Fig. 3.22).  

 During the MAM period, the most notable changes are found over the Eastern Pacific tropics, 

over the South China Sea and over the Western Pacific subtropics, where the GPI is projected to 

decrease significantly. Additionally, the GPI is projected to increase slightly near the African 

coast. The decrease in the Eastern Pacific region and over portions of the Western Pacific 

subtropics appears to be mainly associated with increases in the saturation deficit (Fig. 3.23g). 

The additional significant and non-significant changes over the other regions relate to changes in 

the saturation deficit, vertical wind shear and potential intensity that compounded to induce the 

changes measured here.  

 The future differences during the DJF period are non-significant but are nevertheless also 

linked to a combination of factors (see Fig. 3.24). This behavior could be associated to the 

compensatory nature of the parameters discussed in Section 4.2.  

4.4.3 Future Climate GPI Comparisons Summary 

These results discussed in this section highlight the key findings for the CMIP5 and MPAS 

analysis in this study. Firstly, the 18-member CMIP5 ensemble mean only simulated significant 

decreases in GPI, which would result in fewer tropical cyclones in the future. However, these 
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decreases were locally and temporally unique, showing no future uniform or systematic shift in 

the seasonality or regionality of potential TC genesis. Although quantities like the SST and the 

mid-level temperatures and mixing ratios, generally associated with favorable cyclogenesis 

conditions, were projected to increase globally (mostly due to the warming forcings applied to 

the simulations), these changes did not result in an increase of genesis potential. Instead, the 

saturation deficit parameter and the vertical wind shear were shown to increase, in some cases 

beyond the range of natural variability, over regions where the GPI was to significantly decrease.  

Similar results were found by Korty et al. (2012) in their exploration of TC activity during the 

Last Glacial Maximum. There, the GPI was found to increase despite considerable temperature 

decreases due to changes in other parameters.  

 The 10-year average future MPAS simulation did not reveal significant future changes in 

GPI, which implies that TC activity is not expected to significantly vary in the future. However, 

it did reveal non-significant decreases (increases) over the tropics (subtropics) during the TC 

season, and more widespread decreases during the off-season periods. These results do not fully 

agree with the CMIP5 outcomes, suggesting that there is substantive value in performing high-

resolution simulations. This possibility is explored in Chapter 5, where the MPAS GPI is 

compared to the TC genesis density.  
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5. MPAS Tropical Cyclone Analysis 

As shown by the Chapter 4 discussion, tropical cyclone (TC) genesis indices can provide 

useful insight when a dataset cannot resolve tropical cyclones. However, analyzing resolved TC 

data (when available) provides the opportunity to truly understand smaller scale, more specific 

changes in the location and seasonality of TC activity. In this Chapter, the TCs tracked in the 

MPAS simulation (following the methods discussed in Section 2.3.2) were analyzed for any such 

future changes. Characteristics like storm count, seasonal march and length, the locations of TC 

genesis, lifetime maximum intensity (LMI) and TC lysis, as well as cyclone translation speeds, 

were evaluated to identify any significant future changes. Section 5.1 discusses the changes in 

TC seasonality, including changes in the seasonal march, TC counts, and seasonal duration. 

Section 5.2 describes the potential changes in the locations of genesis, LMI, lysis and track 

genesis. Section 5.3 presents the translational speed analysis.   

5.1 Changes in TC Seasonality 

5.1.1 Seasonal Cycles and Monthly TC Genesis 

 Figure 5.1 shows the mean TC genesis counts per subset region for IBTrACS (grey bars) and 

the current and future climate MPAS simulations (in blue and red, respectively) with current 

climatology error bars in light blue. Future values that fall beyond the error bars are understood 

to be significantly different.  

 The current climate MPAS simulations generally captured the seasonal march over the Main 

Development Regions (MDRs, see Figs. 5.1a, c, e, g), with minima in activity during the winter 

months, increasing frequency during the springtime followed by peak activity in the summer and 

a slow decline in activity during the fall. Nonetheless, MPAS struggled to accurately identify the 

months of current peak genesis over all MDRs, shifting peak activity by one month before/after 

the observed peak (Figs. 5.1a, g) or simulating two peaks in activity in regions where only one 
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was observed (see Fig. 5.1a, c). In some cases, as in over the Gulf of Mexico (Fig 5.1g), the shift 

is associated to a combination of drier atmospheric conditions and less favorable potential 

intensity, saturation deficit and vertical wind shear conditions in the current MPAS simulations 

during September (Figure 5.2c, d, g, h). In the Eastern Pacific MDR (Fig. 5.1c), the secondary 

springtime peak is associated with more favorable westerly flow at the 500 hPa and 850hPa 

levels over the region. Such conditions are known to encourage the genesis of cluster 2 type TCs 

(Camargo et al., 2008; see Figure 5 in their publication) which are understood to form during the 

springtime (Michaelis et al., 2018, submitted). MPAS also struggled to adequately represent the 

seasonal march over the subtropical regions, especially over the Eastern Pacific subtropics (Fig. 

5.1d), which shows peaks in activity during the winter and secondary peaks in April and 

September. Conditions during October, November, and December (Figures 5.3, 4 and 5) in the 

Eastern Pacific subtropics exhibit smaller saturation deficit and vertical wind shear values and 

larger potential intensity than the ERA-Interim counterpart, potentially making the MPAS 

environment more conducive to cyclogenesis.  

 The future climate MPAS simulations (Fig. 5.1 in red) show select significant increases (i.e. 

future climate TC genesis counts that falls outside the range described by the current climate 

error bars) in TC genesis over the subtropical basins and the Eastern Pacific tropics. These 

results are very temporally and regionally variable. For example, the increases over the 

subtropics are found during November (over the Western Pacific subtropics), August (over the 

Eastern Pacific subtropics) and between August and September (over the North Atlantic 

subtropics). Furthermore, activity in the Eastern Pacific tropics is projected to increase during 

June and November. All results occur within the context of decreases vertical wind shear over 

the relevant regions and periods (Figures 5.6h, 5.7h, 5.8h) but may also be impacted by other 
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changes in the synoptic conditions during each month not studied here. Nevertheless, these 

results do not suggest a systematic and widespread change in TC frequency over the Northern 

Hemisphere.  

5.1.2 Length of the TC season  

 The results discussed in the previous section presented the possibility of changes to the start 

and end dates of the TC seasons. A comparison of the length of the TC seasons as represented in 

the IBTrACS (in grey) and current and future MPAS simulations (in blue and red, respectively) 

is shown in Figure 5.10. The black line indicates the median season length given the ten years of 

data available for study, the edges of the box are the 25th and 75th percentiles, the whiskers 

extend to the most extreme data points the algorithm considers to be not outliers, and the outliers 

are plotted individually as red asterisks.   

  While the goal of this analysis was to check for changes in TC season length for all regions 

as previously defined (MDRs and subtropical regions),  the impacts of small TC sample sizes 

over any given region for any particular year (e.g. only one storm forms in the North Atlantic 

MDR during the 1994 current climate simulations), or of storms that form in the MDRs but die 

out in the subtropics skewed the seasonal duration results unrealistically and hindered the 

measurement of representative TC season periods. This prompted the decision to combine the 

MDRs and subtropical regions in each basin, a decision further justified by the assumption that 

comparable physical processes impact the start and end periods for favorable cyclogenesis over 

each ocean basin. As such, the TC seasons for the “larger-scale” Western Pacific, Eastern Pacific 

and North Atlantic basins were measured for each year of simulations. For the Eastern Pacific 

and North Atlantic basins, the length of the TC season was found by subtracting the ordinal date 

of the first genesis event of the year from the ordinal date for the last record of the last storm of 
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the year. A similar approach is presented in Dwyer et al. (2015). However, TCs in the Western 

Pacific have been observed to form year-long, with start and end dates that vary according to the 

El Nino-Southern Oscillation (ENSO) phase (Kim et al., 2017). In their study, Kim et al. 

identified this year-long period of activity as a “TC year”, which spans the period between 

February 1 and January 31 of the following year. They also identify the “TC season” as the 

period between the 5th and 95th percentile of activity for each year, or the most active period of 

the “TC year”. It was this last definition that was used to determine the length of the Western 

Pacific TC seasons in this study.  

 Given this definition, the observed Western Pacific seasonal lengths as defined by Kim et al. 

(2017) for the ten years of study vary widely, with seasons as short as 160 days (approx. 5 

months) and as long as 320 days (approx. 11 months), with a median value of about 215 days 

(approx. 7 months) (Table 5.1). The simulated current climate season lengths compare favorably, 

with a median length of about 220 days. The future Western Pacific seasons are projected to be 

shorter, with a median length of about 190 days (or approx. 6 months, a month shorter than the 

current climate median).  The lack of overlap between the future median season length and the 

current inter-quartile range of season durations suggests that the future changes are meaningful. 

Further exploration into these changes shows that the season is projected to shorten due to a later 

start to the season (about 20 days later, late in April, see Fig. 5.11a) and an earlier end (about 10 

days, end of November, Fig. 5.11b).  Dwyer et al. (2015) found similar results when analyzing 

resolved TCs in the future CMIP5 model output.  

 In the Eastern Pacific, the season starts on May 15 and lasts 198 days, through November 

307. Figure 5.10 shows that over the Eastern Pacific basin the median length of the observed TC 

                                                 
7 As defined by the National Hurricane Center. 
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season is about 165 days (approx. 6 months). This result implies that the observed season is one 

month shorter than the NHC definition. A closer examination into this discrepancy reveals that 

the Eastern Pacific TC season begins later in the IBTrACS record, about two weeks later, and 

ends three weeks earlier. MPAS simulated a longer current climate Eastern Pacific median TC 

season, about 210 days, or seven months. These results are considerably larger than the 

IBTrACS records and driven by the projected increase in TC activity during May (see Fig. 5.1c), 

which may be related to increased potential intensity and decreased saturation deficit in the 

region (Figure 5.12d, g), but are within the first standard deviation for the region (Table 5.1). 

The future simulations project a longer future TC season for the region (about 215 days, or five 

days longer). However, these results overlap with the inter-quartile range of seasonal durations 

measured for the current climate Eastern Pacific, which implies that this expansion of the season 

is not significant.  

 Over the North Atlantic, TCs form between June 1 and November 30, making the season 182 

days long. In the North Atlantic basin, the median length of the observed TC season is about 170 

days (approx. 6 months). The current climate MPAS season lengths are sufficiently similar to the 

observations (a season of about 181 days, or 6 months, just 11 days longer than the IBTrACS 

median length). However, MPAS projects a longer TC season in the future, with a median future 

length of 210 days (7 months), a full month longer than the current climate season. The future 

median falls outside the inter-quartile range of current climate behavior, and thus this 

amplification of the season is considered significant. These changes are primarily prompted by 

an earlier start to the season (Fig. 5.11a), which is projected to occur about 25 days before the 

current climate median value. These results are consistent with the North Atlantic basin 



   

93 

 

discussion presented in Section 5.1.1 and with the discussion presented by Wilson (2016), which 

states that the length of the North Atlantic season is very dependent on the start date of activity.  

 The early-start changes projected for the Western Pacific and North Atlantic are both related 

to increases in vertical wind shear over the basins (see discussion in Section 5.1.1) but may also 

be linked to changes in factors not analyzed in this study. 

5.2 Changes in the location of TC Genesis, Lifetime Maximum Intensity (LMI), and Lysis  

5.2.1 TC Genesis Location 

 Understanding how the latitudinal range where TCs form could change under the influence 

of climate change has crucial societal implications. The location of cyclogenesis in the current 

climate generally determines the type of track the storm will follow and how intense the storm 

may become. As such, if TCs are projected to experience a poleward shift in the location of 

cyclogenesis, they can also be expected to follow different tracks and achieve intensity 

before/after current climatology, or over different regions, which could impact newly vulnerable 

communities along the midlatitude coasts. In this study, the annual average distribution of 

genesis events per 5° latitude band is evaluated for all datasets and basins of interest. 

 Figure 5.13 shows these distributions for IBTrACS (in grey), the current climate MPAS 

simulations (in blue) and the future climate MPAS simulations (in red) over the Western Pacific 

(Fig. 5.13a), Eastern Pacific (Fig. 5.13b) and the North Atlantic (Fig. 5.13c). The observed TC 

genesis location distributions for the Eastern and Western Pacific fall between 0-25° N, with an 

average over the latitude band between 10-14° N.  In the North Atlantic, this average in the 

location for cyclogenesis is also located between 10-14° N, although cyclogenesis is more evenly 

distributed across the basin when compared to Pacific events, with storms forming well into the 

subtropical North Atlantic, between 5-34 °N. Figure 5.14 shows the annual average TC genesis 
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density per 5° x 5° grid box, which provides a graphical representation of this behavior, with 

most cyclogenesis in the observations straddling the 15° N band (Fig. 5.14a). This also shows 

North Atlantic cyclogenesis is distributed across the basin, not just near the tropics. 

 In the current climate MPAS simulations, the average location for cyclogenesis is adequately 

represented over the Eastern Pacific but shifted poleward over the Western Pacific and North 

Atlantic (by 5° and 15°, respectively). This change is clearly visible in Fig. 5.14b; activity over 

the Western Pacific remains compactly distributed over the tropics but now ventures further 

north, whereas cyclogenesis in the North Atlantic changes drastically, with decreased activity 

over the Gulf of Mexico and over the 15° N band, and more activity north of 30°N.  These 

changes could be related to the difference in TC reporting/TC tracking between the IBTrACS 

record and the current climate MPAS TCs, but may also be caused by the model biases identified 

in Section 3.1.2. 

 In the future, the average region for cyclogenesis over the Western and Eastern Pacific 

regions remains concentrated over the regions of average current climate cyclogenesis, the 15-

19°N and 10-14° N latitude bands, respectively. Changing the width of the latitudinal bands from 

5° to 1° reveals that the average location of cyclogenesis over the Western Pacific does 

experience a modest poleward shift of about 2° (Figure 5.15). Over the North Atlantic, the future 

climate MPAS simulates a poleward shift in cyclogenesis of about 5°, with average cyclogenesis 

north of 30°N, and an increase in cyclogenesis events of about 4 storms over that latitudinal 

band, an increase also evident in Figs. 5.1f and 5.16c. These future changes over the North 

Atlantic and Western Pacific (to a lesser extent) are related to simulated future changes in the 

potential intensity and vertical wind shear shown in Figures 3.22d, h, which depict a poleward 
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shift in favorable potential intensity and vertical wind shear values during the TC season that 

would bolster cyclogenesis.  

5.2.2 TC Genesis Density and the Genesis Potential Index (GPI) 

  Comparing the graphical representation of the annual average TC genesis density to the 

corresponding GPI results allows for an evaluation of the performance of the TC genesis index in 

these model simulations. Figure 5.16 shows the annual average GPI for ERA-Interim (Fig. 

5.16a) and the current and future climate MPAS simulations (Fig. 5.16b and c, respectively). The 

ERA-Interim GPI (Fig. 5.16a) compares favorably with the IBTrACS TC genesis density plot 

(Fig. 5.14a), with the ERA-Interim GPI correctly identifying the areas where storms may form 

and the magnitude of the projected activity. The only region where the ERA-Interim GPI 

misrepresents the potential for cyclogenesis is over the Gulf of Mexico, projecting less potential 

than the actual genesis density observed over the area. The current climate MPAS TC genesis 

representations (Fig. 5.14-16b) also compare well. The current climate GPI covers the regions of 

observed cyclogenesis, and the areas of maximum potential align with the areas of maximum 

cyclogenesis.  

 Unfortunately, these promising results do not extend to the future climate MPAS simulation 

projections. The future GPI (Fig. 5.16c) shows a decrease in the potential for cyclogenesis over 

all regions when compared to the current climate, whereas the TC genesis density displays 

potential increases in cyclogenesis over the Pacific basin tropics and the North Atlantic 

subtropics, which are consistent with the results presented in Section 5.1.  Camargo (2013) found 

similar discrepancies between the projected GPI and TC occurrence in CMIP5 models in current 

and future climate representations, which the study explains are partly due to SST biases in the 

data. Results in Camargo et al. (2014) also show discrepancies between storm count and GPI, 
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which they attribute to the chosen model physics, which can impact the model’s ability to spin 

up and simulate TCs. 

 To identify the cause of this incongruity in the current study, the future GPI was calculated 

using the current version of each parameter that goes into the GPI (absolute vorticity, potential 

intensity, vertical wind shear and saturation deficit) in combination with the future iterations of 

the other factors (i.e. current climate absolute vorticity and future climate potential intensity, 

vertical wind shear and saturation deficit). This test revealed that the decrease in future GPI is 

linked to the future increase in the saturation deficit (Fig 5.17e). These results may suggest that 

the functional relationship currently used to describe the saturation deficit contributions to the 

GPI breaks down when being applied to future climates. They may also imply that the different 

model physics in the model simulations saturate the atmospheric column and spin up storms 

despite the future, less favorable environmental conditions. Testing alternate functional 

relationship using the future MPAS cyclogenesis projections and running new MPAS 

simulations using different physics choices could provide further insight and are the subject of 

future work.  

5.2.3 TC Lifetime Maximum Intensity (LMI) Location 

 In their 2014 study, Kossin et al. introduce the use of a new TC location metric that is less 

vulnerable to data deficiencies and inconsistencies than TC genesis metrics: the lifetime 

maximum intensity (LMI) location. The LMI identifies the instance during the lifetime of a 

storm when it achieves its highest intensity. In this study, the maximum intensity is defined using 

sea level pressure8. Changes in such a metric can be caused by changes in the favorable 

                                                 
8 Calculations made using the maximum 10-meter winds yielded very similar results in the current and future 

climate representations, but Michaelis et al. (2018, submitted) found that storm intensity as described by wind 

speeds was underestimated in the simulations, whereas several storms do attain minimum SLP values < 900 hPa (i.e. 
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environments that sustain cyclone activity and can have significant societal impacts. If storms 

attain their maximum intensity later during their lifetime, and further north or south, places 

currently not vulnerable to the damages caused by TC rain, wind and flooding may have to adapt 

quickly to avoid significant losses.   

 Figure 5.19 shows the annual average distribution of the location of LMI per 5°N latitudinal 

bands for IBTrACS and the current and future climate MPAS (in grey, blue and red, 

respectively) for the Western Pacific (Fig. 5.18a), Eastern Pacific (Fig. 5.18b) and the North 

Atlantic (Fig. 5.18c). Over the Western Pacific, the observed locations of the LMI can be found 

between 5-45°N, with most storms reaching their LMI between 15-24°N. In the Eastern Pacific, 

most TCs reach their LMI between 5-29°N, with an average between 15-19°N. The LMI 

locations in the North Atlantic can be found over most of the basin, between 10-55°N, with two 

averages in observed activity between 15-19°N and 25-29°N. These results show that the LMI is 

climatologically less dependent on latitude as the genesis locations, which were generally found 

clustered closer to the Equator.  

 The current climate MPAS simulations show a 5° equatorward shift in the latitudinal band 

where most storms experience their LMI over the Pacific basins, along with an increase in storms 

that reach their LMI north of 40°. This current climate equatorward migration is also found in 

best-track and reanalysis studies and is thought to be linked to the slowdown in warming 

between 1999 and 2016 (Sun et al., 2018) linked to changes in the relative SST over the region,  

and to recent changes (in the past five years) of the Hadley Cell Circulation over the Western 

Pacific (Studholme and Gulev, 2018). Over the North Atlantic, the current climate MPAS 

simulations compare favorably in the distribution of locations for TC LMI, although it represents 

                                                 
they show realistic deepening). Given these findings, the SLP criteria was used here to avoid issues linked to the 

documented misrepresentations.  
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more storms reaching their LMI north of 40°. These results are a byproduct of the poleward shift 

in current climate cyclogenesis discussed in Section 5.2.1, which was likely associated with a 

shift in the favorable values of potential intensity and vertical wind shear.  

 In the future, TC LMI locations over the Pacific basins are not projected to shift from their 

current climate latitudinal bands. However, when the Western Pacific LMI location distributions 

are classified per 1° latitude band, a slight poleward shift of about 2° can be found (Figure 5.19). 

These results are consistent with the results presented by Kossin et al. (2014) and Kossin et al. 

(2016), which showed a half-degree poleward trend in the observed and future locations of the 

Western Pacific TC LMI (observed between 1980-2013, projected between 2077-2099). This 

poleward shift in LMI accompanies the documented shift in the average location of cyclogenesis, 

a link also discovered by Daloz and Camargo (2017). The future average location of LMI over 

the North Atlantic is expected to shift poleward by 5°, placing it between 30-34°N, squarely in 

the subtropical region. In their study, Kossin et al. (2014) found no significant observed 

poleward trends over the North Atlantic between 1980-2013.  

5.2.4 TC Lysis Location 

The locations where TCs dissipate are also subject to changes due to a warming climate. The 

annual average distributions of the location for TC lysis are shown in Figure 5.20. The 

distribution is organized per 5° latitude band, the IBTrACS observations are shown in gray, the 

MPAS current climate in blue and the MPAS future climate in red. The observed and MPAS 

current climate MPAs simulations agree regarding the TC lysis location distributions over the 

Western and Eastern Pacific basins (Figs. 5.20a, b). The future simulations over these two basins 

exhibit no poleward changes, even when the width of the latitudinal bands is reduced from 5° to 

1°. MPAS TC lysis location distributions over the North Atlantic exhibit the same poleward shift 
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observed in the TC genesis and TC LMI discussion. Best-track data indicates that the TC lysis 

location is evenly distributed within 10-60°N, whereas the current climate MPAS simulations 

shift most lysis events poleward, concentrating the bulk of the events over the 40-45°N 

latitudinal band. The future simulation shifts lysis location further poleward by about 5°N, with 

most future storms reaching lysis between 45-49°N. These changes are consistent with the 

documented poleward shifts in the North Atlantic TC genesis and LMI locations.  

5.3 Changes in Translation Speeds 

 Recent studies suggest that TCs may be experiencing a slowdown in their translation speeds 

(Kossin, 2018). Slower storms can cause more damages by remaining over impacted areas for 

longer, thus leading to more rain, flooding and wind damage. Figure 5.21 shows the annual 

average relative frequency distribution of translation speeds for tropical cyclones in 5 mph 

intervals for IBTrACS (in grey), the current climate MPAS simulations (in blue) and the future 

climate MPAS simulations (in red) over the Western Pacific (Fig. 5.21a), Eastern Pacific (Fig. 

5.21b) and the North Atlantic (Fig. 5.21c). Most observed TCs in all three basins experience 

translation speeds that range between 0-35 mph, with average values of 6-16 mph. The TCs in 

the current climate MPAS simulations exhibit similar translation speeds, with little shift between 

the observed and current climate values and between the current and future projections. These 

results suggest that the storms in the MPAS future climate simulations do not experience a 

slowdown in their translation speeds, in direct contradiction with Kossin (2018).  
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Western Pacific Eastern Pacific North Atlantic 

P-values 0.8715 0.5948 0.7277 

 

 

 
Western Pacific Eastern Pacific North Atlantic 

P-values 0.3150 0.4973 0.2024 

 

 
Median Season Length and Differences (in days/months) 

 
IBTrACS StDev Current 

MPAS 
Difference 

(Current  - 

IBTrACS) 

Future 

MPAS 
Difference 

(Future – 

Current) 

Western 

Pacific 
215/7 52/1.7 220/7.3 +5/+0.16 190/6 -30/ -1 

Eastern 

Pacific 
165/5.5 55.3/1.8 210/7 +45/+1.5 215/7 +5/+0.16 

North 

Atlantic  
170/5.5 28.8/1 181/6 +11/+0.36 210/7 +29/+1 

Table 5.1: Median seasonal duration (in ordinal days/months) in IBTrACS and in current and 

future climate MPAS simulations over the Western Pacific, Eastern Pacific and North Atlantic 

basins. 

Table 5.2: P-values for comparison between current climate and future 

climate MPAS TC Genesis location distributions. 

Table 5.3: P-values for comparison between current climate and future 

climate MPAS TC LMI location distributions. 
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6. Summary and Conclusions 

  Many studies in the past two decades have examined the potential impact of a warming 

climate on tropical cyclone (TC) activity (see Knutson et al., 2010; Walsh et al., 2016). The 

findings discussed in these review articles consistently reveal an expected decrease in global TC 

frequency, citing increases in the saturation deficit, vertical wind shear, and upper-level warming 

over the tropics (e.g. Vecchi and Soden, 2007; Hill and Lackmann, 2011; Mallard et al., 2013b). 

Researchers also found an increase in the intensity of and precipitation associated to TCs, mostly 

due to warmer SSTs throughout the world (Emanuel, 2005).  Furthermore, recent studies have 

identified potential changes in the seasonality, geographical location and translation speeds of 

TCs. Most notable among these studies are Kossin (2008), which found trends suggesting a 

longer TC season in the North Atlantic over the last three decades, and Kossin et al. (2014, 

2016), which found a potential future poleward expansion of TC activity in the Western Pacific. 

Additionally, Kossin (2018) found a decrease in the globally observed translation speeds of TCs 

over the last 67 years.  

 These results represent important steps towards a better understanding of the intersection 

between anthropogenically driven climate change and global TC activity. Nevertheless, with the 

advent of better computing and modeling resources and techniques, more can and still needs to 

be done to improve our comprehension of the changes affecting the world.  

 To that end, we employed a set of high-resolution (15-km) current and future climate model 

simulations conducted using the Model for Prediction Across Scales (MPAS, Michaelis et al., 

2018, in review) to evaluate the potential changes in future TC activity, focusing on changes to 

TC frequency, seasonality, geographical location, translation speeds, and genesis density. These 

simulations are uniquely suited for the analyses performed in this study, in part due to their fine 
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resolution over the Northern Hemisphere, which facilitates the simulation of realistic TCs, and 

because of the treatment of future sea ice. They are also run for ten years that exhibited varying 

phases of El Niño-Southern Oscillation (ENSO), helping neutralize the ENSO influence on TC 

activity and enabling more direct identification of non-natural climate change impacts.  

 Our analysis of the TCs tracked in the MPAS simulations revealed a handful of critical 

findings. Most notably, the TC frequency is found to increase over the tropical Pacific basins 

and over the North Atlantic subtropics (see Figs. 5.1, 5.14) in these MPAS runs. These results 

are in direct contrast with the discussed consensus but agree with more recent studies that also 

show global and basin-specific increases in future TC frequency (e.g. Emanuel, 2013; Bhatia et 

al., 2018). Our findings suggest that despite increasing saturation deficit and upper-level 

warming, other more favorable factors (decreased vertical wind shear and increased SST) may 

compensate and drive modest increases in activity in these MPAS runs. The compensatory nature 

of these parameters was discussed in Camargo et al. (2007a) in relation to the parameters used to 

calculate the Genesis Potential Index (GPI; Nolan and Emanuel, 2004), stating that one or two 

favorable parameters can compensate for other, less favorable conditions. The model physics 

choices made when setting up these runs could also make cyclogenesis more likely despite 

unfavorable conditions. Exploring these possibilities is outside the scope of the present study but 

open to future work.  

 The adapted version of the GPI (Emanuel, 2010) was applied to the MPAS current and future 

climate simulations. To evaluate the performance and agreement between the GPI and the 

simulated MPAS TCs, the GPI results were compared to the IBTrACS and MPAS TC genesis 

density per 5°x 5° grid box. While the units between the two datasets are not equal, the 

comparison presented here showed that the two TC metrics do not agree regarding future 
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changes in cyclogenesis. Figure 5.16 shows the GPI predicting a decrease in TC genesis over 

areas where the TC tracker found more storms in the future climate (Fig. 5.14). Testing the 

sensitivity of the future GPI to the differences in the relevant parameters showed that the 

functional dependencies used to describe the parameter contributions to the GPI (especially the 

contributions from the saturation deficit) may not be appropriate to study future climates.  

Previous studies that compare GPI to tracked TCs in models describe conflicting results. 

Camargo et al. (2007) and Camargo (2013) found little relationship between the GPI changes 

and the changes in TC activity (as shown here). They suggested that the discrepancies are related 

to the intrinsic dynamics of the tracked storms, and not to the large-scale environmental 

conditions. However, Emanuel (2013) found an increase in the global GPI and in downscaled TC 

activity, which he attributed to changes in the favorable environment. As higher resolution model 

output becomes more readily available, more work will have to be done to determine the cause 

of the discrepancy between the GPI and the TC genesis density in the MPAS future simulations. 

Insight into this inconsistency may call into question past GPI-based studies, or further prove the 

need for convection-allowing high-resolution simulations when studying tropical cyclones 

 Alongside these findings, the TC seasons in the Western Pacific and North Atlantic are 

expected to become shorter and longer by about one month, respectively. These results are 

mainly associated with changes to the start date of the seasons, which is shown to be very 

responsive to changes in vertical wind shear in each basin (see discussion in Section 5.1). The 

North Atlantic results expand on (and are consistent with) the Kossin (2008) findings, while the 

Western Pacific results coincide with Dwyer et al. (2015) future CMIP5 results, which show that 

the period between the first and last TCs in this basin is shorter in the future CMIP5 data . In 

addition to these seasonal duration changes, the latitudinal locations of activity are also projected 
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to change. Consistent with previous work, we found a 2° future poleward shift over the Western 

Pacific for both metrics (Kossin et al., 2016), and a more robust 5° poleward shift of the 

respective TC genesis, LMI and lysis locations over the North Atlantic. Results over both basins 

are significantly different using a Wilcoxon rank sum test. While the North Atlantic findings do 

not coincide with the observational results presented by Kossin et al. (2014), the link between the 

changes in TC genesis, LMI and lysis location is consistent with findings from Daloz and 

Camargo (2017). These results have wide-ranging societal and economic implications, but they 

also increase our confidence that these simulations can accurately represent the atmosphere and 

the smaller-scale phenomena that traverse it.   

  The 2017 and 2018 hurricane seasons prompted scientific inquiry regarding changes in the 

translation speeds of TCs. Kossin (2018) found that storms in the Western Pacific and North 

Atlantic basins have become 30% and 20% slower over the Western Pacific and North Atlantic 

basins during the past 67 years. In contrast, we found no projected changes in speed when we 

looked at the current and future translation speed distributions (in mph) of all simulated storms in 

each basin. Further analysis is still needed to shed light into this question.  

  In addition to the high-resolution MPAS analysis discussed here, we also used an 18-

member, four model CMIP5 ensemble to evaluate how well coarser-resolution climate models 

capture the large-scale environmental features (a summary of this evaluation can be found at the 

end of Chapter 3). We calculated the GPI changes for these ensembles and found that the future 

seasonal averages are expected to decrease over the tropics and increase over the subtropics in 

the future (see Section 4.5 for more detail). However, given the MPAS GPI findings previously 

discussed, these CMIP5 changes may not be representative of actual future changes.  
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  The results discussed here represent a crucial advancement in our understanding of how a 

changing climate may impact tropical cyclone activity, and they highlight the importance of 

using high-resolution climate models to study these changes. However, as with any study, there 

are caveats that must be acknowledged. Despite the previously described modeling advantages of 

the MPAS simulations, MPAS is not coupled to an ocean model, convection is parameterized 

and not explicitly represented, and only one emissions scenario and one period of the twenty-first 

is used to force the future climate simulations (the RCP 8.5 emissions projection, between 2080-

2100). Furthermore, we only use one set of criteria to track our storms, we only study the results 

of one TC genesis index and only evaluate the changes in the environmental parameters directly 

related to that genesis index. 

 Despite these limitations, we feel that the scientific questions posed at the start of this study 

were answered as follows: 

- Future TC seasons in the North Atlantic may start in early May and last until November. 

This would represent an extension of the Atlantic hurricane season. Over the Western 

Pacific, the active TC season is expected to start later, causing the active season over the 

basin to become shorter. 

- The locations where storms form, reach their maximum intensity, and dissipate over the 

North Atlantic may experience a 5° poleward shift, consistent with more favorable 

vertical wind shear conditions.  

- In these MPAS simulations, future TC did not show a decrease in translation speeds.  

- The MPAS GPI results do not agree with the future TC genesis density findings. This 

discrepancy could be indicative of problems with the GPI or the model physics in non-

convection-allowing models when studying alternative climates.  
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 This investigation leaves many potential avenues of study open for future research. Future 

studies could examine changes in TC size, lifetime duration, and track density in the MPAS 

simulations. More work could also be done when studying the potential changes in TC 

translation speeds. Further analysis could be conducted into the simulation of tropical 

transitioning cases in this dataset, with a focus to study the performance of the alternative 

cyclogenesis temperature threshold proposed by McTaggart-Cowan et al. (2015). Additional 

work could also be done to reformulate the current GPI equations to better fit future TC activity, 

paying special attention to the saturation deficit.  
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